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CHAPTER 1

What Is Data-
Intensive Science?

Terence Critchlow and Kerstin Kleese van Dam

CONTENTS
1.1 A Vision for the Future of Science 2
1.2 Organization of This Book 6
1.2.1 Section 1: Data-Intensive Grand Challenge Science
Problems 7
1.2.2 Section 2: Case Studies 8
1.2.3 Section 3: From Challenges to Solutions 10
References 13

Today, we are living in a digital world where scientists often no longer
interact directly with the physical object of their research but do so via
digitally captured, reduced, calibrated, analyzed, synthesized and, at
times, visualized data. Advances in experimental and computational
technologies have led to an exponential growth in the volume, variety, and
complexity of data and although the deluge is not happening everywhere
in an absolute sense, it is in a relative one. Science today is data intensive.
Data-intensive science has the potential to transform not only how we do
science but also how quickly we can translate scientific progress into com-
plete solutions, policies, decisions, and ultimately economic success.
Critically, data-intensive science touches some of the most impor-
tant challenges we are facing today. Consider a few of the grand chal-
lenges outlined by the U.S. National Academy of Engineering: make solar
energy economical, provide energy from fusion, develop carbon seques-
tration methods, advance health informatics, engineer better medicines,
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2 m Data-Intensive Science

secure cyberspace, and engineer the tools of scientific discovery. Arguably,
meeting any of these challenges requires the collaborative effort of trans-
disciplinary teams and also significant contributions from enabling data-
intensive technologies. Indeed, for many of them advances in data-intensive
research will be the single most important factor in developing successful
and timely solutions. Simple extrapolations of how we currently interact
with and utilize data and knowledge are not sufficient to meet this need.
Given the importance of these challenges, a new, bold vision for the role
of data in science, and indeed how research will be conducted in a data-
intensive environment, is evolving.

1.1 A VISION FOR THE FUTURE OF SCIENCE

Mainstream data-intensive science has so far focused on addressing the
basic needs of the community. The 2008 update to the road map of the
European Strategy Forum on Research Infrastructures (ESFRI) identifies,
for the first time, not only the need for leading-edge experimental and com-
putational facilities to drive future scientific progress but also the importance
of an underpinning e-infrastructure consisting of integrated communica-
tion networks, distributed grids, high-performance computing (HPC), and
digital repositories components. ESFRI further states that data in their vari-
ous forms (from raw data to scientific publications) will need to be stored,
maintained, and made available and openly accessible to all scientific com-
munities. They are placing a new emphasis on digital repositories as places
to capture and curate scientific data for the good of both science and the
economy. Similarly, Gordon Bell, in The Fourth Paradigm (Hey et al. 2009,
p. xiii), describes three pillars of data-intensive science as “capture, cura-
tion, and analysis.” Intellectual and technological progress in these areas
has particularly been driven by centers of excellence, large-scale long-term
infrastructure projects, and organizations with visionary leadership and
an in-depth understanding of data-intensive sciences. Some key examples
for international centers and projects are UK Data Curation Centre (http:/
www.dcc.ac.uk/), the SciDAC Scientific Data Management Center (Scientific
Data Management, Shoshani, 2009), the Earth Systems Grid and its inter-
national partners (The Earth System Grid: Supporting the Next Generation
of Climate Modeling Research, Bernholdt et al. 2005), e-Infrastructure
for Large Scale Experimental Facilities (ICAT: Integrating Infrastructure
for Facilities Based Science, Flannery et al. 2009), and the Biomedical
Informatics Research Network (http://www.birncommunity.org/). These
projects have clearly demonstrated the potential of data-intensive science
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technologies; however, the report Data-Intensive Research Theme (Atkinson
et al. 2010, p. 1) notes, “Current strategies for supporting it demonstrate the
power and potential of the new methods. However, they are not a sustainable
strategy as they demand far too much expertise and help in addressing each
new data-intensive task.” This and other recent publications (Strategy for a
European Data Infrastructure, Koski et al. 2009; Data Intensive Science in
the Department of Energy, Ahrens et al. 2010) clearly show the community
consensus that more generalized, easy-to-use solutions need to be devel-
oped to make possible a more widespread use of these basic data-intensive
technologies. Thought leaders are also pointing out that although current
developments of infrastructure surrounding the management of data con-
tinue to be important, it is time to go beyond these basic approaches and
focus on the data itself—developing the means to transform data into an
infrastructure in its own right.

Increasingly, societal challenges such as securing a sustainable energy
future, improving health, or mitigating and adapting to climate change
require the timely and effective integration of research results from and
the development of new insights that are shared between transdisciplinary
research teams. New insights need to be effectively communicated not
only between scientists but also to both industry innovation drivers and
policy and decision makers to drive progress in addressing these chal-
lenges. Research infrastructures of the future will therefore need to enable
the effective access and exchange of knowledge in transdisciplinary teams
across different levels of theory, different research methodologies, differ-
ent disciplines, and different levels of experience. Understanding the driv-
ers and hurdles of collaboration and knowledge exchange in innovative
research communities and addressing these effectively within an IT infra-
structure will be critical for the success of any such infrastructure.

For example, policy and decision making, in response to climate change,
will require both economic and environmental trade-offs. Decisions about
allocating scarce water across competing municipal, agricultural, and eco-
system demands is just one of the challenges in this scenario, along with
decisions regarding competing land use priorities such as biofuels, food,
and species habitats. To be able to address this challenge, policy makers
will look toward inter- and multidisciplinary science teams to provide the
required underpinning information. These teams might need to couple
regional climate models with a regional model of human decision mak-
ing that considers energy and land use from a socioeconomic perspec-
tive. They might also want to integrate this system with detailed models of
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agriculture and energy infrastructures so that they can see in detail how
the future landscape might change. In this way, researchers provide deci-
sion and policy makers with evaluations of different options. For exam-
ple, a plan to boost renewable energy in a region could evaluate the likely
locations for growing biofuel crops or the potential for wind resources
in the future, taking into account both the future climate (will there be
enough water, enough wind?) and the socioeconomic context (How many
people will there be? What will the regional demand for energy be? What
other resources are available for energy?). One can assume that particular
effort will be extolled on evaluating the uncertainty associated with such
modeling as well as the underpinning data, ensuring that the quality and
uncertainty of the results is appropriate for the level of decision making
required.

As the aforementioned examples demonstrate, the ability to transfer,
utilize, and synthesize knowledge across scales, techniques, and disciplines
will crucially influence the speed at which necessary complex insights can
be acquired and translated into tangible policies and solutions. Equally
important will be furthering collaboration and vigorous scientific engage-
ment and exchange between scientists and other stakeholders, helping to
break down traditional boundaries and gathering people around a common
cause. Data as an infrastructure and a tool for scientific discovery can play a
pivotal role. It can help to effectively validate or reject theories and scenarios
within and across scientific domains, integrate and transfer knowledge in
data-rich environments with diverse stakeholders, and facilitate collabora-
tion around common interests, allowing for experimenting in data.

Enabling experimenting in data would allow scientists to develop com-
plex in situ scenarios in which they can collaborate as teams, ad hoc or
asynchronous (reusing previous results), to test their hypotheses by using
predominantly digital sources. Such scenarios might include exchanging,
combining, and manipulating data from multiple, very heterogeneous
sources in real time and analyzing these with a combination of integrated
methods from different domains; the results might be utilized to evaluate
a hypothesis directly or be integrated to drive other experimental or com-
putational research scenario evaluations. Data as an infrastructure would
enable scientists to contribute their own expertise relevant to the context
of an experiment, synthesize their findings with contributions from oth-
ers, and subsequently enrich their own research through the new impulses
gained by working with scientists from other domains. Therefore, experi-
menting in data would permit multidisciplinary teams to gain faster and



What Is Data-Intensive Science? m 5

more in-depth insights into the chosen problem space by pooling their
combined knowledge to provide more complete information to all, thus
increasing the speed and quality of each of their individual and combined
research.

For such a new approach to be useful to researchers, it is important
to take into account that scientific research and collaboration is very
much context and trust driven and that personal contact and in-depth
knowledge of technologies and people are critical factors in the uptake
of new research methodologies. When the utilization of a new technique
or discipline is considered, the existing mental model of the current
research domain is extended as knowledge grows, linking and placing
new experiences in context to existing knowledge and understanding.
The new generation of multidisciplinary data needs to emulate and sup-
port this process as effectively as possible by providing information and
environments tailored to individual researchers and their experience and
expertise. Data as an infrastructure would enable experimenting in data
across scales, techniques, and disciplines not only by providing the raw
information required but also by engendering trust through providing
the means to vet the contribution of others and control the utilization
of one’s own research by others; furthermore, it would encourage the
integration of different insights by adopting principles from cognitive,
behavioral, motivational, and educational sciences in its implementation
and delivery.

Providing scientists with a rich tapestry of information regarding cur-
rent research processes would enable queries to be formulated with ontol-
ogy support weighted by personal experience (research subject) to restrict
answers to relevant results. Answers could be drawn from a multitude of
sources: from raw and derived data; publications enhanced by auxiliary
information from blogs, wikis, web pages, Twitter, RSS feeds; and other
social networking sources categorized in terms of evaluated links. Where
possible, data sets would not only reference the authors but also provide
access to their publication lists (those linked to the data set highlighted),
curricula vitae and, similar to LinkedIn or Xing, information on whether
one knows them, is linked to them via other collaborators, or has used
their work before and had rated it as good material or not. If there are
further questions, one would be able to contact them via various instant
media if the person has allowed this.

Scientists need to be able to easily choose and vet available types of
data (produced by suitable techniques, from reputable sources, i.e.,
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repositories or latest research results) weighted by appropriateness for this
type of experiment (preferred type), and its quality and appropriate level
of uncertainty. If an identified data source is too big or too complex for
immediate appraisal, directed data mining tools should be offered, as well
as tools for the extraction of required subsets or features for further anal-
ysis. Enabling the combination of multisource data will require scalable
techniques to identify and specify which features are contributed from
a particular data source to the overall experiment, for example, chemi-
cal composition, structure, particular reaction determination, environ-
mental interaction, property refinement, or a higher level abstraction of
particular features to be fed to next higher process level. Researchers will
need access to adaptable, scalable analysis methods that can deal not only
with the complexity and volume of data in data-intensive research envi-
ronments but also deliver the results in real or near real time where the
results are required to influence time-critical decisions or fast interchange
of information, that is, between simulation codes or people.

Data-intensive technologies have become an essential foundation in
many different domains for sustainable progress in research and inno-
vation. To address society’s most pressing challenges, the community
will need to move beyond one-off solutions and make the usage of data-
intensive technologies a mainstream scientific research methodology on
par with observational, experimental, and computational techniques.
Data as an infrastructure needs to become ubiquitous and transcend levels
of theory, research techniques, and disciplinary boundaries, thus acting
as both an integrator and a facilitator of collaborative working. Realizing
this vision will depend on technological advances and even more so on
our ability to take the research community along on the journey, helping
them to welcome and actively participate in the change and realize the
opportunities it will offer.

These are daunting goals that have been espoused for over a decade;
however, the advancement and convergence of several domains indicate
that the community has reached such a maturity level of thought and
technology that this goal may become achievable over the coming decade.

1.2 ORGANIZATION OF THIS BOOK

Over the past five years, the amount of information, in particular digital
information, has increased exponentially. Chapter 2, “Where Does All the
Data Come From?” frames the opportunities that are presented by data-
intensive science and discusses why science is becoming data intensive at
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this point in history. It also describes some of the key sources of this infor-
mation—from images and videos to sensitive scientific instruments and
to blogs and social networks—and how all of this information can be used
to make significant advances in science, if only we can figure out how to
use it effectively.

The remainder of this book is organized into three sections, roughly
corresponding to a high-level data-intensive-science workflow: (1) under-
standing the science problems, (2) understanding current capabilities, and
(3) moving from current challenges to solutions. Although we believe this
is the most intuitive presentation, given the breadth of material being pre-
sented it is unlikely that reading the book cover to cover, in order, would
be an approach well suited to most reader’s motives. Thus, we encourage
the reader to skip those chapters that fall outside their current motivation
and focus on those that are most relevant to them, returning to the other
chapters as interest dictates. To aid in this process, the rest of this chapter
provides a high-level introduction to each of the remaining chapters.

1.2.1 Section 1: Data-Intensive Grand Challenge Science Problems

Over the past several years, a number of groups, including the National
Academy of Engineering, have identified grand challenge problems facing
scientists and engineers around the world. While addressing these problems
will have a global impact, solutions are years away at best and the next set
of challenges are likely to be even harder to solve. Because of the complex-
ity of questions being asked, meeting these challenges requires large, mul-
tidisciplinary teams to work closely together for extended periods of time.
Enabling this new type of science, involving distributed teams that need to
collaborate despite vastly different backgrounds and interests, is the corner-
stone of data-intensive science. This section presents four disciplines, each
facing their own grand challenge problems, selected to highlight the breadth
of the problems being faced. Each chapter shows a vision for the future of the
respective discipline and describes how technology is expected to enable it.

o Chapter 3, “Large-Scale Microscopy Imaging Analytics for In Silico
Biomedicine™ over the past few years, advances in medical treatments
have been developing hand in hand with I'T. Pharmacies regularly use
software solutions to minimize the potential for drug interactions,
x-rays are digital (not film), and doctors use robotics to perform sur-
geries that would be impossible for an unaided human to perform.
From genetically customized medications to secure but accessible
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health records and from computer-aided surgery to computer-aided
monitoring of patients, advances in medicine and health care will be
closely tied to technology in the foreseeable future. This chapter looks
at how data-intensive science will continue the health-care revolution.

o Chapter 4, “Answering Fundamental Questions about the Universe™:
understanding the universe, how it started, our place in it, and
whether or not we are alone has been a quest for humankind for thou-
sands of years. Beyond philosophical questions, however, astrophys-
ics provides keen insights into practical problems such as nuclear and
fusion energy. Currently, there is significant disconnect between the
observational and computational branches of the science, without
significant collaboration or data sharing occurring between differ-
ent science teams. As this chapter outlines, in the future these teams
will be active collaborators, with observation feeding computational
experiments that in turn identify new events to look for.

« Chapter 5, “Materials of the Future: From Business Suits to Space
Suits™ to create novel materials that have super properties, experi-
mentally validated and numerically verified multiscale theoretical/
computational models need to be created as trial-and-error methods
will not produce the next genre of materials. To provide a funda-
mental understanding for directing and controlling matter starting
at the quantum, atomic, and molecular levels to achieve novel physi-
cal and thermo-chemo-mechanical properties, particularly under
extreme environments, one must also be driven by the requirements
at the largest length scales in terms of the boundary value problem
requirements. The idea is to develop experimentally validated com-
putation enabling technologies to allow the design and synthesis
of new, revolutionary forms of structures with tailored properties
particularly when characterizing and quantifying the structure-
property relations at different length scales is usually far away from
equilibrium. As described in this chapter, a cyberinfrastructure that
hosts the repositories of codes, models, data, and tutorials is required
to facilitate these advancements.

1.2.2 Section 2: Case Studies

Although the focus of this book is on the future of data-intensive science, it
is important to realize that significant work is already underway attempt-
ing to realize this future. This section briefly highlights three projects that
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have made significant strides in advancing the state of the art in data-
intensive science. This is not intended to be a survey of current projects
or of the field at large but rather to provide some insight into current best
practices.

o Chapter 6, “Earth System Grid Federation: Infrastructure to Support
Climate Science Analysis as an International Collaboration™ for
decades, the climate research community has sought a predic-
tive understanding of the Earth’s climate system (i.e., atmosphere,
oceans, land, and sea ice) and has applied this understanding to
assessments of anthropogenic impacts on climate. To support such
investigations, a global, community-based data infrastructure capa-
ble of managing access to and analysis of numerical model outputs,
observations, and climate data reanalyses is needed. To this end, the
Earth System Grid (ESG) project, funded by the U.S. Department
of Energy’s Office of Science, has created a federated, distributed
production infrastructure for the interchange of data and informa-
tion. The international organization Global Organization for Earth
System Science Portals has adopted and expanded these concepts to
implement a global system known as the ESG Federation, which is
described in Chapter 6.

« Chapter 7, “Data-Intensive Production Grids™ the high-energy phys-
ics community regularly pushes the boundaries of both physics and
computer science in its experiments. The EGEE the LHC interna-
tional computing infrastructure is no exception, with the goal of the
facility to identify new particles and increase our understanding of
matter and energy. Chapter 7 will explore the use of grid infrastruc-
ture to support these demanding environments, paying particular
attention to authentication issues, communication networks, and
the rapid analysis of extremely large sensor data.

o Chapter 8, “EUDAT: Toward a Pan-European Collaborative Data
Infrastructure™ science and research communities from a wide
range of scientific fields are faced with increasingly large amounts
of relevant data that stem from new sources such as powerful new
sensors and scientific instruments used in analyses, experiments,
and observations as well as growing volumes of data from simula-
tions and the digitization of library resources. This chapter describes
EUDAT, a new European initiative that will deliver a collaborative
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data infrastructure with the capacity and capability for meet-
ing future researchers’ needs in a sustainable way. Its design will
reflect a comprehensive picture of the data service requirements of
the research communities in Europe and beyond. This will become
increasingly important over the next decade as we face the challenges
of massive expansion in the volume of data being generated and pre-
served and the complexity of that data and the systems required to
provide access to it.

1.2.3 Section 3: From Challenges to Solutions

This section is the heart of the book and describes how we expect to move
into a research environment where data-intensive science is standard
practice. Each of the eight chapters in this section focuses on one or more
components in the data-intensive science environment and how they
need to work together to provide the infrastructure required to enable
community-scale scientific collaborations.

 Chapter 9, “Infrastructure for Data-Intensive Science: A Bottom-Up
Approach™ the distributed nature of data-intensive science requires
effective and efficient data transfer capabilities in order to support
international collaborations. This chapter presents a bottom-up view
of the infrastructure needed to efficiently move large data sets based
on the authors’ years of operational experience as infrastructure pro-
viders engaged in the design, deployment, and operation of networks
tailored for science applications. Networks built for science differ in
several ways from those built for other applications. However, just as
networks are critical for the successful operation of a modern busi-
ness enterprise, so too are they critical for data-intensive science.
This chapter describes the key aspects of network infrastructure that
are critical for successful data-intensive science.

« Chapter 10, “A Posteriori Ontology Engineering for Data Driven
Science”™ science has a rich tradition in categorical knowledge man-
agement. This continues today in the generation and use of ontolo-
gies. Unfortunately, the link between hard data and ontological
content is predominately qualitative, not quantitative. The usual
approach is to construct ontologies of qualitative concepts and then
annotate the data to the ontologies. This process has seen great value,
yet it is laborious and predominantly unquantified as to how well the
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ontologies are managing and organizing the full information con-
tent of the data. An alternative approach is the converse: use the data
itself to quantitatively drive ontology creation. Under this model,
one generates ontologies at the time they are needed, allowing them
to change as more data influences both their topology and concept
space. This chapter outlines two approaches to achieve this, the first
using the mathematical approach of formal concept analysis and
the second using the semantic web approach of the web ontology
language.

Chapter 11, “Transforming Data into the Appropriate Context™
once relevant data is identified, it must be transformed into the right
context for it to be usable. These transformations crucially rely on
both the structure and the semantics of the data. Top-down solu-
tions to this data integration problem—global ontologies, sche-
mas, standards—are incomplete. There will always be data that is
not “born into compliance” that needs to be integrated post hoc.
Consider search engines: Google and Bing do not refuse to index
sources that are not compliant with HTML 5.0 and neither should sci-
ence refuse to consider, say, Earth science data that is not compliant
with Open Geospatial Consortium (OGC) standards. This chapter
explores these issues, emphasizing bottom-up, “pay-as-you-go”
approaches that can provide minimal services (i.e., cataloging) over
all data and more sophisticated services (i.e., structured query) over
well-structured, metadata-equipped data.

Chapter 12, “Bridging the Gap between Scientific Data Producers
and Consumers: A Provenance Approach™ data-intensive science
often requires computational processing to occur on grids, across
distributed services, and in parallel on HPC machines. This creates
a challenge when recording the derivation of digital objects such
as data sets produced by distributed scientific processes. However,
maintaining this information is critical for ensuring the reproduc-
ibility of experiments and providing sufficient context to make the
experimental results useful to others. This chapter explores the cur-
rent state of the art in maintaining data provenance.

Chapter 13, “In Situ Exploratory Data Analysis for Scientific
Discovery™ multidisciplinary teams must interactively engage in
analysis, exploration, and experimentation against data. Exploratory
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analysis against heterogeneous; distributed; and, in some cases, large,
complex data will require new parallel/distributed analytical meth-
ods, algorithms, and architectures. In many cases, applications can be
easily parallelized by constructing indexes across massive numbers
of distributed commodity processors and using informatics tech-
niques such as MapReduce to support data-intensive computation.
However, many scientific applications cannot be formulated in this
way. Recent collaborative work by the scientific computing and
social media communities in extending traditional mathematical
and statistical tools, that is, algebraic operations, spectral methods,
and numerical techniques, will be essential. As outlined in this chap-
ter, enabling scientists to perform in situ experimentation, in which
a hypothesis can be effectively tested, will require advances in data
analysis to fully utilize the vast amount of multimodal data available.

o Chapter 14, “Interactive Data Exploration™ sometimes, scientists are
not exactly sure about what they are looking for. Instead of trying to
prove or disprove a hypothesis, they are simply trying to understand
the available information. In these cases, a guided interactive explo-
ration of the data may be more useful than a predefined analysis. The
sheer amount of information available requires advanced tools to
identify relevant information while filtering out the rest. Although
methods have been found to search certain types of information
sources, for example, Google for the World Wide Web, we do not
have the means to search everything at once and do so in a mean-
ingful and timely way. This chapter explores approaches for effective
interaction with these diverse data sets.

« Chapter 15, “Linked Science: Interconnecting Scientific Assets™ once
new insight is obtained, it needs to be effectively disseminated to the
broad research community so that others may build on the results.
The increasing use of digital documents means that not only can the
final paper be disseminated but also the data and analysis workflows
can be effectively distributed. This will greatly enhance the value of
the results since the process will have much greater transparency.
Since data-intensive science is inherently an in silico analysis, this
dissemination must ensure scientific reproducibility, a key tenant of
science. Furthermore, as observational data ceases to have a physi-
cal representation, it is critical that this information (e.g., recordings
of supernovae) is available to future generations. Ensuring that this
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is the case is a significant challenge given the pace of technological
evolution (who can still read Microsoft Word 1.0 documents?). This
chapter explores approaches for sharing and preserving digital sci-
entific records.

The short, final chapter in this book (Chapter 16) summarizes the com-
mon themes presented in the previous sections, reiterating the key mes-
sages and placing the recurrent themes in context.
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2.1 INTRODUCTION

The data deluge [1] is all around us, and this book describes the impact
that this will have on science. Data are enabling new discoveries using
a new—the fourth [2]—paradigm of scientific investigation. This chapter
provides an overview of the diverse nature of the data driving the fourth

paradigm with the data’s richness of size, variety of characteristics, and
need for computational processing. New fields are being born from, for
example, the study of tweets and the acceleration pace of changes in
previously quiescent ice sheets. Other fields such as earthquake predic-
tion cry out for new observations to improve forecasting. Areas such as
genomics and the search for fundamental particles at the Large Hadron
Collider (LHC) drive the main stream of the field with many petabytes of
data derived from advanced instruments. The deluge and its impact are
pervasive.

Data born digital comes in many sizes and shapes and from a vast range
of sources—even in our daily lives, we create a massive amount of digital
information about ourselves and our lives. We do this by shopping with
credit cards, using online systems, social networking, sharing videos,
capturing traffic flow, measuring pollution, using security cameras, and
so on. In addition, in health care, we now routinely create digital medical
images as part of an “electronic health record.” In this chapter, after look-
ing briefly at the explosion of digital data and devices that are impacting
our daily lives, we shall focus on some examples of the scientific data del-
uge. We anticipate that some of the tools, techniques, and visualizations
that are now being used by scientists to explore and manage their chal-
lenging data sets will find their way into business and everyday life—just
as was done with creation of the web by Tim Berners-Lee and the particle
physics community. In our focus on scientific data, it is important not to
ignore the digital aspects of the social sciences and the humanities, which,
although physical artifacts still play an important role in research, are
becoming increasingly digitally driven.

Scientific research creates its data from observations, experimenta-
tion, and simulation, and, of course, the outputs of such research include
files and databases as well as publications in digital form. These tex-
tual publications increasingly need to be linked to the underlying pri-
mary data and this links the discussion of everyday data including web
pages in Section 2.2 with the scientific data in Sections 2.3 through 2.5.
Sections 2.6 and 2.7 note that all these data are useless unless we can label,
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sustain, and process it. Data are naturally refined at each step of the anal-
ysis, and rather than distinguishing different levels such as observation
(raw data), data, information, knowledge, and wisdom, we use the generic
term “data” in this chapter.

2.2 AN EXPLOSION OF DATA IN OUR LIVES

A recent report by McKinsey Global Institute [3] indicates that there are
30 billion pieces of content shared on Facebook every month, that the U.S.
Library of Congress had collected 235 TB of data by April 2011, and that 15
out of 17 sectors in the United States have more data stored per company
than stored by the U.S. Library of Congress. The future only sees this con-
tent increasing, with a projected growth of 40% in global data generated
by commerce and individuals per year. The McKinsey report estimates
that globally, enterprises stored more than 7 exabytes (EB) of new data on
disc drives in 2010, comprising data generated through interactions with
a customer base and data supporting the provision of services through the
Internet. Individuals stored a similarly impressive amount—more than
6 EB of new data on home and hand-held devices.

The report also shows that there are over 30 million networked sensors
deployed in the transportation, industrial, retail, and utilities sectors and
that this number is increasing by more than 30% per year. We will return

to the issue of sensor data later as we look in more detail at the Smart Grid
and oceanographic examples of data collection.

It is a truism to say that the Internet has changed everything—today
our lives are often as much digital as physical. Our collaborations and
friendships are as likely to be virtual as being based on real, physical,
face-to-face encounters and the management of our lives—be it banking,
house utilities, health, or car insurance—is increasingly dominated by
networked systems and online commerce.

The August 2011 Verisign report [4] indicates that by the end of second
quarter 2011, there will be over 215 million domain name registrations—
an increase of 8.6% over the previous year. It notes that the largest top-
level domains in terms of base size were, in order, .com, .de (Germany),
.net, .uk (United Kingdom), .org, .info, .nl (Netherlands), .cn (China), .eu
(European Union), and .ru (Russian Federation). Figure 2.1 shows the
breakdown.

Using this information, The Next Web [5] estimates the number of pages
on the web to be between 42 and 121 billion, a 21% increase from 2008.
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Total domain name registrations
Source: Zooknic, April 2011; Verisign, May 2011
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FIGURE 2.1 (See color insert.) Breakdown of top-level domains over five
quarters. (Verisign, The Domain Name Industry Brief, The Verisign Domain
Report, August, 2011, 8, 3.)

There is an estimate of 45-50 billion for the indexed World Wide Web [6].
Verisign also reports that in the last decade, the number of Internet users
hasincreased by 500%. It is notable, however, that this growth is nothomog-
enous globally. Certain international regions are exploding in their use of
the Internet. For example, a decade ago, Africa had less than 5 million
Internet users; it now has more than 100 million. The report also estimates
that in 2010, less than 40% of Internet users were English speaking.

Social use of the Internet is generating content constantly and in ever-
increasing amounts. Search Engine Watch [7] includes some interesting
statistics on YouTube, the video sharing community site. In 2010, more
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than 13 million hours of video were uploaded to the site; in 2 months
(60 days), more videos were uploaded than had been created in six decades
by the three major networks (ABC, CBS, and NBC). By May 2011, more
than 48 hours of video were being uploaded per minute, and YouTube had
surpassed three billion views per day.

The GreenPeace report, “How clean is your data?” [8] demonstrates that
1.2 zettabytes (ZB) of digital information has been generated by tweets,
Facebook—where over 30 billion pieces of content are shared each month,
e-mails, YouTube, and other social data transfers. The use of these social
network and related tools is beautifully illustrated by JESS3 [9] in Figure 2.2.

Flickr, the photo-sharing site, now hosts over four billion images. These
images are generally family photographs, holiday snaps, and the like.
However, the increasing demand for digital image storage is a growing

5 JESS3
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FIGURE 2.2 (See color insert.) The geosocial universe.
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concern as we turn to health care and the medical images that are now
a standard part of our health care systems. Medical images are created
in many forms and for a broad range of diagnostic reasons. They include
magnetic resonance imaging, digital mammography, positron emission
tomography (PET), and x-ray computed tomography (CT). Together, these
images amount to over 20,000 TB of data; a single CT study consists of
sixty-four 512 X 512 X 16 bit images and can correspond to as much as tens
or even hundreds of megabytes. In the case of mammography, the size of
digital data collected is approximately 200 MB per examination.

Ninety-six percent of radiology practices in the United States are film-
less, and Table 2.1 illustrates the annual volume of data across the types
of diagnostic imaging [10]; this does not include cardiology, which would
take the total to over 10? GB (an exabyte).

The image repositories required to store medical images are more com-
plex than those required to store photos on Flickr—the data are more
complex, there are often diverse user access requirements, and a need
to search and analyze the data in collections according to particulars of
an individual or to a specific disease type. The National Cancer Institute
maintains a survey of biomedical imaging archives [10], but the terabytes
listed there are only the tip of the iceberg.

There are also other considerations addressing the management
of medical images. In the United States, providers must meet Health
Insurance Portability and Accountability Act regulations that require a
data backup plan and disaster recovery plans. BridgeHead Software, that

TABLE 2.1  Types and Features of Radiology Data

Part B Total Annual
non- All All Per Ave Data
HMO  Medicare Population 1000 Study  Generated
Modality (million) (million) (million) Persons Size (GB) in GB
CT 22 29 87 287 0.25 21,750,000
MR 7 9 26 86 0.2 5,200,000
Ultrasound 40 53 159 522 0.1 15,900,000
Interventional 10 13 40 131 0.2 8,000,000
Nuclear 10 14 41 135 0.1 4,100,000
medicine
PET 1 1 2 8 0.1 200,000
X-ray, total incl. 84 111 332 1,091 0.04 13,280,000
mammography
All diagnostic 174 229 687 2,259 0.1 68,700,000

radiology
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describes itself as a Healthcare Storage Virtualization company, found
the top IT spending priorities of hospitals for 2010 were disaster recovery
(44%), picture archiving and communication systems (38%), and digitiz-
ing paper records (35%) [11]. In addition, each state in the United States has
its own medical record retention rules, typically for a minimum of 7 years.

Our actions in everyday life are captured by sensors of many kinds—
pollution sensors in cities, cctv throughout many public places, and
increasingly, by new technologies such as Smart Grids for electricity [12].
Smart Grids are a relatively new approach to energy management. A Smart
Grid is generally an energy network that incorporates information tech-
nology to allow real-time management of the energy generation and distri-
bution using two-way communication between generators and end-users.
In the United Kingdom, the Department of Energy and Climate Change
have set about rolling out smart meters across the United Kingdom [13]
and it is anticipated that by 2019, 50 million smart meters will have been
installed. The likely data generated and collected from these meters
includes 12 readings per hour at 50 bytes per reading, which, together with
the system monitoring tools, will create gigabytes of data each. The chal-
lenges for the Smart Grid are not only technical—how to store and analyze
such data—but also raise issues of security and policy. How will the data be
kept private? How long will it be kept for? How much data should be kept
locally versus centrally? And of course the telecommunications networks
required to implement such capabilities are not generally readily available.
However, the move to Smart Grids is global and as microgeneration of
electricity increases through local renewable energy schemes, the require-
ments for Smart Grid technologies will only increase [14].

Finally, an IDC report [15] titled “The 2011 Digital Universe Study:
Extracting Value from Chaos” estimates that in 2011 the total volume
of information created and replicated “will surpass 1.8 ZB (1.8 trillion
gigabytes)—growing by a factor of 9 in just five years.” The report esti-
mates that 75% of this digital content will be created by individuals. The
report also estimates that the number of files is growing even faster than
the information itself and attributes this rapid growth to the increasing
number of embedded systems now generating data.

2.3 RESEARCH DATA FROM OBSERVATIONS
2.3.1 Astronomy: The Square Kilometer Array

At the present time, hundreds of astronomers, computer scientists, and
technology engineers across the globe are designing the next-generation
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radio telescope—the square kilometer array (SKA) [16]. It is anticipated
that construction of the first phase of the telescope will begin in 2016
with the full telescope completed and in operation by 2022. The decision
where to locate the SKA will be made in 2012, and it is likely be located
in either Australia or South Africa, in a desert so as to have little or no
interference, but will be a collaborative effort involving over 50 groups in
19 countries.

The present design [17-20] has a combination of aperture arrays in
the core and up to 3000 phased array feeds on dishes giving a collecting
area of approximately 1 km?, with receptors extending out to a distance
of 3000 km from the center of the telescope (Figure 2.3). The SKA will
have a sensitivity of more than 50 times that of existing telescopes and
10,000 times the survey speed. It is intended to provide data to answer
fundamental questions about gravitation and magnetism, galaxy forma-
tion, and even the question of life on other planets. The design of the SKA
is developing through studies based on the science requirements and on
a number of SKA “Pathfinder” projects that provide experience of design
options and technology capability considerations.

The SKA provides an enormous information technology challenge with
atypical data rate from each dish antenna on the order of 100 GB-s~! aggre-
gating to over 100 TB-s~! [18] and with a need for exaflop-scale computa-
tion [21] for postprocessing. The IT infrastructure required to support the
science at the SKA will range from real-time capability to transport and
analyze the data at these high-data rates together with the capacity to store
and “publish” the data for later analysis and interpretation by the global
astrophysics community. The computational systems will likely range

Array stations
.
.

200 km

FIGURE 2.3 Possible configuration of SKA and artist’s impression of the
SKA core. (The Square Kilometre Array, Precursors, Pathfinders and Design
Studies [accessed 2011 November 4], Available from: http://www.skatelescope
.org/the-organisation/precursors-pathfinders-design-studies/.)
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from specifically designed field-programmable gate array-like units to
exascale computing systems and Cloud data centers. The communications
infrastructure will range from high-bandwidth intra-chip and inter-chip
connections on a high-performance computing system to trans-oceano-
graphic data transmission optical fibers supporting data rates of at least
100 Gb-s~!. The SKA will succeed or not depending on both the physical
implementation of the telescope design and the software infrastructure
that will enable it. The software infrastructure required to realize this
information technology challenge has been identified as >2000 person
year task [22], but even this may not take full account of the complexity
of the task.

2.3.2 Astronomy: The Large Synoptic Survey Telescope

The large synoptic survey telescope (LSST) [23] is the most ambitious sur-
vey currently planned in the optical part of the electromagnetic spectrum.
The LSST is driven by four main science themes: probing dark energy and
dark matter, taking an inventory of the solar system, exploring the tran-
sient optical sky, and mapping the Milky Way. It will be a large, wide-
field ground-based telescope designed to obtain multiple images covering
the sky that is visible from Cerro Pachén in Northern Chile. The current
LSST design has an 8.4 m (6.7 m effective) primary mirror, a 9.6 deg? field
of view, and a 3.2 gigapixel camera. This will allow about 10,000 deg?® of
sky to be covered using pairs of 15 second exposures twice per night,
every three nights on average. The system is designed to yield high image
quality as well as high astrometric and photometric accuracy. The total
survey area will include 30,000 deg? and will be imaged multiple times
in six bands covering the wavelength range 320-1050 nm. The project is
scheduled to begin the regular survey operations before the end of this
decade. About 90% of the observing time will be devoted to a deep-wide-
fast survey mode that will uniformly observe an 18,000 deg? region about
1000 times (summed over all six bands) during the anticipated 10 years of
operations. These data will result in databases including 10 billion galaxies
and a similar number of stars and will serve the majority of the primary
science programs [24,25].

In terms of numbers, LSST will handle 15 TB of raw scientific image
data each night. The final image data archive is estimated to have around
200 PB of data. It is estimated that the project will require a sustained
petaflop/s computing capability and, of course, significant local pro-
cessing power in Chile and very high bandwidth connection to the U.S.
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archive site. The project plans to use SciDB, a novel open source database
system that is optimized for scientific data management of “big data” and
for “big analytics” [26].

2.3.3 Earth Observation Data

NASA’s Earth Observing System Data and Information System (EOSDIS)
[27] manages and distributes data products through its Distributed Active
Archive Centers (DA ACs). Each DAAC processes, archives, documents, and
distributes data from NASA’s past and current research satellites and field
programs. Each center serves one or more specific Earth Science subdisci-
pline and provides appropriate data products, data information, and services
for its community. In Europe, the European Space Agency (ESA) [28] plays
a similar role to EOSDIS and oversees an Earth observation program. For
EOSDIS, the growth in the archive is around 1 PB/year. For ESA, including
missions such as Envisat, Cryosat, and AATSR, the data volumes are com-
parable. Space missions from Japan and India contribute around 0.5 PB/year
and aircraft missions, including LIDAR, probably account for another
0.5 PB/year. New missions, still in the planning stage, that are expected to
launch in the next 5-10 years are likely to generate another 1 PB/year.

If we add up all these sources, we arrive at around 4 PB/year for Earth
observation data, depending on the precise definitions (i.e., storage or dis-
tribution). For example, EOSDIS distributes 3.62 PB/year now—made up
of 4200 data products, >400 million product distributions, and over one
million users.

2.3.4 Oceanographic Data

Present ocean sensors tend to generate relatively low volumes of data and
typically do so intermittently—during cruises or delivery to shore-side
systems. All told, this probably only amounts to tens of gigabytes per day.
However, there will be a transformational change with the deployment of
real-time ocean observatories.

The Ocean Observatory Initiative (OOI) [29] is a long-term, National
Science Foundation-funded program to provide 25-30 years of sustained
ocean measurements to study climate variability, ocean circulation and
ecosystem dynamics, air-sea exchange, seafloor processes, and plate-scale
geodynamics [25]. The OOI will enable powerful new scientific approaches
for exploring the complexities of Earth-ocean-atmosphere interactions
and accelerate progress toward the goal of understanding, predicting, and
managing our ocean environment. The Observatory is planned to be a
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networked infrastructure of science-driven sensor systems to measure the
physical, chemical, geological, and biological variables in the ocean and
seafloor. When complete, the OOI will be one fully integrated system col-
lecting data on coastal, regional, and global scales. As a result, the data
volumes are expected to increase dramatically and transform ocean sci-
ence from being a data-impoverished branch of science to one having an
abundance of data.

2.3.5 Earthquake Science

Fortunately, for society if not science, large earthquakes are infrequent
and so the study of earthquakes is observational data-limited compared
to other fields. Major quakes occur all over the world, and it is unrealistic
to have substantial sensor networks deployed in most of these regions.
Further, the quasiperiodicity of earthquakes implies that historical data is
very important and we cannot increase that. Simulations can forecast dam-
age and perhaps the aftershocks of an earthquake, but the most important
capability—forecasting new quakes—is essentially entirely observational.
Typically, one uses patterns (in time series) to forecast the future with
simulations useful to check if a particular informatics approach is valid
in an ensemble of simulated earthquakes. Important types of data include
the following:

1. Catalogs of earthquakes with position and magnitude
2. Geometry of earthquake faults
3. Global positioning data (GPS) recording time-dependent positions

4. Synthetic aperture radar inferograms (InSAR) recording changes in
regions over time

The first two types of data are gathered carefully with the recording of
earthquakes and associated field analysis. This is small in size and only
growing slowly but clearly of very high value.

For the GPS data, there are currently fewer than 10,000 GPS stations
recording data at intervals varying between second and a day. Well-known
GPS networks are the Southern California Integrated GPS Network, the
Bay Area Regional Deformation Network in Northern California, and
the Plate Boundary Observatory from University Navstar Consortium
(UNAVCO) [30].
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The InSAR data could become voluminous but currently totals some 350
images (each covering around 10,000 km?) and is only 2 TB in size [31]. These
data comes from uninhabited aerial vehicles (Uninhabited Aerial Vehicle
Synthetic Aperture Radar [32] from Jet Propulsion Laboratory) or satellites
(WInSAR from UNAVCO [30]). The situation could be revolutionized by
the approval of the Deformation Ecosystem and Dynamics of Ice-Radar
(DESDynI-R) Mission recommended in the Earth Science Decadal Survey
[33]. DESDynI would produce around a terabyte of data per day, but the mis-
sion has not so far been approved and so is many years away from a possible
launch. These InSAR data are analyzed (as by QuakeSim [34,35] for recent
earthquakes) to find rates of changes, which are then used in simulations
that can lead to better understanding of fault structures and their slip rates.

2.3.6 Polar Science

Another interesting case is polar science, which we illustrate with the
work of the Center for Remote Sensing of Ice Sheets (CReSIS) [36] led by
Kansas University that is pioneering new radar and unmanned autono-
mous vehicles (UAVs) to be used to study ice sheets [37].

For the project, multiple expeditions fly instruments that collect data
including the following:

1. Ice thickness and internal layering from radar and seismics, and
SAR images of ice-bed interface

2. Bed topography generated from ice thickness and surface elevation

3. Time series of change in surface elevation from airborne and satellite
altimeters

4. Time series of surface velocity from repeat-pass satellite images, in
situ GPS measurements, and aerial photos

5. Bed characteristics such as temperature, wetness, and sediment from
seismics and radar

The spring 2011 CReSIS expedition took 80 TB of data in 2 months.
After traditional processing with fast Fourier transforms, radar images
are produced along multiple flight lines, as illustrated in Figure 2.4. Then,
image processing is needed to identify the top and bottom of an ice sheet.
Initially students performed this, but recently it has been automated with an
image analysis tool developed at Indiana University [38]. The deployment
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of UAVs rather than current Orion and DC-8 conventional aircraft will
increase data gathering capability by allowing continuous operation. There
are also more complex data such as snow deposits showing the annual lay-
ers and revealing historical snow deposition.

The glacier-bed data illustrated in Figure 2.5 is fed into simulations
that aim to understand the effect of climate change on glaciers. Note that
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FIGURE2.5 Radarimagery from CReSIS with top and bed of ice sheet determined.
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gathering of data is complicated by the paucity of electrical power and poor
Internet connectivity to the polar regions. The use of graphics processing
unit is an interesting technology to potentially deliver lower power data
processing. The data are gathered on removable discs mounted in a storage
array connected to just one or two servers with rugged laptops as personal
machines.

2.4 DATA FROM EXPERIMENTATION AND INSTRUMENTS
2.4.1 Particle Physics: The Large Hadron Collider

The LHC in Geneva is the highest energy particle accelerator ever con-
structed and operates in a 17 mi. tunnel around the CERN Laboratory
near Geneva [39]. Two proton beams can be accelerated to energies of up
to 7 TeV and collided to produce a spectacular spray of particles. A major
goal is to find a key ingredient of the Standard Model of particle phys-
ics, the Higgs Boson. The LHC is currently operating at half of its design
energy and plans to go to the full energy of 7 TeV per beam in 2014.

The LHC hosts four major experiments: Atlas, CMS, Alice, and LHCb.
The first two experiments each record around 100 events per second with

each event about 1.5 MB in size. These 100-450 events are selected in real
time from the eventual 10° collisions (events) occurring every second at
LHC. The experimental detectors contain 150 million sensors that record
data 40 million times per second (each read out contains over 20 overlap-
ping events). The reduction of a factor of 4 X 10° in data size is achieved
with a multistage trigger [40,41]. Having an effective trigger is a major
part of design and selection of an experiment. The trigger is based on
detecting “unusual events” with signatures of high transverse momentum
and interesting particles (leptons rather than baryons or mesons) being
produced. The multistage trigger includes an initial hardware selection
(giving a factor of about 400) followed by a software refinement execut-
ing on a dedicated cluster, which for CMS has 7000 cores. The software
used in this final “higher level trigger” is a stripped down version of the
basic analysis software and must reduce the Terabit/second input from
the hardware trigger by about another factor of 1000. Alice is a heavy
ion experiment to investigate collisions of lead nuclei in the LHC and
has larger events and data rates. The LHCb experiment is lower in both
respects than Atlas and CMS.

The LHC produces some 15 PB of data per year of all varieties with
the exact value depending on duty factor of accelerator (which is reduced



Where Does All the Data Come From? m 29

simply to cut electricity cost but also when there is malfunctioning of one
or more of the many complex systems) and the experiments. The raw data
produced by experiments are processed on the LHC Computing Grid [42],
which has some 200,000 Cores arranged in a three-level structure. Tier-0
is CERN itself, Tier 1 are national facilities, and Tier 2 are regional sys-
tems. For example, one LHC experiment (CMS) has 7 Tier-1 and 50 Tier-2
facilities [43,44].

The initial data are analyzed in detail to find the parameters of the par-
ticles produced in the event and to disentangle the ~20 collisions in each
event [45]. This analysis is often iterative as one improves the many calibra-
tion constants for the myriad of detector sensors. Detailed summaries of
each event or reconstructed data are produced, which yields about half the
size of the raw data, that is, ~0.75 Mb, with this process taking an average
of around 15 minutes for each event. The experiments also create simple
“analysis object data” (AOD) that provides a trade-off between event size
and complexity of the available information to optimize flexibility and
speed for analyses. An AOD (~0.1 MB) is 5% of size of the raw data but
with enough information for a physics analysis including this event. The
other 95% of raw data would be preserved elsewhere as it would be neces-
sary if, for example, the physics quantities were to be recalculated with
a reinterpretation or recalibration of the raw data. Finally, there are tags,
about 2 kB per event that have enough information to select events for a
physics analysis that could be performed with the AOD containing more
details.

This analysis chain from raw data — reconstructed data — AOD and
TAGS — Physics is performed on the multitier LHC Computing Grid.
Note that every event can be analyzed independently so that many events
can be processed in parallel apart from some concentration operations
such as those to gather entries in a histogram. This implies that both Grid
and Cloud solutions work with this type of data with currently Grids
being the only implementation.

2.4.2 Photon Sources

The European Synchroton Radiation Facility in Grenoble uses x-ray radia-
tion to study fields as diverse as protein crystallography, earth and mate-
rials science, as well as certain areas of physics and chemistry [46]. The
beamlines are planned to be upgraded to increase the present rate of data
production, currently around 1.5 TB per day, by two or three orders of
magnitude in 10 years.
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The European X-Ray Free Electron Laser Project (European XFEL) is
an international project with 14 participating countries that is located near
Hamburg in Germany [47]. Free electron lasers generate high-intensity
electromagnetic radiation by accelerating electrons to relativistic speeds
in a linear accelerator. By 2015, the European XFEL will produce high-
intensity x-ray pulses at intensities much brighter than those produced by
conventional light sources. The data rates and data volumes generated by
advanced facilities such as the European XFEL and the LCLS at Stanford
in the United States [41] will exceed those at conventional synchrotron
light sources by at least an order of magnitude. Data rates are likely to be
of the order of 7 TB per hour, depending on the experiment.

These futuristic projections need to be tempered with reality. At pres-
ent, the UK Diamond Light Source is storing approximately 200 TB in
88 m files, increasing to a petabyte by 2014 [48]. For these facilities, it
is often the number of files that is a challenge, rather than the total data
volume.

2.4.3 Neutron Scattering and the Long Tail

ISIS is the UK’s national neutron scattering facility, which draws several
thousand visiting scientists a year from the United Kingdom and all over
the globe to do experiments ranging from the safety of welds in aircraft
engines to magnetic domains on hard discs, the provenance of ancient
weapons, the structure and interactions of drugs, and the design of sham-
poos. There are over 25 different instruments at ISIS, which support differ-
ent types of experiments generating up to a few terabytes of raw data in a
day, with the facility running 100-200 days a year and producing in total
up to a quarter of a petabyte of data in a year.

The large quantity of raw data does not necessarily need to be moved
very far, however. Consider one instrument, the SANS2d, which is a small-
angle scattering instrument. Neutrons are transported to the sample,
where they are scattered at small angle and measured. One experimental-
ist [49] actually uses a white beam (neutrons from ~1.5 to 16 A) and a time
of flight mode with a pulsed source. Small-angle scattering gives informa-
tion about distance correlations that are “large” on the atomic scale, that
is, from about 8 to 400 A. This class of experiments determines the struc-
ture of medium- to large-size biomolecules. This use of SANS2d can gen-
erate a gigabyte of raw data in a day, but these data largely record details
that are not important for downstream analysis but are only important in
the reduction of data down to the X-Y form in which it is normally used.
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Raw data files amounting to hundreds of megabytes are reduced to a single
file of a few tens or maybe hundreds of kilobytes, and it is only that large
because it is stored as a text file. The actual core data are probably less than
a kilobyte. In the data information knowledge wisdom (DIKW) terminol-
ogy, the information, I, is this final kilobyte.

ISIS has in-house and visiting users. An experiment, usually lasting a
few days, will involve running hundreds of samples, which in turn gener-
ate hundreds of data files. These are transferred, usually via a pen drive,
to a visiting scientist’s laptop to be taken home for further analysis. The
in-house experimentalist [49] has, therefore, accumulated perhaps 50 GB
of files in tens of directories, each relating to a specific experiment or proj-
ect. The analysis process usually involves taking each of the files from the
experiment, fitting them to a model (or using the data to generate a model),
often manually or in a semiautomated fashion. This probably doubles the
quantity of files and volume on the local hard disc. External storage or
additional compute capacity is rarely needed.

This analysis will probably get summarized in a table, which is then
used to draw conclusions about how the experimental parameters affected
the system being studied. The composition of a mixture, temperature, and
pH are all common types of variables that are then graphed out and the
changes compared to some physical theory. Alternately, a whole series of
measurements might be used to generate one model, generally a structure,
of the system under study. This often involves a lot of exploration of differ-
ent methods for working with the data, building test models, and compar-
ing the results from a range of different methods.

Ultimately, the results of the experiment are usually condensed into
one figure, a graph or a model structure, that is presented in a published
paper. The data are rarely if ever made available beyond a representation in
some graphs, and the history—the provenance—of the analysis is almost
never recorded. The replication of results would rely on obtaining the data
from the authors and refitting the models suggested to it. In practice, this
almost never happens, and critique of results is generally based on design
of experiments rather than the analysis itself.

This example illustrates the “long tail science” [50,51]. This captures
the reality that there are not, as in the LHC experiments, thousands of
scientists collaborating on a single “big science” experiment but rather
many thousands of individual scientists each doing their own experi-
ment. Nevertheless, the total data involved for such “long tail science”
approaches the petascale.
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2.4.4 European Bioinformatics Institute

Life science is one of the best examples of the data deluge and we start off
giving examples from the European Bioinformatics Institute (EBI), which,
within Europe, is the primary host for bioinformatics data, and curates and
shares data from throughout Europe and beyond [52]. EBI is an academic
research institute located in Hinxton near Cambridge (United Kingdom)
and is part of the European Molecular Biology Laboratory (EMBL) [53].
The EBI annual report [54] shows the status of the several databases within
the EBI. For example, the European Nucleotide Archive had an accumula-
tion rate of more than 500,000 bases per second. The data in Figure 2.6,
taken from the annual report [54], show the growth across other databases
hosted at the EBI and the story is much the same.
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FIGURE 2.7  Storage requirements of the EBI from 1996 to 2010.

The increase in physical storage requirements of the Institute from 1996
to 2010 is shown in Figure 2.7. The EBI, as part of the Ensembl project, is
now presenting data and services in the Cloud [55]—in this case, in the
Amazon Cloud.

2.4.5 High-Throughput Gene Sequencing

The discussion of radiology in Section 2.2 shows that the life science
data deluge impacts both research and our lives. Genomics is a field that
directly spans this classification and here we look at the future growth
of genomic data by studying the expectation that genome measurements
for individuals will become an integral part of personal medicine. We
will use one current sequencing instrument, the Illumina HiSEQ [56]
machine, to quantify the analysis [57]. Each of these instruments gen-
erates 10% reads, each roughly 100 nucleotides long, each day. Each
nucleotide is defined by 2 bits. It takes 100-10,000 cores to use the Blast
algorithm to compare with data from a central database in one day. Each
read is distilled from a coverage of 50-100 times as much data including
duplicates.

If we take a unit as a human genome with 3 X 10? nucleotides or 6 X
10° bits, we can see more graphically the implications of this rate of data
production. Each day one Illumina machine sequences 10" nucleotides,
equivalent to 3.3 human genome units per day. If we assume that today
there are around 1000 Illumina machines deployed worldwide (500 in the
United States), each capable of sequencing 3300 human genomes per day,
then this amounts to 2 X 10** bits per day corresponding to about 7 petabits



34 m Data-Intensive Science

of data per year (700 petabits per year including the extra factor of 100
from duplication of the sequence fragments that need to be included in
the alignment process).

Measuring the genome of every new born would constitute ~11,000
human genomes per day for the United States and 200,000 human genomes
per day for the world. Doing this on an ongoing basis—say 50 times in the
lifetime of every human—yields 5 X 10° genomes measured per day for the
world. This is 30 petabits per day or 10 exabits per year.

Thus, we see that it would require the capability equivalent to 1.5 mil-
lion present-day Illuminas to measure the total human genomic data and
1.5 X 108 to 1.5 X 10' continuously running present-day computational
cores to perform a simple Blast analysis on the generated data [58-60].
Genomic data are notable for the intense computing effort associated with
the data. This aspect is highlighted by the National Institutes of Health
(NIH) observation that the cost of generating sequences has decreased
over a factor of 100 more than the cost of computing over the last 3 years
[61]. Note that NTH recently announced closure of a petabyte database [62]
as they could not support it. Thus, building scalable computing and stor-
age infrastructure for genomics is challenging.

2.5 DATA FROM SIMULATIONS

2.5.1 Data from Weather and Climate Simulations

At a September 2008 meeting involving 20 climate modeling groups
from around the world, the World Climate Research Programme’s [63]
Working Group on Coupled Modelling [64] agreed to promote a new
set of coordinated climate model experiments. These experiments com-
prise the fifth phase of the Coupled Model Intercomparison Project
(CMIP5) [65]. CMIP5 will notably provide a multimodel context for the
following:

1. Assessing the mechanisms responsible for model differences in
poorly understood feedbacks associated with the carbon cycle and
with clouds

2. Examining climate “predictability” and exploring the ability of
models to predict climate on decadal time scales

3. Determining why similarly forced models produce a range of
responses
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The CMIP5 will involve the global production and analysis of sev-
eral petabytes of data. The Program for Climate Model Diagnosis and
Intercomparison [66], with responsibility for archival for CMIP5, has
established the global “Earth System Grid Federation” (ESGF) [67] of data
producers and data archives to support CMIP5. ESGF will provide a set
of globally synchronized views of globally distributed data—including
some large cache replicas, which will need to persist for (at least) several
decades. ESGF will also stress the international networks, as well as the
data archives themselves—but significantly less than would have been
the case of a centralized archive. Developing and deploying the ESGF has
exploited good will and best efforts, but future developments are likely to
require more formalized architecture and management.

ESGF was born out of a number of initiatives to handle diverse, distrib-
uted data access for the climate community: In the United States, the Earth
System Grid (ESG [68]); in the United Kingdom, the NERC DataGrid [69];
and in Germany, the Collaborative Climate Community Data Processing
Grid (C3-Grid [70]). However, the dominant contribution has been that
of the ESG. As a consequence, the ESGF architecture is currently a more
mature version of the original ESG, extended and modified by both the
code and experiences of the other partners.

There are five key information classes that underpin the ESGF [71-73]:
the data themselves; the “data metadata,” which exist within the data
files; the “model and experiment metadata” created externally and ingested
into the ESGF system; the “quality metadata” (which describes intrinsic
checks on data fidelity rather than the extrinsic scientific quality); and “fed-
eration metadata” (to support user management and system deployment).

ESGF exploits this information using four major components: data
nodes, gateways, federation metadata services (to support authentication
and authorization), and data services to be deployed adjacent (or on) the
data nodes.

2.5.2 Data from Petascale and Exascale Simulations

In studies [74-76] of the requirements of applications in exascale com-
puting including high-energy physics, climate, nuclear physics, fusion,
nuclear energy, basic energy sciences, biology, and national security, it was
reported that exascale applications will generate terabytes of data per sec-
ond making them one of the largest future sources of data. For exascale
computing, this means a new design for memory, I/O, operating system,
and software systems. It is likely that exascale simulations will behave as
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observational science does in terms of reducing the data created before
seeking to store any results. This will require a new integrated pipeline
from data creation to off-line storage.

These simulation data are produced for two important reasons. One is
to provide checkpointing for restart and the second is for visualization
and analysis of simulation results. As machines grow in performance and
number of cores, the data produced by simulations naturally scale in size.
However, the associated challenges grow even more since the mean time
between failures (MTBF) of total system is reduced and the compute per-
formance of high-end supercomputers will grow much faster than the disc
I/0 bandwidth. There have been several studies of these issues recently
[77,78] as part of an examination of next-generation exascale systems.
The latter will have up to a billion concurrent processes (perhaps arranged
as a thousand threads on each of a million nodes) compared to largest sim-
ulations today on hundreds of thousands of cores. A new area of study is
emerging of processing simulation data in parallel on the nodes of a super-
computer, and the Adaptable IO system is an interesting approach [79-81].

A study of fusion simulations [82] identified need to output 2 GB of data
per simulated time step for each core in the parallel simulation. For “just”
a million cores, this corresponds to 2 PB of data per time step requiring
an aggregate I/O rate of 3.5 TB/second for a 10-minute time step with a
simulation of one billion cells and one trillion particles. An exascale simu-
lation might be 100 times this rate. These data rates are clearly much larger
than those associated with observational data although checkpoint data,
for example, do not need to be stored in perpetuity and can be overwrit-
ten, and perhaps visualization data will be analyzed in place (by parallel
algorithms on same nodes as the simulation) and reduced in size before
permanent storage.

2.6 DATA CONTEXT AND CURATION

Data without context are of little or no value. It matters where data have
come from and how they has been processed up to that point. This is the
“data provenance” that must be associated with the data for it to be usable
by other researchers. Digital information is being generated in large quan-
tities each day and, depending on the source, the data come with a variety
of characteristics and issues—ranging from questions about the appropri-
ateness of the metadata and semantics to describe it to the integrity and
completeness of the data. Finally, all data come with a cost for keeping it
and pragmatic choices must be made about what data to keep and for how
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long—since it is impractical to retain all the data we are now generating.
In some fields, such as particle physics and astronomy, the raw data rates
are now so large that only a selection of the data can be retained for future
analysis.

The preparation of data for possible reuse and preservation is the pro-
cess of “data curation.” This includes such things as data-cleansing, to
check the integrity of the data, and the adding of metadata—data about
the data—to document what the data are, how the data have been col-
lected and what format has been used, and so on, and perhaps adding
higher-level annotations or semantic information by using ontologies
or community-agreed vocabularies. All of these things are necessary to
facilitate not only the “findability” of data by search engines but also to
allow the possibility of reuse and the creation of meaningful “scientific
mashups” of different data sets. Unfortunately, scientists are only human
and the process of adding value to their data sets for others to use often
receives scant reward. It is, therefore, not surprising that, all too often,
the data curation and preservation procedures used will be imperfect or
inadequate and that some important data will end up effectively being lost
to future researchers. At least a part of our future occupation will likely
be something like a “digital archaeologist”—trying to make sense of old
data by piecing together the fragments of an inadequately documented
historic past.

An interesting cautionary tale is that of the digital Domesday Book
project in the United Kingdom [83,84]. After William the Conqueror won
the Battle of Hastings and took control of what later became the king-
dom of England, he decided to take a census of his new realm. The result
was the Domesday Book completed in 1086, which can still be seen in the
National Archives in London. In 1986, 900 years after the original census,
the BBC produced a television program to celebrate this anniversary. One
result of this project was an interactive video documentary implemented
for the BBC microcomputer. At the launch of the UK Digital Preservation
Coalition in London in 2002, broadcaster Lloyd Grossman called atten-
tion to the danger that the rapid evolution of computer media and record-
ing formats would lead to the irretrievable loss of valuable historic records,
and he gave the Domesday Book video-discs as an example. His remark
sparked a heroic effort by many people to rescue the digital images, text,
and video of the BBC Domesday interactive-video project. Eventually,
after a lot of work by some exceptionally dedicated individuals, a version
was produced in modern formats and that works on a modern PC.
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2.7 DATA ARCHITECTURE FOR E-SCIENCE

The data deluge is changing the nature of computing in science and the
architecture of systems designed to support it. Several important param-
eters differ between systems designed to support data analysis and those
aimed at simulation. These include the following:

o The ratio of disc (I/O) bandwidth to instruction execution rate
(Amdahl’s I/O number [85,86]).

o The bandwidth and connection between the source of data and the
computing system.

o The nature of data—size and dynamic structure. Is it an instrument
or sensor generating a time series or a repository for simulation data?

A traditional computer system is often organized as shown in Figure 2.8.
Figure 2.8 shows a three-level data hierarchy with typically temporary
data stored on cluster nodes, a shared set of files, and a backend archival
storage. The shared files are shown in figure as either managed by comput-
ers in hosted storage or dedicated (SAN/NAS/etc.) storage. The shared file

Storage nodes

Compute clusters

Storage system

FIGURE 2.8 Computing system with a three-level storage hierarchy supporting
multiple clusters where “the work” gets done. Each computer C has its own local
disc not shown. S represents a storage noted.
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system for scientific computing may support high-performance distrib-
uted file systems such as Lustre or GPFS. This architecture has been used
for both data- and simulation-intensive work with good success. There are
many attractive features of this architecture including the separation of
concerns—storage and its backup are managed separately from the pos-
sibly large number of clusters supported, computers and storage can be
separately upgraded, and a single storage system (and single copy of a data
item) supports all computing venues. There is an obvious problem in data-
intensive applications that the bandwidth between the computer and the
data system components may be too small. Note that clusters typically
have bisection bandwidths that are very large and scale up with system
size. However, the link between the storage and the compute subsections
is typically implemented using a static number of interconnects (per-
haps some number of gigabit or 10 gigabit Ethernet connections). Even
simulation systems face the same issues [77,78] at the largest scales when
programs output data (for visualization) at volumes that overwhelm the
connection to shared storage. Note that important technologies such as
MPI-IO are built around this model.

An alternative architecture shown in Figure 2.9 addresses this issue
by using data parallel file systems (DPES) such as Google File System
(MapReduce) [87], HDES (Hadoop) [88], Cosmos (Dryad) [89-91], and
Sector [92] with compute-data affinity optimized for data processing. This
design was motivated by Internet applications but has seen little practical
use outside that area.

Here, we have a simpler architecture with a uniform array of computer
nodes with (large) local discs. User files are broken up into blocks, which
are replicated several times and spread across different nodes and clusters.
This architecture allows one to support “bringing the computing to the
data” [2,93]. Archival storage is not necessary—all copies can be stored
on spinning discs. The copies should be designed that some are near each
other to support local computing, whereas at least one should be “far off”
to provide a safe backup. Note that the discs and compute nodes within a
cluster are linked to the scalable cluster interconnect and so good perfor-
mance in fetching data from disc does not require the computing to be on
the node where the relevant data are stored, but rather on a node with a
high-performance (cluster) interconnect to data.

The architecture of Figure 2.9 supports several data management sys-
tems including both the important NOSQL developments [94,95] with
constructs such as Bigtable [96], SimpleDB [97] in Amazon, and Azure
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Replicate each block

~~~~~~ Replicate each block

Breakup

FIGURE 2.9 Data parallel file systems showing discs attached to compute nodes
with files broken into blocks and stored across multiple computers with replica-
tions for fault tolerance.

Table [98] and the databases such as the SciDB and GrayWulf projects
[26,86], which essentially collocate data and associated processing. NOSQL
technologies emphasize distribution and scalability while their support of
simple tables is interesting given that tables are clearly important in sci-
ence as illustrated by the VOTable standard in astronomy [99] and the
popularity of Excel [100]. However, there does not appear to be substan-
tial experience in using tables outside clouds. It seems likely that tables
will grow in importance for scientific computing, and academic systems
could support this using two Apache projects: Hbase [101] for BigTable
and CouchDB [102] for a document store. Another possibility is the open
source SimpleDB implementation M/DB [103].

There are research issues both in data parallel file systems themselves
and in their integration with programming models [104] and runtimes
[105] such as MapReduce [106] and its iterative extensions [107-109]. A
key change—illustrated by the Purlieus [110] project—is that the sched-
uling problem now is one of both data and computing rather than the
usual approaches that just schedule computing tasks. Here, there is an
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important issue about locating user files. In the architecture of Figure 2.8,
one only needs to place files in the shared file system to allow access for
all clusters and applications. In Figure 2.9, one has to be more careful and
place the data on or “near” (in terms of scalable connectivity) the compute
systems that will be allocated to users of the files. There does not seem any
experience in supporting the architecture of Figure 2.9 in a complicated
heterogeneous multiuser environment. The problem is easier if one just
has a few clusters as is, in fact, used in clouds for Internet search. Data
parallel file systems on a grid of many (small) clusters seem difficult to use.
More research is clearly needed here on multiuser environments in real
data centers using data parallel file systems with multiple clusters.

Although DPFS originated in the cloud (Internet search) arena, com-
mercial clouds tend to use a rather different object store model as seen
in Amazon, Azure, and the open source OpenStack system. Here, one
assigns a set of nodes to be storage servers as in the top of the middle
layer of Figure 2.8, but rather than the full distributed file semantics of
Lustre, one supports a simple object model. Objects have containers
and metadata with operations such as get, put, update, delete, and copy
objects. Again, there is little experience with this in scientific computing
arena. The Simple Cloud APIs [111] for file storage, document storage ser-
vices, and simple queues could help in providing a common environment
between academic and commercial clouds. There is also some interesting
work [112] involved relating these different file systems, so one can run
applications—possibly with performance degradations—however, the
data are stored. This is closely related to data movement as one needs to
change between storage modes and possibly use a replica system as one
does for data grids [113].

A traditional approach to scientific data establishes a repository that
stores the data and metadata of a given experiment or set of experiments.
This has and will play a critical role but is often inadequate for the com-
mon case of enormous amounts of data requiring enormous computing as
emphasized in Section 2.5. We really need the data archives to be attached
to an appropriate compute resource as it is often impractical for individual
researchers to download their data to home compute resources.

2.8 CONCLUSIONS

Data are almost everywhere, large and growing. We have given exam-
ples of many sources of data: related to people—as in the web or medical
data—scaling with the seven billion population of the planet; Big Science
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instruments such as the LHC with a few experiments or other, smaller
scale instruments that support long tail science with a multitude of inde-
pendent scientists; other examples such as genomics lie somewhere in
between these two extremes. Whether it is the pleasing parallel Internet
of individual web servers or the concentrated electronics of a giant tele-
scope, the data deluge is only possible because of Moore’s law—the elec-
tronics needed to gather and process data is continuing to get smaller and
more powerful. Since this data must be transported to be useful, the ever
increasing intra-planet communication bandwidth is an essential driver
of the data deluge and the fourth paradigm of its analysis [2].

We have also emphasized that data (interpreted broadly as any compo-
nent of the DIKW pipeline) come from many sources. Figure 2.10 shows
that data are passed through a set of (filter) services as they go along the
DIKW pipeline. As in Section 2.5, the source of data need not be an instru-
ment or sensor; it can be a supercomputer or, in fact, any service, grid, or
cloud. Section 2.6 emphasizes the importance of metadata and sustain-
ability. In Section 2.7, we emphasized the need to reexamine the archi-
tectures used to support data-intensive science with distributed dynamic
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FIGURE 2.10 'The DIKW pipeline with data and sensor grids and clouds.
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data and major compute tasks associated with the data analytics. How do
we bring the computing to the data?

Data have arrived; we need to learn how to use them for the benefit of
the society.
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3.1 INTRODUCTION

The ability to quantitatively characterize biological structure in detail
through in silico experiments has great potential to reveal new insights
into disease mechanisms and enable the development of novel preventive
approaches and targeted treatments. The term in silico experiment broadly
refers to an experiment performed on a computer by analyzing, mining,
and integrating biomedical datasets and/or by simulations. This chapter
presents the data and computational challenges of using large volumes of
digitized microscopic tissue data in in silico experiments and describes
some of the data-intensive computing approaches we have used to address
these challenges.

Since the first application of digital imaging technology to microscopic
data [1] (i.e., to tissue data at cellular and subcellular level), the ability to
acquire high-resolution images from whole tissue slides and tissue micro-
arrays has become more affordable, faster, and practical [2-10]. Image
scanning times have decreased from 6 to 8 hours per whole tissue slide
about a decade ago to a few minutes with advanced scanners and improve-
ments in autofocusing and slide holders have facilitated high-throughput
image generation from batches of slides with minimal manual interven-
tion. It is rapidly becoming feasible for a research study or health-care
operation to routinely generate hundreds to thousands of whole slide
images per day. High-resolution whole slide tissue images not only reduce
dependence on physical slides, they can also enable more effective ways of
screening for disease, classifying disease state, understanding its progres-
sion, and evaluating the efficacy of therapeutic strategies. This potential
is also fueling the emergence of what we refer to as microscopy imaging
analytics, the process of management, analysis, and quantitative charac-
terization and correlation of microanatomic features on high-resolution
image data using computer algorithms.

Despite the wider availability of advanced imaging instruments and
the demonstrated potential of whole slide tissue images in biomedical
research, to date, microscopic imaging has been underutilized in biomedi-
cine, compared to other imaging modalities such as magnetic resonance
imaging, which has seen widespread adoption. This is primarily because
even moderate numbers of digitized tissue specimens quickly lead to for-
midable information synthesis and management problems. Software for
extraction and interpretation of information from thousands of tissue
images has to deal with hundreds of terabytes of data, meet expensive data
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processing requirements, and manage and query trillions of microscopic
objects and their features.

In the rest of the chapter, we discuss these requirements in greater
detail. The requirements in large-scale studies easily overwhelm the mem-
ory and computation capacity of high-end workstations. We present data-
intensive computing techniques and middleware support to address the
challenges on high-performance computing machines.

3.2 APPLICATION OF MICROSCOPY IMAGING IN
IN SILICO BIOMEDICAL RESEARCH

A basic use of the microscopy imaging technology is telepathology, in

which a pathologist can remotely render diagnoses for patient care in
the absence of glass slides and a microscope [11,12]. In this form of use,
a whole slide imaging system should support the implementation of a
“virtual microscope” [11,13-26], which emulates the core operation of
a microscope, enabling browsing through a slide to locate an area of
interest, local browsing in a region of interest to observe the region
surrounding the current view, and changing magnification level and
focal plane.

Although a virtual microscope facilitates remote viewing of images,
systematic investigations of tissue at microanatomic level (i.e., at the
level of blood vessels, cells, and nuclei) can lead to a much more sophis-
ticated understanding of disease types, the function and role of cellular-
level processes, and the relationship between cellular-level morphological
characteristics, genomic expression data, and clinical outcome in disease
progression and response to treatment. Studies of brain tumors conducted
using tissue slide images and genomic data at the In Silico Brain Tumor
Research Center (ISBTRC) [27], for example, have produced results that
reveal morphological subtypes of glioblastoma not previously recognized
by pathologists and that demonstrate significantly correlated genes
through correlation of the extent of necrosis and angiogenesis with gene
expression data [28-30]. In these studies, in silico experiments analyzing
462 tissue slide images, where each image is approximately 50k x 50k
pixels, or about 10 GB uncompressed, from 162 patients discovered that
the morphological signatures in glioblastoma self-aggregate into four
distinct clusters. The survival characteristics of this morphology-driven
stratification are significant when compared to the survival of molecular
subtypes, suggesting that morphology is a good predictor of prognosis.
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These types of in silico studies involve the extraction, management,
and quantitative characterization of microanatomic structures, such as
cells, nuclei, macrophages, and tissue blood vessels, from imaged tissue
specimens. We refer to this process as microscopy imaging analytics.
Section 3.3 presents the data management and computation challenges of
using microscopy imaging analytics in large-scale studies.

3.3 DATA AND COMPUTATION CHALLENGES
IN MICROSCOPY IMAGING ANALYTICS

State-of-the-art scanners can generate a whole slide tissue image at up
to 120k X 120k pixel resolutions. An uncompressed, four-channel rep-
resentation of such an image is about 53 GB. A multilayer image stack
that provides a focus capability typically contains tens of such images.

Furthermore, a single scanner can generate hundreds of images, and a
study may generate or reference thousands of slides. For instance, studies
at the ISBTRC have so far collected about 2000 whole slide glioma tissue
images and counting. These images have been gathered from “The Cancer
Genome Atlas (TCGA) repository,” obtained from the collaborators at
Henry Ford Hospital and Thomas Jefferson University, and scanned from
tissues at Emory University. The ISBTRC will continue to collect approxi-
mately 3500 slides from about 700 patients over the next couple of years.
The TCGA repository itself contains about 12,000 slide images for various
types of cancers including brain cancer.

A typical microscopy imaging analytics workflow consists of a pipeline of
data processing steps [31]: (1) Stitching and registration. Some instruments
capture a whole slide image as a set of image tiles. These tiles need to be
aligned and stitched together to form a full image. (2) Preprocessing.
This step performs operations such as color normalization to com-
pensate for variations in image acquisition processes and instruments.
(3) Segmentation of objects and regions. Often the entities to be segmented
are composed of collections of simple and complex objects and structures
and are defined by a complex shape and textural appearance. Examples
include cell nuclei, cell membranes, the boundaries of blood vessels, and
the extent of necrosis regions. (4) Feature computation. This is the pro-
cess of calculating informative descriptions of objects or regions, and often
precedes classification tasks. It can be applied on the whole image or indi-
vidual segmented objects to describe characteristics such as shape and tex-
ture. (5) Classification. Segmented objects, regions, or whole slides can be
classified into meaningful groups based on computed features. Grouping
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of cell types, nuclei, or entire slides into categories is a common classi-
fication theme. A high-level depiction of this typical analysis workflow
for segmentation and classification of nuclei in a whole slide tissue image
is shown in Figure 3.1. The figure shows the major steps of the analysis.
Individual steps are often composed of a series of operations. For instance,
the segmentation step may have 20-25 pipelined operations.

Analysis via this workflow of a single 20k X 20k pixel image takes
approximately 10 hours on a single processor workstation. The compu-
tational requirements are exacerbated in large-scale studies in which
detailed characterization of morphology often involves (1) Coordinated
use of many interrelated analysis pipelines, (2) performing algorithm
sensitivity analyses, and (3) comparison of analysis results from multiple
analysis pipelines and analysis runs. This analysis approach stems from
the fact that the effectiveness of an analysis pipeline depends on many fac-
tors, including the nature of the histological structures being segmented,
the classifications being carried out, and on sample preparation and stain-
ing. When the number of images is in the hundreds to thousands, it is not
feasible to manually inspect each image for every feature and fine-tune
the analysis pipelines. Thus, many variations of analysis pipelines may be
evaluated by systematic comparison and evaluation of the results obtained
from a subset of images to identify a smaller number of priority pipelines.
These pipelines are then executed on the larger collection of images.

This approach leads to a difficult data management, querying, and inte-
gration problem. Image analysis algorithms segment and classify 10° to
107 cells in each virtual slide of size 10° X 10° pixels. Brain tumor tissue
analyses, for instance, can encompass the identification and quantifica-
tion of subcellular structures, which is done through processing in cells or
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FIGURE 3.1 (See color insert.) Nuclear segmentation and classification pipeline.
Images are processed through a set of operations for detecting boundaries of
nuclei, computing a set of features for each nucleus, and classifying nuclei into
categories using machine learning algorithms on these features. The results are
stored in a database for further analysis and correlative evaluation.
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regions identified as being brain tumor, as well as of angiogenesis regions
and pseudopalisades, which requires a synthesis of regional texture anal-
yses. As these analyses may execute multiple interrelated analysis pipe-
lines as described earlier, a systematic analysis of large-scale image data,
therefore, can involve classification of roughly 10° to 10'2 microanatomic
structures. The process of classifying a given cell is done using roughly
10-100 shape, texture, and (when appropriate) stain quantification fea-
tures. Hence, a thorough data analysis limited to classifying cells could
encompass 10'° to 101 features.

It can take an hour or longer to compare results generated from two
algorithms for a single image with a database without parallelization.
Comparing two result sets from a hundred images can take a week. In
addition to comparing results from multiple analyses, scalable mecha-
nisms are needed for producing biologically or computationally meaning-
ful data aggregates (e.g., machine learning-based clustering) from spatial
objects and features. Computation of data aggregates on large number of
images can take days or weeks.

These data-intensive computational requirements are a major obstacle
to widespread use of microscopy imaging data in research and health-
care delivery. Addressing them would facilitate novel studies, new meth-
ods of patient diagnosis, and improvements in targeted treatments. With
a system capable of synthesizing information from large digitized tissue
slide datasets rapidly, a clinician could create morphological signatures of
large groups of patients and create a representation of the patient he/she is
treating with respect to these groups. In research, data-intensive science
solutions would enable scientists to broaden the scale of their research and
test new hypotheses by synthesizing information from larger datasets and
multiple imaging modalities.

3.4 DATA-INTENSIVE AND HIGH-PERFORMANCE
COMPUTING APPROACHES FOR LARGE-
SCALE MICROSCOPY IMAGING ANALYTICS

This section presents a set of high-performance computing techniques
we have used to address the challenges and requirements described
in Section 3.3. These techniques are grouped in three main sections:
(1) Support for processing large volumes of image data, (2) support for
representing image data and analysis results, and (3) support for metadata
and spatial queries on analysis results.
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3.4.1 Processing Large Volumes of Image Data

The typical analysis workflow structure described in Section 3.3 (also see
Figure 3.1) encapsulates multiple processing patterns. First of all, images
can be partitioned into rectangular image tiles, and multiple images or
image tiles can be processed concurrently. This leads to a bag-of-tasks
style parallelism. Several systems have used this type of parallelism on
cluster systems and in grid computing environments. Gurcan et al. [32]
reported the successful application of distributed computing in a pilot
project to support automated characterization of neuroblastoma using the
Shimada classification system. The ImageMiner system used IBM’s World
Community Grid in July 2006, using more than 100,000 imaged tissue discs
[24,33]. Second, the processing of a single image or image tile is expressed
as a pipeline of operations—the stitching, preprocessing, segmentation,
feature computation, and classification stages form the main steps of the
pipeline; a main step can itself be composed of pipelines of data processing
operations. This processing pattern is more suitably implemented using
a coarse-grain dataflow (or filter-stream) parallelism approach, in which
application processing is carried out as a network of components (data
processing operations) connected through logical pipes. Each component
performs a portion of the application-specific processing, and interactions
between the components are realized by flow of data and control infor-
mation. The out-of-core virtual microscope system [34,35], based on the
DataCutter infrastructure [36], supports this type of parallel processing.
The runtime system coordinates Input and Output (I/O) operations for
reading image tiles from and writing analysis results to one or more discs
in the system. The processing operations constituting the analysis work-
flow are mapped to processors to reduce I/O and communication over-
heads. Multiple instances of an operation can be instantiated to allow for
data parallelism and pipelined processing.

The systems described earlier primarily target distributed and parallel
clusters with multicore CPUs. The processing and memory capacity of
graphics processing units (GPUs) have improved significantly in recent
years. GPUs are increasingly being deployed as complementary accel-
erators on high-end machines and large-scale clusters. Several research
projects have implemented GPU-enabled versions of image processing
operations [37-52] to take advantage of low-latency and high-bandwidth
GPU memories and massively multithreaded execution models. Teodoro
et al. [53] have developed a runtime system to use multicore CPUs and
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multiple GPUs on a computation node in a coordinated manner. This sys-
tem implements a performance-aware scheduling strategy, which assigns
tasks in an analysis workflow to CPUs and GPUs to optimize the use of
aggregate power of CPU cores and GPUs on a computation node. Each
task is represented as a (data operation, input data chunk) tuple and sched-
uled for execution on a CPU core or a GPU based on the relative GPU
versus CPU performance gain of the task.

Another possible way to reduce analysis execution times is to trade
off analysis accuracy for performance—in some cases, there may not be
enough resources available to carry out an analysis at the highest resolu-
tion or an exploratory study may not need the highest accuracy to process
a large set of potential data points quickly. Kumar et al. [34] have devel-
oped a framework that supports adaptive processing and performance-
accuracy trade-offs. The framework exploits spatial locality of image
features to create dynamic data processing schedules to improve perfor-
mance while meeting quality of output requirements.

3.4.2 Representing Image Data and Analysis Results

Efficient data repositories anchored on rich and flexible data models play
a crucial role in interpretation, reusability, and reproducibility of image
analyses as well as efficient storage and query of analysis results. Several
projects have developed data models for representation and management
of microscopy images and analysis results [54-58], although there are yet
no official standard models. The Open Microscopy Environment (OME)
[54] project has developed a data model and a database system that can be
used to represent, exchange, and manage image data and metadata. The
OME provides a data model of common specification for storing details of
microscope setup and image acquisition. Cell Centered Database [57,58]
provides a data model to capture image analysis output, image data,
and information on the specimen preparation and imaging conditions
that generated the image data. Digital Imaging and Communications in
Medicine (DICOM) Working Group 26 is developing a DICOM-based
standard for storing microscopy images [59]. The metadata in this model
captures information such as patient, study, and equipment informa-
tion. The Pathology Analytical Imaging Standards (PAIS) model [55,56]
is designed to provide an object-oriented, extensible, and semantically
enabled data model to support large-scale analytical imaging and human
observations to be storage and performance efficiency oriented, and to
support alternative implementations.



Large-Scale Microscopy Imaging Analytics for In Silico Biomedicine m 63

These models represent (1) Context relating to patient data, specimen
preparation, special stains, and so on; (2) human observations involv-
ing pathology classification and characteristics; and (3) algorithm and
human-described segmentations (markups), features, and annotations.
Markups can be either geometric shapes or image masks; annotations can
be calculations, observations, disease inferences, or external annotations.
Additional annotations can also be derived from existing annotations.
An extensible markup language (XML)-based realization of the model
attributes can facilitate exchange and sharing of results in a format more
compatible with web standards and tools. However, for very large result
sets, the XML representation is not efficient, even with compression of the
documents. An alternative approach is to use self-describing structured
container technologies such as HDF5. Such container technologies pro-
vide more efficient storage than text-based file formats such as XML, while
still making available the structure of the data for query purposes. We
have observed that for a given set of analysis results, the HDF5 represen-
tation of the PAIS model is on average 6-7 times smaller, in compressed
form, than compressed XML representation of the model.

3.4.3 Metadata and Spatial Queries on Analysis Results

Insilico experiments with microscopyimagesinvolveawiderange of queries
on analysis results for data mining and correlation purposes. The examples
of query types include the following: (1) Retrieval of image data and meta-
data (e.g., count nuclei where their grades are less than 3); (2) queries to
compare results generated from different approaches and validate machine
generated results against human observations (e.g., find nuclei that are
classified by observer A and by algorithm B and whose feature f is within
the range of a and b); (3) queries on assessing relative prevalence of features
or classified objects, or assessing spatial coincidence of combinations of
features or objects (e.g., which nuclei types preserve nuclei features: dis-
tance and shape between two images); (4) queries to support selection of
collections of segmented regions, features, and objects for further machine
learning or content-based retrieval applications (e.g., find nuclei with an
area between 50 pixels and 200 pixels in selected region of interest); and
(5) semantic queries based on spatial relationships and annotations and
properties drawn from domain ontologies (e.g., search for objects with an
observation concept astrocytoma and that are within 100 pixels of each
other, but also expand to include all the subclass concepts, gliosarcoma
and giant cell glioblastoma, of astrocytoma).
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To scale to large volumes of data, parallel database configurations
should be considered. We have investigated in a recent work [60] the
performance of different database configurations for a common type of
query: spatial join and crossmatch [61,62]. The configurations included
a parallel database management system with active disc style execu-
tion support for some types of database operations, a database system
designed for high availability and high throughput (MySQL Cluster),
and a distributed collection of database management systems with data
replication. Our experimental evaluation has shown that the choice of a
database configuration can significantly impact query performance. The
configuration with distributed database management systems with rep-
lication (i.e., replication of portions of the database) provides a flexible
environment, which can be adjusted to the data access patterns and data-
set characteristics.

There are some disadvantages to using traditional database systems.
Data have to be organized and loaded to the database system for query
support. The data load process may be prohibitively expensive when the
volume of analysis results is very large. Moreover, it may not be feasible
to install database systems on backend nodes of a large cluster system.
Finally, the granularity of runtime optimizations is generally limited to
partitioning and declustering of data across multiple database instances,
since queries are largely executed within the database management sys-
tem. An alternative approach is to implement MapReduce style processing
[63] from the domain of enterprise data analysis.

A recent work by Wang et al. [62] has shown the implementation using
Hadoop [63,64] of spatial query processing in the context of microscopy
imaging analytics (see Figure 3.2). The implementation provides a declara-
tive query language, based on Hive [64] (Hive provides a SQL like query
language and supports major aggregation queries running on MapReduce),
and an efficient real-time spatial query engine with dynamically built spa-
tial indexes to support query processing on clusters with multicore CPUs.
Processing of a query is accomplished in several steps: (1) Analysis results
with spatial boundaries are retrieved by the query engine, and R*-tree
indices are built on the fly; (2) initial spatial filtering (spatial join) is done
through minimal bounding boundary based on the entries in the R*-tree
indices [64]; and (3) computational geometry algorithms for query refine-
ment and spatial measurement are performed to generate the final results.
Image tiles form natural units for MapReduce-based execution and are
staged on Hadoop Distributed File System (HDEFS) [63] (see Figure 3.2a).
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FIGURE 3.2 MapReduce-based query processing for comparison of results from
multiple analysis runs. (a) HDFS data staging. (b) MapReduce-based queries.

Steps 1 and 2 are implemented as Map functions, whereas step 3 is exe-
cuted as the Reduce function (see Figure 3.2b).

Comprehensive query support in a microscopy imaging analytics
framework should include semantic query capabilities, in addition to spa-
tial query functionality, because annotations on microanatomic objects
may draw from domain ontologies (e.g., cell ontology to describe different
cell types). An important requirement in semantic query support is that the
query engine should be able to support additional assertions (annotations),
which are inferred from initial assertions (also called explicit assertions
or annotations) based on the characteristics of the underlying ontology.
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On-the-fly computation of assertions for each query may take too long.
Precomputation of inferred assertions, also referred to as the materializa-
tion process, can reduce the execution time of queries. Combined use of
semantic stores [65-67] and rule engines [68] can offer a system capable of
evaluating queries with spatial and semantic predicates. In such a system,
rules can be used to express spatial relationships in association with ontol-
ogy concepts—a rule for example may be used to state that type A cells
that are within 30 pixels of type B cells should also be annotated as type C
cells. During the materialization process, the rule engine and the semantic
store/inference engine interact to compute inferred assertions based on
the ontology in the system, the set of rules, and the initial set of explicit
assertions (annotations) [69,70]. To scale to large volumes of data, one
high-performance computing approach is to use data parallelism by parti-
tioning the space in which microanatomic objects are embedded. Another
approach is to partition the ontology axioms and rules, distributing the
computation of axioms and rules to processors. This parallelization strat-
egy attempts to leverage axiom-level parallelism and will benefit applica-
tions where the ontology contains many axioms with few dependencies.
A third possible approach is to combine the first two approaches with task
parallelism. In this strategy, N copies of the semantic store engine and
M copies of the rule engine are instantiated on the parallel machine. The
system coordinates the exchange of information and the partitioning of
workload between the semantic store engine instances and the rule engine
instances. The values of N and M depend on the cost of inference execu-
tion and the partitioning of the workload based on spatial domain and/or
ontology axioms.

3.5 DISCUSSION AND CONCLUSIONS

High-resolution, high-throughput instruments are being used routinely
not only in medical sciences, but also in health-care delivery settings at an
accelerating rate. As this decade progresses, significant advances in medical
information technologies will transform very large volumes of multiscale,

multidimensional data into actionable information to drive the discov-
ery, development, and delivery of new mechanisms of preventing, diag-
nosing, and healing complex disease. Data produced by advances in
digitization and image analysis are outpacing the storage and computation
capacities of workstations and small cluster systems. The “big data” from
image analysis has similar high-performance and scalability requirements
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as enterprise health-care data, but presents unique challenges. In the future,
even medium-scale hospitals and research projects will require capabilities
to manage thousands of high-resolution images, execute and manage inter-
related analysis pipelines, and query trillions of microscopic objects and
their features. These applications demand fast loading and query response,
as well as declarative query interfaces for high usability.

Computational systems with multiple levels of computing and memory
hierarchies, such as high-performance computing systems consisting of
multicore CPUs and multiple GPUs and composed of multiple levels of
coupled spinning drives and solid-state drives (SSDs) in Redundant Array
of Independent Disks (RAID) configurations, are becoming mainstream
configurations, replacing more traditional homogeneous computing clus-
ters. These systems offer tremendous computing power and low-latency
and high-throughput I/O capabilities. Many challenges, however, remain
for the effective use of these new technologies. Novel storage, indexing,
data staging, and scheduling techniques and middleware support are
needed to manage storage hierarchies in tandem with executing computa-
tions on clusters of hybrid CPU-GPU nodes. There have been substantial
advances in network switches and networking protocols for intracluster
communications. Technologies such as InfiniBand provide low-latency;,
high-bandwidth communication substrates. However, progress in wide-
area networking has been relatively slow. Although multi-gigabit networks
are becoming more widely deployed within institutions, access to remote
resources is still hindered by slow, high-latency networks. Efficient com-
pression, progressive data transmission, and intelligent data caching and
computation reuse methods will continue to play critical roles in enabling
digital pathology and scientific collaborations involving large pathology
image datasets.
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4.1 INTRODUCTION: CHARACTERIZING

PROBLEMS IN ASTROPHYSICS
Over the past few decades, computational modeling of astrophysical phe-
nomena has emerged as the premiere tool for the theoretical astrophysicist
to gain a better understanding of the universe. The state of the art in com-
putational astrophysics has rapidly advanced, enabled by the rapid growth
in floating-point computational power as described by Moore’s law.

73
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Scientific discovery, enabled by computational modeling, has allowed us
to gain a better understanding of the conditions present at the very birth
of the universe as well as to better understand the birth and death of stars
and the ultimate fate of the universe itself.

However, from its nascent years, limits on the field of computational
astrophysics have been set by, among other things, the ability to manage
large amounts of data from numerical simulations. The modifier “large”
needs some qualification since what qualifies as large depends strongly on
the time frame being considered. In the 1970s, a few hundred kilobytes of
data may have been considered large. In contrast, at the time of writing, in
2013, we have entered an era when dataset sizes of petabytes have become a
reality, while dataset sizes of terabytes are almost ubiquitous within the field.

Problems in computational astrophysics and closely related applied
fields, such as the study of high-temperature shock-wave and explosive
phenomena, have always been considered compute-intensive and have
played a key role in driving the development of supercomputing technol-
ogy. In more recent years, although the characterization of these applica-
tions as compute-intensive remains as accurate as ever, they have become
increasingly data-intensive as well. It is this data-intensive attribute that
forms the subject of this chapter.

As a field of research, astrophysics seeks to apply the laws of physics,
which can act over an extremely wide range of distance and timescales,
to explain phenomena in the universe. These astrophysical phenomena
almost always occur at vastly larger scales than terrestrial events. They also
involve an elaborate interplay among diverse branches of physics. Given
this nature, problems in computational astrophysics rapidly become com-
plex and can almost always be characterized as follows:

o Multiscale: Comprised of physical processes ranging from the micro-
scopic to the macroscopic that are coupled in some way.

o Multiphysics: Comprised of diverse branches of physics; a simulation
in computational nuclear astrophysics can combine, for example,
both the strong and weak nuclear interactions, electromagnetism,
radiation, hydrodynamics, statistical mechanics, and gravitational
physics.

o Multiregime: Having components that can exhibit, for example, clas-
sical behavior in one region or scale of the problem and quantum
mechanical behavior in another; or exhibiting transport phenomena
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that cover a wide range in the magnitude of coefficients and, hence,
transport behavior.

o Interdisciplinary: Having solution and analysis techniques that com-
bine diverse branches of physics with one or more of mathematics,
computational science, computer science, statistics, and perhaps
other fields as well.

As a multiscale environment, the spatial and temporal scale of problems
in astrophysics is immense. Microscopic processes of interest may cover
subnuclear, nuclear, atomic, and molecular distance scales, which range
from <107% to 107 m and beyond. The scales of macroscopic systems
being modeled can range from planetary and stellar (10°-10" m) to stellar
cluster (~10" m), to galactic (~102! m), to clusters (~10** m) and to superclu-
sters (~10%* m) of galaxies, and beyond (see Figure 4.1). Interesting tempo-
ral scales are equally wide ranging, with microscopic reactions occurring
on a timescale of as little as 107" s or less, while the upper end is bounded
only by the age of the universe itself (~10"7 s).

Although any given astrophysics problem may present a wide range of
possible scales, many of the important processes (and those that drive the
evolution of a system under study) are interesting on scales intermediate
(in space, time, energy, etc.) to the microscopic and to the largest mac-
roscales in a simulation. This might include such multiscale processes as
shock waves, development and evolution of instabilities, turbulence, and
mixing. Complicating effects might include the presence of gravitational
fields, electromagnetic fields, radiation, reactive flow, and lack of thermo-
dynamic equilibrium in some key processes.

Although the steady advances in compute- and data-intensive science
have enabled significant new achievements, no foreseeable technological
advance will ever enable adequate modeling of all processes at all scales.
(However, see later in this section for how some significant inroads into
this issue are being envisioned.) As Rosner (2008) has put it, much compu-
tational astrophysics is in a class of problems whose computing and data
requirements can be labeled as “voracious.” Solutions of such problems can
consume every potentially available computer cycle in a boundless quest
for greater accuracy, higher precision, and increased fidelity of the input
physics. A small sample of voracious multiscale astrophysics problems
includes modeling shock waves, neutrino transport, and resulting insta-
bilities in core-collapse supernovae (Bruenn et al. 2005; Keil et al. 1996;
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>10°m

~10m

~10" m

~10%' m ~108 m ~10%m

FIGURE 4.1 (See color insert.) The multiple scales of computational astrophys-
ics. Processes that are the primary drivers of the evolution of astrophysical sys-
tems are frequently microscopic in origin, but the phenomena of interest are
usually macroscopic process on one or more macroscopic length scales. The top
row shows typical length scales for microscopic processes, ranging from the
quark and nuclear scales of 107> m (themselves, scales that likely originate from
smaller constituent scales) through to atomic and molecular scales (which can
have numerous scales, depending on the molecule of interest). The macroscales
on which simulations, experiments, and observations take place are on the bot-
tom two rows: on the middle row (from the left), the laser-driven laboratory-
astrophysics scale, planetary and white-dwarf scale, stellar giant scale, and
star-cluster scale. On the bottom row, one reaches scales that are increasingly
cosmological in size: (from the left) galaxy, galaxy cluster, and galaxy superclu-
ster. (Image credits: middle row left: Carolyn Kuranz, University of Michigan;
center right and far right: NASA; bottom row: NASA.)

Swesty and Myra 2005); modeling flame physics in thermonuclear super-
novae (Townsley 2009); modeling turbulence, as might occur in interstel-
lar molecular clouds during the process of star formation (Kritsuk and
Norman 2004); investigating the role of supermassive black holes and
accretion in cosmological structure formation (Sutter and Ricker 2010).
Nearly all large-scale problems in astrophysics are multiphysics prob-
lems in the way outlined in the preceding. Almost invariably, a problem in
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astrophysics consists of modeling collections of discrete objects and/or fluids
whose time-evolutionary behavior is sought. These items are subject to one
or more interactions that drive their subsequent evolution: nuclear reactions,
chemical reactions, electromagnetic fields, radiation, and so on. Each inter-
action introduces additional physics modules into the model, along with
coupling terms that govern how their presence affects the other components
of the model. Such coupling can be complex, with strengths that vary spa-
tially and temporally in various ways. The ability to solve multiphysics prob-
lems and the ability to perform data-intensive science are closely correlated,
since each additional physics module adds to the number of physical quanti-
ties whose evolution is followed across the problem domain.

Computational astrophysics is multiregime, and even more strongly
so, if we include the emerging field of laboratory astrophysics (or high-
energy-density physics). In laboratory-astrophysics experiments, terres-
trial facilities irradiate test materials using high-power lasers to create
conditions similar to that found in some key astrophysical environments
(Remington et al. 2006). This capability gives experimental insight into the
astrophysical processes and the high-temperature environments in which
they occur. This capability also provides validation data for astrophysics
codes. When combined, laboratory and conventional astrophysical codes
may model diverse conditions, including solids, liquids, gases, and plas-
mas, with materials perhaps transitioning between these states as part of
the model; they can include pure elements, molecules, and mixtures of
materials; materials having anisotropies and/or inhomogeneities; radia-
tion, perhaps consisting of photons, light, and/or heavy particles. Each of
these possible constituents may find itself in several physical regimes dur-
ing the evolution of a problem of interest and, thus, may require several
different physical models to describe its state or evolution.

Advances in computing and computational technology have enabled
data-intensive astrophysics by permitting the relaxation of two longstand-
ing, limiting constraints: model dimensionality and model resolution.

From the early days of electronic computing, all but the simplest prob-
lems in computational astrophysics have been artificially constrained with
respect to model dimensionality. Although simple observation tells us that
most interesting astrophysical processes are laden with multidimensional
phenomena, limits in computational power have required dimensional
reduction through the imposition of symmetry to the problem, for exam-
ple, spherical symmetry for models of stellar evolution and axial symme-
try for models incorporating accretion disks.
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Increasingly, one of the enabling benefits being realized is that compute-
and data-intensive science are being relieved of dimensional constraints.
It is now common for astrophysical simulations to be performed in three
spatial dimensions. This freedom unleashes the full consequences of any
inherently multidimensional terms in the modeling equations. Thus,
problems whose equations contain cross products or tensors, such as rota-
tional mechanics, fluid mechanics, electromagnetism, anisotropic media,
and general relativity, are affected. Furthermore, this is the only way these
problems can really be modeled correctly.

When we look at treating radiation in astrophysical problems, dimen-
sionality is even more important. Full solution of a problem in radia-
tion transport requires a complete description of six-dimensional phase
space (three spatial and three momentum dimensions) evolved in time.
Although data-intensive science seeks to expand the realm of computa-
tionally tractable problems, as of this writing, the routine execution of
radiation hydrodynamics problems that are fully six-dimensional still
presents a challenge for today’s computer architectures. High-resolution
simulations, with a full complement of physics, are presently restricted to
occasional “hero runs” on one of today’s large capability systems.

The issue of model resolution enters computational astrophysics in several
ways. First, and most straightforwardly, one often desires higher resolution
without necessarily increasing the fidelity of any included physics modules.
Alone, this higher resolution can allow better resolution of shock waves,
more detailed study of instabilities, more accurate tracking of features, and
better characterization of such quantities as peak temperatures and interface
locations. Increasing resolution also contributes great value to the process of
code verification: It can be used to show evidence that implemented algo-
rithms show satisfactory convergence properties in space and time.

A second way resolution benefits a simulation is by permitting better
refinement of microscopic or subgrid models of important physical pro-
cesses. So, in addition to the better grid resolution just discussed, that finer
grid can additionally contain information is more faithful to the underly-
ing physics. This improved physics is often only of value when a model’s
grid resolution is sufficiently fine that important features and processes
can be identified. Improved microphysics can enter in several ways, includ-
ing better microscopic models for local quantities (e.g., thermodynamic
properties of materials; coupling coeflicients between multiphysics com-
ponents, such as matter or radiation; and improved reaction networks),
better coeflicients for nonlocal effects (e.g., transport properties, including



Answering Fundamental Questions about the Universe m 79

multiphysics coupling between matter and radiation), or improved models
for tracking interfaces or surface effects.

Improved resolution can further benefit data-intensive astrophysics
through a third, less direct way, namely, through the implementation of
tiered subgrid multiscale models. Although a multiscale approach has
long been used implicitly in essentially every computational astrophys-
ics simulation, it has only been relatively recently that its fuller potential
has started to be demonstrated. As a first example, we consider models of
nuclear burning and flame front propagation in thermonuclear (type Ia)
supernovae (Townsley 2009), as shown in Figure 4.2. The problem contains
many length scales that are much finer than any feasible computational
grid containing the complete problem. (The smallest length scale can be

FIGURE 4.2 (See color insert.) Image showing fluid-mixing instabilities as part
of a thermonuclear flame model in a subgrid simulation of a type Ia supernova
using the FLASH code. The figure shows the developing flame surface influ-
enced by Rayleigh-Taylor instabilities. (Figure adapted from Calder, A. C. et al,,
Astrophysical Journal Supplement Series, 143:201-229, 2002, and provided cour-
tesy of the Flash Center for Computational Science, University of Chicago.)
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as much as a factor of 107° smaller than the macroscale grid spacing.) An
approach to this issue is to compute the flame physics on a tractable scale
for a sufficient number of representative portions of the complete physical
domain. This microscale solution is then used to provide subgrid-based
input for the macroscale model.

As a second example, we divert to the field of material science, where
Abraham et al. (1998) demonstrate the propagation of cracks in materials
by introducing intermediate-scale models between the largest macroscopic
continuum scale of ultimate interest (>1 mm) and the smallest ab initio
quantum mechanical approach at the level of the atomic constituents (at a
scale of ~1 nm). Two mesoscales are used to link these extremes—one on
a larger scale, which models dislocations, and the other on a smaller scale,
which models atomic interactions by a semiclassical mass-on-springs
approach. An appropriate modification of this four-tiered approach may
find astrophysical application modeling the possible formation of cracks
in the crusts of neutron stars. Additionally, a broader version of this
approach may be useful in developing more detailed response models of
materials used in laboratory-astrophysics experiments.

Besides the increased accuracy afforded by this class of techniques
(as compared against purely macroscopic approximations), there is also
opportunity to account for subgrid microscopic geometric effects such as
lattices, molecular chains, filaments, and voids. By using mesoscale mod-
els, the need for assumptions such as local thermodynamic equilibrium
can be relaxed. Macroscopic state variables, such as energies, pressures,
and material strengths, which are needed by the hydrodynamic equations,
can be computed directly, rather than assuming a possibly inaccurate
equilibrium model. Enriched with these techniques, there is some hope
of being able to model rapid timescale, multiple-distance-scale processes
more realistically. This approach actually represents a hierarchy of data-
intensive science, since each scale can represent a data-intensive problem
in itself.

When faced with what are clearly voracious computing problems, we
might ask how much resolution and how much multiscale modeling are
ultimately enough? What additional science is delivered as resolution
increases? Are there thresholds in computational and data-intensive capa-
bility that lead to the delivery of new science? Can we assume that “what’s
past is prologue” guides predictions of future thresholds?

We have seen that, in the recent past, additional dimensionality
and the addition of multiphysics modules have clearly been important
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thresholds in many areas of astrophysical discovery. As these thresh-
olds have been crossed, major qualitative improvements in science have
resulted. Anticipating future thresholds, there are a number of unexplored
areas of astrophysics where added dimensionality and additional phys-
ics will allow future study. As mentioned previously, the possible roles of
magnetic fields or the effects of radiation are areas that benefit. These are
obvious future science thresholds that we can predict, based on past expe-
rience. In contrast, and further to our preceding discussion, a less obvious
threshold might be the ability to run entire multiscale models, using a
“sufficient” number of tiered scales, all executing concurrently. Can we
anticipate some future advances, analogous to the development of adap-
tive mesh refinement (AMR), that will easily permit adaptive computation
at multiple scales within a single computational domain?

Data-intensive science has enabled support for more serious verifica-
tion and validation (V&V) studies. Large multiphysics codes present spe-
cial problems for systematic verification (Keyes et al. 2013). This is because
standard multiphysics test problems are few and, in a large code, the num-
ber of possible regime and coupling combinations are many. Although it
is difficult to see how this will not always be a challenge to manage from a
logistical perspective, data-intensive capability at least gives us the system
resources to make inroads that can lead to better approaches. Additionally,
we now have an improving ability to perform detailed code-to-code com-
parisons, which contribute to increased confidence in all codes involved in
a study. Finally, a data-intensive environment has given us ability to make
more thorough analysis of existing validation data. The detail now pro-
vided by simulations can also be used to design experiments that them-
selves yield additional validation data. Although this entire area remains
challenging, without a data-intensive computing environment, it would
be prohibitive to approach V&V studies in any serious way. Similarly, a
data-intensive paradigm supports reasonable approaches to Uncertainty
Quantification (UQ) and Quantification of Margins and Uncertainties
(QMU), which are of growing importance to the astrophysics community.

The creation/gathering, processing, analysis, application, and archiving
of astrophysical data are large subjects and their details can be explored
in this chapter only briefly. So that we can have some chance of discussing
important issues, we find it necessary to limit our discussion here to the
field of computational astrophysics. Unfortunately, this restriction does not
allow us to present any detail on the advances in observational branches
of astronomy and space science that result from emerging data-rich
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environments. In passing, we mention two of the most well-known obser-
vational repositories: (1) the Multimission Archive at Space Telescope
Science Institute (http://archive.stsci.edu/index.html), which contains
data from numerous NASA astronomy missions, including data from
the Hubble Space Telescope, and (2) the Sloan Digital Sky Survey (http://
www.sdss.org). Both repositories contain multiple databases, the larg-
est among them individually contain several tens of terabytes. Although
these databases are no longer considered massive by current leading-edge
standards, they have nevertheless been groundbreaking, both in the scien-
tific discoveries they have enabled and in their approaches to management
of digital astronomical data. We also mention the planned ground-based
Large Synoptic Survey Telescope (LSST, http://www.Isst.org/lsst), which is
anticipated to collect more than 1 petabyte of data per year and requires in
excess of 100 teraflops of computing power when fully operational.

Even by restricting the scope of our discussion in this chapter to com-
putational astrophysics, we leave ourselves much ground to cover, since the
field represents a rich mixture of problems and possible solutions repre-
senting the birth, life, and death of all astronomical objects from the basic
subatomic particles up through the elements, planets, stars, galaxies, and
ultimately the universe itself. Although the dominant physics and the com-
putational approaches vary widely among these problems, and among the
people who study them, they do share many common features and issues. It
is these characteristics that we address in the sections that follow. To do this
effectively, we will describe a case study taken primarily from our own study
of core-collapse supernovae, a branch computational nuclear astrophys-
ics. Throughout, we make frequent reference to V2D, a two-dimensional
radiation-hydrodynamics code for applications in computational nuclear
astrophysics and high-energy-density physics, which we have developed
(Myra et al. 2009; Swesty and Myra 2009). It has been designed to take
best advantage of current-generation and foreseeable high-performance
computing (HPC) system architectures. It is developed with advanced
algorithms and state-of-the-art code-development practices. Throughout,
we distinguish design and practice used in the V2D code and workflows
that derive from it, from the designs and practices of other computational
astrophysics codes with which we are familiar. We also point out the com-
monalities and differences that exist within the computational astrophysics
community with respect to algorithmic, coding, and workflow practices.

In the DOE Office of Science Data-Management Challenge (Mount
2004, p. 19), classification of data is made into three primary types: (1)
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simulation driven, (2) observation/experimentally driven, and (3) informa-
tion intensive. Each of these is applicable to astrophysics. Relevant to dis-
cussion in this chapter, category (1) is presently the most significant source
of data. Data in category (2) are primary restricted to observational astro-
nomy and include the data in astronomical databases mentioned earlier in
this section. However, validation data from astronomical observations and
laboratory-based astrophysics experiments also contribute to this category.
Finally, data in category (3) were almost completely absent from computa-
tional astrophysics more than about a decade ago. However, information-
intensive data are increasing both in importance and in dataset size, and it
will possibly make up a significant portion of computational astrophysics
data in the future.

The remainder of the chapter is organized as follows: in Section 4.2, we
describe data types that are encountered in computational astrophysics. In
Section 4.3, we outline the scope of dataset sizes we encounter. Section 4.4
contains a description of how these datasets are created and organized by
applications that produce them. Data nonlocality and network issues are the
subjects of Section 4.5; how nonlocality affects data analysis is the subject
of Section 4.6. In Section 4.7, we discuss data archiving, and in Section 4.8,
we discuss data and workflow. Scientific visualization of large datasets is the
subject of Section 4.9. We conclude by giving our outlook in Section 4.10.

4.2 DATA TYPES

Most computer simulations in astrophysics involve the numerical solution
of partial differential equations that describe either the static structure or
the time-evolution of matter, radiation, and the gravitational field. Such
simulations can, in general, be complicated by the inclusion of a variety of
microphysical process for the chemical evolution of matter and the interac-
tion of radiation and matter. Furthermore, adding another layer of com-
plexity, problems may involve widely disparate scales in time and space. The
most common approach to solving these sets of partial differential equations
(PDEs) involves the use of finite-difference or finite-volume techniques that
rely on the discretization of the underlying PDEs on structured meshes. The
computational algorithm may also make use of AMR techniques (Plewa
et al. 2005) to address multiple spatial scales present in a problem.

This particular set of simulation methodologies gives rise to data in
the form of arrays representing discretized values of data on a (perhaps
hierarchically) structured mesh. Because of the relatively simple problem
geometries found in astrophysical applications, unstructured meshes,
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which are widely utilized in engineering applications, are less likely to
be employed. The use of structured meshes has three main advantages:
the meshes are easier to partition for parallel simulations, parallel input/
output (I/O) of the mesh variables may be more easily handled, and the
code will exhibit regular patterns of memory access allowing codes to be
highly optimized for cache efficiency.

Data on these meshes is typically stored in the form of multidimen-
sional arrays of floating-point data representing the physical quantities
being modeled, that is, matter density, temperature, gravitational poten-
tial, and so on. These quantities can be scalar, vector, or tensor in nature.
The number of variables required is problem-dependent. In a two-dimen-
sional fluid dynamic simulation of the evolution of an ideal gas, this may
involve as few as four variables at each spatial point: the gas density, the gas
temperature (or equivalently gas or total energy), and the two components
of the fluid velocity. In more complex simulations involving the model-
ing of the evolution of a radiation spectrum, with reactive-flow chemistry
present, there could be hundreds or thousands of variables required to
fully represent the system at each point in space.

4.3 DATASET DIMENSIONALITY AND SIZES

Two decades ago, the limitations of computer architectures placed severe
restrictions on the types and sizes of astrophysical simulations. In the pres-
ent day, the capability of architectures has grown to allow simulations that
were undreamt of just a quarter century ago. Nevertheless, even at the pres-
ent time, there are astrophysical problems that are intractable at the petascale
and even, in the future, at the exascale. The problem size is set by the dimen-
sionality of the problem and the need for resolution in each dimension.

In the first few decades of computational astrophysics, problems that
were considered computationally tractable were those that were primar-
ily limited to a single spatial dimension. Typically, such computational
models of that era were stellar evolution models, which solved the partial
differential equations of stellar equilibrium, or time-dependent hydro-
dynamic models, which addressed spherically symmetric problems. It
was not until the late 1980s that HPC architectures achieved sufficient
capacity to address complex multidimensional problems. The issue of
dataset size is easily illustrated by the idea of a basic three-dimensional
fluid dynamic simulation with an ideal gas. If we suppose that our
three-dimensional computational domain is discretized into 100 zones
in each dimension, we have a total of 100 X 100 X 100 = 10° spatial
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zones. For a simple fluid dynamic simulation, five variables must be
stored in each zone: the fluid density, the fluid internal energy, and the
three components of the velocity vector (Mihalas and Mihalas 1999).
The concept of dimensionality encompasses not only spatial dimen-
sions but also those of phase space. In many astrophysical applications,
one seeks to model the transport of radiation through the fluid of an
object such as a star. Ideally, one would like to do this by solving the
Boltzmann transport equation, which describes the temporal evolu-
tion of the radiation distribution problem in a six-dimensional phase
space (three spatial and three momentum dimensions). If we were to
discretize each dimension of phase space with 100 zones, we would
obtain a total of 10'? zones in the problem. Such a problem is clearly in
the petascale domain. At 1000 zones for each dimension, the problem is
well into the exascale. At the present time, astrophysicists often assume
that radiation flow is diffusive in nature, that is, that the distribution
of radiation is nearly isotropic, in which case the problem reduces to a
lower dimensionality, for example, three spatial dimensions and one
spectral (energy) dimension. This could still render a very large data-
set that is well into the terabyte range even for a modestly resolved
problem.

Modeling fluid flows with complex chemistry also increases the size
of problems. This is especially true of nuclear-astrophysical phenomena,
where many different isotopes of the various elements involved may be
synthesized or subsumed in complex chains of nuclear reactions. Ideally,
one may wish to follow the temporal evolution of hundreds or thousands
of nuclear species. For each species, one must solve a continuity equa-
tion that describes the temporal evolution of each species due to both
fluid advection and nuclear chemical evolution. It is quite possible that a
problem may have more nuclear species than it has spatial zones in each
dimension.

A final aspect of dataset size that should be mentioned relates to the
organization of the data. As mentioned, in virtually all astrophysical
modeling applications at this time, structured grids are utilized. The use
of structured grids allows simulation codes and data processing codes to
be highly optimized with regard to both data access speeds and floating-
point performance. Nevertheless, an additional complexity enters many of
today’s simulations (Plewa et al. 2005), where use of patch-based adaptive-
mesh refinement introduces another layer of complexity in dataset man-
agement for large-scale datasets.
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4.4 CREATION AND ORGANIZATION OF SIMULATION
DATA: PARALLEL COMPUTING AND I/O

Although the term “data-intensive” usually conjures up associations of

vast amounts of output data sitting somewhere on disk or tape, this image
provides an incomplete picture of the data in simulation-based science.
Most data-intensive applications in astrophysics are data-intensive in
their use of nearly every available system resource. The process of run-
ning a simulation can stress system memory, I/O bandwidth, and network
resources, before its being transferred to storage, where a “final” dataset
eventually resides. Furthermore, concurrent with or following the stor-
age process, datasets are subjected to various kinds of analysis, filtering,
visualization, reordering, and rewriting—data-intensive processes that we
consider in this and the next sections.

In typical astrophysical simulations, output data that are either directly
read in or written out by the simulation code can typically be classified by
one or more of the following functions:

1. Input data, starting conditions, code options. These are data contained
in files required to set up initial conditions and specify a preselected
set of switches for the code to use during a simulation. Traditionally,
these files have been small but, increasingly, data-intensive capabil-
ity has enabled use of real-world data from observations or detailed
output from other simulations as initial conditions. Although such
files are no longer necessarily small, it is unusual for I/O process-
ing on them to occur more than once per run. (In V2D, a common
usage practice involves using the output of another code [RH1D] as
initialization data for a V2D run [see Figure 4.4]. The same practice
is frequently used for simulations involving the CRASH code at the
University of Michigan [Drake et al. 2011].)

2. Checkpoint data. These are data, stored periodically, to enable recov-
ery of an application in mid-run, should the application fail due to
some computer system problem, expiration of allotted wall-clock
time, an unfortunate choice of input option when the application
was started, or perhaps a software bug. Files containing these data
save the state of the simulation at predefined points within a run and
contain all the information needed to restart the application from
the point where the checkpoint file was written. This includes grid
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information, timestep information at the point the file was written,
and key state variables of the system across the complete computa-
tional domain.

3. Diagnostic data. These data contain information that may be
employed by the user (both mid-run and post-run) to determine
whether a particular run has produced valid results by some set of
criteria. Files in this category might be as basic as a sequential log
file or as sophisticated as complex visualization data. It has been our
experience that suitably chosen visualizations of diagnostic data can
be invaluable as a debugging tool by revealing possible problems in a
simulation code.

4. Output snapshot data. These are files that contain the raw data of
a run—typically snapshots of all relevant quantities in the problem
made periodically throughout a run. Since each file typically involves
a large amount of data, they tend to be produced sparingly, or else
the time to write out this data may come to dominate the wall-clock
time required to complete a simulation. In V2D and related codes,
some I/O economy is achieved by having a single class of files serve
as both checkpoint and output data.

5. Output time-series data. These are files containing data for tracking
time evolution of a particular quantity of interest, where standard
output data dumps are too infrequent to obtain sufficient time reso-
lution. Files in this class include only a small, specialized portion of
a complete dataset.

The issue of checkpoint data requires more discussion. There has been
much recent speculation as to whether it even makes sense to perform
checkpointing on future exascale systems (Cappello et al. 2009). This is
because it is anticipated that the time needed to write a checkpoint file
on an exascale system will be comparable to the mean time to interrupt
of some key system component directly related to a running application.
Irrespective of this prediction, checkpointing remains very much a going
concern at the present time, and it is important to have an effective
strategy for carrying it out for as long as it is feasible. In V2D, we employ
user-initiated checkpointing, that is, the source code that governs the
writing of checkpoint files is contained in the V2D codebase. Thus, the
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application directly controls the frequency of writing and the format
of the files. As mentioned above in this section, we have chosen to have
checkpoint files that also serve as output-snapshot-data files. This helps
amortize the cost of I/O. In designing this I/O utility, we were faced with
the choice between writing out every quantity in the simulation or writ-
ing out a “minimal dataset,”—a dataset that is just large enough such that
any unsaved quantities can be recalculated as functions of those that have
been saved. Since I/O operations are expensive timewise, V2D uses the
approach of saving only a minimal dataset. Although this produces more
efficient I/O performance during the run of a simulation, it comes at a
price. In any post-run analysis, a minimal dataset needs to be “recon-
stituted” to full size at the expense of both more computing and I/O.
The justification for this approach is that this additional processing can
generally take place on smaller, more available, and less expensive sys-
tems than where the simulation was originally run. If data reconstitution
is done locally (see Section 4.5), rather than on a remote HPC system,
file transfer across the network is more efficient with minimal datasets.
Furthermore, a certain amount of data reconstitution and expansion
needs to take place in any event, since there are physical quantities (uncal-
culated during the run) that do not play any direct role in a simulation,
but which lend understanding toward analyzing and interpreting a run.
Finally, and perhaps of greatest importance, a minimal dataset approach
mitigates the issue of stalling the progress of a simulation at points where
it is blocked waiting for I/O operations to complete.

In a typical simulation, we desire periodic output at a frequency suf-
ficient to characterize the specific model being run. In typical large-scale
runs of V2D, this results in thousands of checkpoint/output snapshots per
simulation. The I/O architecture of V2D is designed to write each snap-
shot as a single parallel-HDF5-formatted file, regardless of the number
of processes involved in the job run. A single file per snapshot simpli-
fies file management and eliminates the need for a post-processing step
to coalesce multiple files. In making this choice, the costs to weigh have
been (1) the need to develop and maintain a more complex I/O module in
the code; (2) adoption of a community-standard file format, which prob-
ably brings net benefits, but runs the risk of not being supported in the
future; and (3) the risk that this parallel I/O strategy may not perform well
on future system architectures. We address these concerns in turn: Any
required additional code complexity referred to in item (1) can be classi-
fied as code that is “written once; used forever.” In fact, our I/O interface
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to HDF5 is used not just by V2D, but all radiation hydrodynamics codes
and analysis packages we currently support. By using this model, we gain
data portability. We write each file once on the system where a simulation
takes place and subsequently read these output files many times on other
systems of diverse sizes, architectures, and capabilities—literally from lap-
tops to supercomputers. As far as item (2) is concerned, our adoption of
a community standard follows a strategy that is increasingly employed
elsewhere in computational astrophysics. As an example, the FLASH
code (Fryxell et al. 2000) also uses HDF5 (Ross et al. 2001). As further
demonstration of the benefit of this standard, FLASH’s I/O module has
recently been ported at the University of Michigan for use in the CRASH
code. The adoption of a standard file format is a double-edged sword. Its
benefit is immediate portability to many computer system architectures
and potentially many applications and analysis tools. However, there is
always the risk that the investment may not pay off indefinitely if the com-
munity at large does not continue its support by way of required govern-
ment or industrial involvement. Finally, regarding item (3) concerning
future architectures, the history of I/O performance on massively parallel
systems has generally lagged somewhat relative to advances in raw com-
puting horsepower. The same is likely to be true on exascale systems. It
is our calculated assumption that useful, standardized, I/O formats will
outlive any specific architecture or implementation. Although, underlying
software may change, we expect interfaces and formats to be longer lived.
Furthermore, the frequently used alternative of writing one file per pro-
cess is fraught with even greater risk in the future. It simply ceases to be
a viable method once high-performance applications feature the million-
way parallelism destined for the exascale era.

The overarching issues of I/O scalability and the adequate provisioning
of I/O on capability and large capacity systems are ongoing. There are cer-
tainly persistent technical issues in trying to achieve a parallelism of I/O
that is comparable to the parallelism achievable in pure computation. This
issue becomes especially acute at the exascale and beyond, where scalabil-
ity of applications may become severely limited by lack of scalability in
the I/O. (For a code to achieve, e.g., ~10° times parallel speedup, Amdahl’s
law requires that <10-° of code execute sequentially—including the I/O!)
As parallel I/O technology has advanced, systems implementations have
become better at hiding some problematic I/O operations from an appli-
cation. This includes such solutions as the implementation of automatic
read-and-broadcast routines for situations where all processes read the
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same (small) file and tiered coalescing of I/O to avoid many-to-one prob-
lems. It will be of great benefit to the community if research and develop-
ment on analogous issues continue.

In addition to technical challenges, there is also what might be best
termed a political issue with I/O performance, since maximizing floating-
point operations is almost always seen as a more publicity-worthy expen-
diture of limited financial resources than achieving the optimal balance
of compute-to-I/O capacity. The application community needs to find a
suitable forum for this concern to be addressed.

4.5 GEOGRAPHIC NONLOCALITY OF
DATA: NETWORKING ISSUES

In the world of data-intensive science, reality dictates that some portion
of a scientific dataset is always nonlocal to the scientist. Even if one lives
and works at a HPC installation, there are local network issues to consider,
since it is the rare scientist who can do his or her work sitting at the con-
sole of an HPC system with all the data sitting on the local disk! Instead,
a more realistic situation presently exists where a researcher can often be
1000 km or more removed from the system where a simulation is per-
formed. In this section, we discuss the issues of network communication.
Arguments as to where data should reside and models for how it can be
effectively analyzed are topics for the Section 4.5.

Although it is perhaps perpetually stylish to moan about network
performance, there is no question that network capacity and bandwidth
improvements of the past decades have followed a performance curve
similar to that of the microprocessor. Since data are frequently nonlocal,
network improvement has been a sine qua non upon which the progress of
data-intensive science has relied.

At least one issue remains troublesome: While bandwidth is constantly
improving, and this improvement is likely to continue, network latency is ulti-
mately limited. (The speed of light is finite!) Logistical networking (Beck and
Moore 2005), which was developed as part of U.S. Department of Energy’s
SciDAC program, demonstrated one method by which issues inherent in long-
range file transfer could be circumvented through the introduction of inter-
mediate storage depots. This led to much improved file-transfer speeds over
the coast-to-coast file transfers taking place as part of a number of SciDAC
projects. Its capability was heavily utilized by the present authors. However,
no technology has much to offer in the way of improving interactive latency
for tools based on a graphical user interface (GUI) when used remotely.
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The so-called last-mile problem, where the effective performance of
an otherwise high-speed network is impaired by slow network hardware
at the destination site, continues to plague researchers and institutions.
When this issue occurs, it is not always due to inferior network technology
at one end or the other. It may also be due to legitimate network security
concerns, the result of which is an introduction of overhead and a resul-
tant throttling of data transfer.

4.6 EXTRACTING SCIENTIFIC MEANING: POST-
PROCESSING AND ANALYSIS OF DATA

In furthering achievement of better answers for the fundamental ques-
tions of astrophysics, we need to be prepared for a vast increase in data vol-
ume. Although computational astrophysics simulations have always had
the ability to produce more output data than a human being could easily
assimilate, the situation has changed qualitatively over the careers of the
present authors. In the present age of petabyte datasets, assimilating the
output of even a single simulation cannot be made, unassisted, by a single
human being over the course of an entire career. Hence, we are presented
with the requirement of effective tools for large-scale data analysis.

This requirement, in turn, vastly increases post-processing computing
demands. Indeed, in many branches of computational astrophysics, per-
formance specifications for computer systems dedicated to post-processing
analysis are becoming increasingly comparable to the systems on which
the original simulations take place.

In Section 4.4, we discussed relying on post-run processing to reconsti-
tute a minimal-output snapshot written by a simulation. In doing this, we
have access to the physical quantities of interest needed to analyze a run.
In addition to enabling routine visualizations of a simulation, post-run
analysis is becoming more and more sophisticated as a means to recognize
and track the evolution of transient and evolving features (e.g., shocks, vor-
tices, and interfaces) and to perform statistical analysis of such features.
Figure 4.3 shows the stratification of convective vortices observed during
a simulation of an early phase of proto-neutron-star formation (Myra and
Swesty 2009). The ability of automatically identifying and tracking the
development and evolution of such features is a major benefit.

Post-run analysis of output data may also function as an early stage
in an analysis pipeline or tree, which prepares datasets for subsequent
use by other software (either commercial or homegrown). Such software
may perform visualization (Section 4.9), UQ (e.g., sensitivity or regression
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FIGURE 4.3 (See color insert.) Proto-neutron star convection, visualized with
LEA. Inthisclose-up of the core of a proto-neutron star, we observe stratified flow in
the form of small-scale vortices. (The numerical scale shown is in kilometers.) This
is an example of a class of features whose creation and evolution is of interest—one
that can benefit from feature detection and tracking technology. (Visualization
courtesy of Polly Baker and Ed Bachta, Indiana University; figure adapted from
Myra, E. S. et al., Computing in Science and Engineering, 11(2):34—44, 2009.)

analysis), or data mining (e.g., extracting feature sets common to multiple
runs and finding the correlation among them), to name a few possible
functions. In some cases, subsequent use of analysis software may require
intermediate reformatting of data or some other type of data reorganiza-
tion or conversion (e.g., averaging, unit conversion, type conversion, and
reordering). Although it is possible to minimize data conversion with
careful design of homegrown analysis tools, this step seems unavoidable
when one wants to use available commercial or other third-party software.

A question arises as to the location where it makes sense to do post-pro-
cessing and analysis—remotely, where the data are created, or local to the
scientist, where network response is fastest. Latency can make remote pro-
cessing problematic, especially whenever visualization or a GUI is a part
of the process. Latency is less of an issue for automated nonvisually based
post-processing. Regardless of the choice, the network comes into play one
way or another. If all analysis is done remotely, one can be left with the
awkward problem of GUIs powered by a remote system being displayed
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and used on local systems. For the transcontinental distances we have
faced in analyzing runs of V2D, the never-to-be-made-smaller latency (the
light-travel time between local systems in New York and remote systems in
California) of 10 ms, when combined with other latency overheads, makes
remote GUIs frustrating to use. In practice, the typical round-trip transit
time for packets between New York and California is closer to 80 ms. The
optimal way to use the remote analysis model is in a client-server mode
where the GUI runs on a local workstation and the analysis software run
remotely. Although this can be technically sound and an effective usage
model, we do not find ourselves able to use it frequently. Logistical, soft-
ware, networking, and security issues often stand in the way.

An alternative model is to retrieve all the raw data back across the net-
work and do post-processing and analysis locally. The downside to this is
that data transfer times can be long and disk space requirements can often
press up against the limit of what is available locally. If these issues are not
prohibitive, this model can often be the most productive, since analysis
tools can be used locally. In practice, we have found ourselves using this
model most frequently, but it may not work for all sites or for all kinds of
desired analysis.

It is also possible to do a hybrid model, where some of the data is ana-
lyzed remotely and then, as needed, is transferred to the local site. In
the case of V2D, where post-processing data reconstitution expands the
amount of data (potentially dramatically), use of this model requires even
a greater consumption of network resources. In practice, we rarely operate
this way, although it can be effective especially if, by doing this, one can
somehow avoid the need to transfer all the data to the local site.

Finally, sometimes, the optimal post-processing and analysis model
is dictated purely by software considerations. Licensing, availability of
software for a target architecture, and multisite collaborations can lead to
analysis following a combination of the preceding methods.

4.7 DATA ARCHIVING AND THE RE-ACCESS OF DATA

It has often been lightheartedly suggested that almost all data in computa-
tional astrophysics can be classified as “write once; read never.” Although,
at times, there has been more truth in this adage than any researcher would
care to admit, the situation is changing. Frequently, raw simulation-based
data are now being used as, or converted to, information-intensive data.
Much of this change is the result of the increasingly important role UQ is
playing in astrophysics research. Because of this, data archiving deserves
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attention. We briefly concern ourselves here with two broad issues in
archiving: (1) how much, what form, where, and on what medium to store
the data and (2) the metadata and technology needed to access this data in
a “smart” way for use by analysis tools.

Although the situation may change with the introduction of exascale
technology, we have found that current tape-based archiving systems,
such as HPSS (http://www.hpss-collaboration.org), have proven adequate
for long-term storage for a number of data-intensive projects in which we
have been involved. Given the high capacity of such systems, we generally
err on the side of saving too much data, rather than too little. As a result, it
is common for us to save an entire raw dataset as well as a certain amount
of post-processed data. Given that archival storage systems are a part of
HPC facilities, archival data is almost always stored there.

However, storage of raw data can present problems when it is destined
for re-access. It is our observation that, within the computational astro-
physics community, there is presently little software in use to organize
archival data. As data volume and the amount of re-access continues, we
can foresee need for some kind of database management system (DBMS)
that can keep track of data location as well as associated metadata to guide
retrieval. At the University of Michigan, as part of the CRASH project, we
make the practice of saving, in a data repository, key files associated with
important runs. These files include input files, a full source tree for the
version of the code with which a run was made, any source files that may
differ from the tagged version, location information for archived output
data, and annotation regarding the simulation. This is certainly a reason-
able start to organizing archival data. However, with this scheme, even
tasks such as simple searches remain difficult in the absence of an orga-
nized DBMS.

4.8 THE DATA PIPELINE AS PART OF WORKFLOW

Figure 4.4 shows a typical workflow of a simulation run of V2D together
with some post-run processing and analysis steps. The RHI1D step (shown
in the shaded box at the top left of the figure) is one option for starting
the workflow: this one-dimensional radiation hydrodynamics code can be
used to produce input for the two-dimensional radiation-hydrodynamics
initialization program V2D_IDAT. There are other options as well (not
shown), including using data input from other codes or using a module
within V2D_IDAT to calculate initial conditions directly. The function of
V2D_IDAT is to set up the initial input data for the full simulation code
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FIGURE 4.4 Workflow diagram showing typical workflow for a V2D simulation
run and analysis. Also shown are some optional or occasionally performed steps.
The output of the RHID application is one possible way of creating input data
for V2D_IDAT, the application that creates initial data for the simulation code,
V2D. EXTRACT takes output from V2D and processes it for use by visualization
packages (e.g., VTK, IDL, and MATPLOTLIB) or for other analysis software. The
output from V2D may also be used to create another instance of a V2D run.

V2D. V2D_IDAT completes its task by writing a checkpoint file, which is
read by V2D, when it starts execution. The program EXTRACT is our post-
processing step, which uses output from V2D to generate all the quanti-
ties of interest for analysis. In Figure 4.4, we show primarily visualization
packages as tools for further analysis although, as shown, such a toolset
could also include feature extraction software, UQ analysis software, data
mining software, and other packages. We also note that a run of V2D can
trigger another run of V2D. In a subsequent run, V2D may perhaps be run
with a different set of options to solve a problem whose specifications have
been modified (perhaps significantly) from the previous run.

Although Figure 4.4 could be interpreted as implying that each stage of
the V2D workflow is an atomic operation, that is, that a given step cannot
commence until the previous step has completed, this need not be the case.
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Achieving concurrency by overlapping independent steps in the pipeline is
key to good wall-clock performance. For example, while an instance of V2D
is running, it is possible to execute an EXTRACT post-processing step on
any already-existing snapshot or time-series data. It is also possible to cre-
ate and analyze diagnostics, move any available data across the networks,
and archive that data. We emphasize that post-processing on the fly is nec-
essary to enable real-time diagnosis of runs. The ability to see and respond
to diagnostic data while a run is in progress is vital, especially when using
capability HPC systems. Time on such systems is a precious resource that
precludes waiting until the end of a run to determine whether a simulation
has evolved in a valid and scientifically useful way. (For a more generic
picture of workflow processes, we refer the reader to Mount [2004], where
sample workflow and control flow figures are shown on pages 20 and 21.)

To attain high efficiency in workflow processes, automation of tasks is
essential. Among the tasks we have had success automating are job moni-
toring; migration of files to tertiary (long-term) storage and migration of
files to local sites for analysis; zeroth-pass analysis to confirm model valid-
ity and the value of continuing a simulation run; and first-pass analysis to
do “standard” analysis to identify areas where human intervention will
pay off. Many of these tasks can be accomplished with rudimentary shell
scripting. However, we have been pleased with the outcome of demon-
stration projects using workflow-management software from the Kepler
Project (Ludéscher et al. 2009).

The advent of large-scale UQ studies in computational astrophysics
makes automation of tasks an even greater necessity. In addition to man-
aging workflow of an individual job, there is the task of managing collec-
tions of these workflows as part of a UQ study. Aside from the obvious
operational complexities involved in doing this effectively, there are other
issues at play. One of the most important involves the selected range of
input parameters within a study. Some choices can result in the failure of
a run as the execution explores unvalidated areas of the simulation code.
Additionally, in QMU studies, there will be runs having qualitatively dif-
ferent outcomes (some of which may also lead to code failure). An auto-
mated way of treating and deconvolving these issues is clearly desirable.

4.9 SCIENTIFIC VISUALIZATION OF DATA

In the early days of computational astrophysics, when data was output by

line printers on green and white paper, the line plot served as the main way
in which scientific data was presented so that humans could accomplish



Answering Fundamental Questions about the Universe m 97

scientific discovery. With the advent of multidimensional astrophysical
simulations, the demands grew, and the 1990s and the first decade of the
21st century saw the development of the field of scientific visualization as a
means of analyzing the large datasets resulting from computational science
and engineering efforts. This has resulted in new visualization tools such
as Vislt (http://visit.llnl.gov) that are designed to handle terascale datasets.
Many of the tools have resulted from the development of object-oriented
classes of rendering software, like the Visualization Tool Kit (Schroeder
et al. 2006), which have allowed software builder to create such new tools
with relative ease. However, the increasing size of datasets adds challenges
to the process of scientific discovery that are not necessarily solved by the
ability to manipulate large datasets, using parallel architectures, with stan-
dard techniques such as isosurface rendering, streamline tracing, and so
on. The increase in dataset sizes, as a result of the expansion of the field
of computational science to multidimensional and multiphysics models,
has made it more difficult to enable scientific discovery through conven-
tional visualization techniques. The level of fine-scale structure enabled by
petascale computational models means that traditional visualization tech-
niques are insufficient to enable discovery. An excellent example of this is
seen in Figure 4.3, which shows the velocity field from a two-dimensional
proto-neutron star convection simulation depicted using the technique of
Lagrangian-Eulerian Advection (LEA). This technique reveals a very fine-
scale structure in the fluid flow that would not be readily seen using a tra-
ditional quiver plot or using arrow glyphs to depict the direction of fluid
flow throughout the domain. This is an example of an innovative technique
in visualization that has allowed users to visually process information in
a manner that was heretofore impossible. Unfortunately, this particular
technique does not easily generalize to three-dimensional problems.

The multiscale nature of modern astrophysical simulations poses
ever more challenges for scientific visualization. This is also true for the
increasing physical realism of models. New visualization techniques, not
just new tools, are needed to enable scientific discovery at the petascale and
the exascale. Unfortunately, there is no obvious road map to the creation
of innovative techniques, and progress in this area is likely to be unsteady.

4.10 CONCLUSIONS

What challenges does the future hold? What opportunities lie in store? As
we head inexorably toward the era of exascale computing, thereare numer-
ous obstacles that data-intensive computational astrophysics modelers
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will face. Among these challenges is the ability to carry out simula-
tions and data analysis in a fault-tolerant fashion. In an era of 100K or
million-processor simulations or visualizations, there will be increas-
ingly frequent hardware failures to contend with. This is true for both
processing hardware and storage hardware. As growth in datasets con-
tinues to match growth in memory capacity, how will we accommodate
the inevitable bit errors that are encountered in storage and memory?
What adjustments are required of us to carry out computational endeav-
ors in this context? In addition, there is the issue of data movement into
and out of computational platforms. The clear trend in HPC is toward
architectures with a deeper hierarchy of latencies for data access. How
will we achieve parallel I/O to checkpoint our simulations and move our
results to disk where we can begin analysis? And how will we actually
accomplish that analysis? With the continual growth of computational
power allowing for larger problem sizes, and a wider range of spatial
scales in simulations—as well as increasingly complex physics—how will
we be able to make physical sense of our simulation results at the exas-
cale and beyond?

One might be tempted to think that the answer to these questions lies
in the continual growth of computing power and network throughput
speeds. However, the speed of light is finite and unchanging. This ulti-
mately determines the physical sizes of computing systems, although it is
perfectly conceivable that advances in technology will continue to increase
the computing density in the near-term future and perhaps beyond. The
speed of light also limits response-time latencies across continental and
intercontinental networks. This limit has essentially been reached as of
this writing, and it is difficult to conceive of ways of effectively circum-
venting it.

It may very well be that the future of computational astrophysics, and
computational science in general, lies not with innovation in hardware,
as much as it lies with the development of new paradigms for how we
address the problems that we are faced with in constructing and executing
a computational model. Significant progress might compel advancements
in computational techniques on a scale not seen since the advent of elec-
tronic computers.

As we conclude this chapter on computational astrophysics, it is per-
haps helpful to perform the exercise of temporarily banishing some of
these overwhelming issues that are expected to continue afflicting the
field. This allows us to create a vision of what the field can transform into
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in the absence of technological limitations. In doing this, we cannot, of
course, ignore the laws of physics, but it is possible to conceive that there
are workarounds by which their grip might be loosened.

In much of our foregoing discussion on the current state of the field,
the most vexing challenges are largely a result of data nonlocality. This
includes both the large-scale geographical distribution of data (an issue
that we have spent much time discussing) and the smaller system-scale
nonlocality issues (e.g., cache hierarchies) faced by current and foreseeable
computer architectures. It is worth asking what a research environment
would look like and what capabilities could be unlocked if these constraints
could somehow be relaxed. Although the scope of such problems is daunt-
ing, advances in usable remote technology (to say nothing of more gener-
ous travel budgets) could do much to relieve the large-scale nonlocality
problem. Furthermore, the small-scale system-level constraints on data
locality are (at least presently) better classified as issues of economics con-
nected with creating commercially viable computer designs rather than
fundamental physical constraints.

So, what could be enabled? One of the holy grails of simulation sci-
ence is the ability to steer applications as they are executing. When we
eliminate data-locality issues and the operational issue of rationed sys-
tem resources, we find that real-time steering becomes a real possibility.
Of course, to enable full steering in any useful sense, we also require
full on-the-fly use of our favorite suite of analysis tools. At some level,
this capability has been demonstrated for certain, more modest applica-
tions, but the ability to do this on capability systems, at scale, for true
multiphysics applications would represent a major accomplishment. The
derived benefit of enabling improved physical insight and faster research
progress is difficult to overstate. Additionally, since visualization tools
have demonstrated value in software debugging, such a capability also
enables faster application development and code that is more likely to
be correct.

To achieve true application steering, one would require an immersive
virtual-reality environment of the sort available in a CAVE (Cruz-Neira
et al. 1992) or similar device. Once equipped with this capability, the
multidimensional, multiphysics nature of astrophysics simulations then
presents some challenges: first, how to distill the crushing deluge of out-
put data and use it to give guidance to the user steering the application,
and second, how to train the user to “drive” the application. The analogy
with driving an automobile is appropriate since the ability to brake, back
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up, and choose the speed of forward progress for an application would
provide the greatest benefit—a benefit that would be further enhanced
by the ability to “turn,” by resetting parameters of a stopped run before
resuming execution.

Sitting on top of application steering is the ability to perform UQ on
the fly and steer that analysis as well. Presently, post-run analysis forms
the backbone of standard UQ procedures; a real-time capability could
bring benefit by enabling dynamic analysis—exploring the effects of
input parameters whose relative importance may change throughout the
course of a run. It is likely that this capability would require running
an ensemble of applications concurrently. If a single run can be thought
of as creating a single thread through solution space, then this form of
UQ analysis creates a solution tube. Depending on the problem being
explored, the shape and size of this tube can provide information regard-
ing uncertainties in a calculation or perhaps be used to rule out solutions
on physical grounds.

In some sense, the story of scientific simulation in the computer age is
one of making the act of simulating more of a real-time event. Advances
throughout the decades have enabled an ever-more-powerful collection of
calculations to move from the batch-processing environment of the com-
puter center to the interactive environment of the desktop. In what we
have just described, the goal is no different. Our quest is to make simula-
tion a truly interactive real-time pursuit.
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Materials science is quickly changing the face of what is possible. Looking
to the future, it is easy to envision a number of areas where materials engi-
neering and design can impact our daily lives: cars that are lighter, more
efficient, and yet handle crashes better; batteries that can last longer and
can be recharged more effectively; lightweight insulations that virtually
eliminate heat transfer; paper that uses digital signals instead of ink to
display messages, and can be reused indefinitely; and a suit that monitors
your health as you wear it.

When Richard Feynman, the Nobel Laureate in physics, in his famous
presentation in 1959 at Caltech (document in 1960) stated that “there is
plenty of room at the bottom,” he meant the creation of new materials. He
also stated that there was not just room at the bottom but plenty of room.
He discussed how if we understood the nanoscale information that we
could design new products related to miniaturized evaporation methods,
nanolubrication methods, miniature computers, novel biological meth-
ods, better electron microscopes, and small robots all by rearranging the
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atomic structure. He was casting a vision for the future, and indeed he
did. Although we have made some progress toward his vision, we still
have a ways to go.

How do we get where we are today to this new world of materials envi-
sioned in the first paragraph? We need to consider Richard Feynman’s per-
spective of how do we rearrange atoms to create the particular structures
that can be engineered for the new application. It is more than just science;
it is groundbreaking engineering. In Theodore von Karman’s terms: “a sci-
entist studies that which exists; an engineer creates that which never was.”
What is the process for creating new structures? What are the associated
manufacturing processes by which to create these structures? How do we
rearrange the atoms in the manufacturing state so that they are stable for
the structural integrity to exist in their life cycle under various conditions
(temperatures, stresses, humidities, etc.)?

Let us start with the end in mind. Imagine that an engineer is asked
by his or her boss to design a new bulletproof shirt that needs to be
as light and flexible as the current cotton shirts, does not overheat
the individual, withstands high rate impacts, and must be procured
in a mass production manner via its material processing. With these
requirements in mind, now imagine that the engineer has only to
log onto a cyberinfrastructure for materials informatics, codes, and
data that already have tied together the myriads of options starting
with each element in the periodic table and associated links for the
composite-based shirt. The designer puts the requirements into the
cybersystem and four options are suggested—all that meet the thermal,
mechanical, and materials processing requirements. Now, the designer
must consider the life cycle costs associated with the manufacturing
process and potential market (colors, sizes, etc.) and then make
decisions about which path to pursue.

Although this dream is still off in the future, it is closer than what we
think and much closer than when Feynman made his comments about
“plenty of room at the bottom” in 1959. The confluence of large-scale com-
puting with greater precision experimental capabilities has offered the the-
oretical community new realms of accuracy and precision that have not
been realizable before. If the cause-and-effect relationships from materials
processing-to-structure-to-properties-to-performance (Olson 1997; 2000;
Horstemeyer and Wang, 2003), as shown in Table 5.1 and the cause-and-
effect relationships from multiple scales (the electronics scale up to the
structural scale) have been quantified (see Table 5.2), then one can start
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with the end in mind and go backward to optimize the material and struc-
tural design (mathematicians call this an inverse problem). The process is
illustrated in general in Figure 5.1 and for an example of creep in Figure 5.2.
However, the key is quantifying the cause-and-eftect relationships.

TABLE 5.1  Different Materials Processing Methods That Lead to
the Various Internal Structures within the Materials That Finally
Lead to the Mechanical Properties and Life Cycle Performance

Materials Processing Structures Properties/Performance

Casting Porosity Fatigue

Rolling Precipitates Ageing

Extrusion Inclusions Fracture toughness

Forging Second phases Impact resistance

Stamping Intermetallics Energy absorption

Heat treatment Grains Plasticity

Annealing Vacancies Corrosion

Pultrusion Dislocations Stiffness

Machining/cutting Texture Creep/stress
Relaxation

Blow molding Cross-links Yield

Fiber spinning Ductility

Filament winding Hardness

Injection molding

Ultimate strength

TABLE 5.2 Different Entities at the Different Length Scales for Metals,
Polymers, and Ceramics

Size Scale Metals Polymers Ceramics
Highest Structures Structures Structures

Continuum Continuum Continuum

Grains Fibers

Particles/inclusions ~ Hard phases Second

Phases
Precipitates Cross-links/entanglements
Dislocations/ Molecules/chains
vacancies

Atoms Atoms Atoms

Lowest Electrons Electrons Electrons
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FIGURE 5.1  Schematic illustrating the solving of the inverse problem where the
performance requirements are examined first and then the creation of new mate-
rials is backed out at the end.

The multiscale physics basis can be described today using a multiscale
modeling philosophy (see Horstemeyer 2009 for a review) as shown in
Figure 5.3 for a metallic system; experiments can be conducted at each
length scale to validate the computational analyses at each length scale,
as shown schematically in Figure 5.4. Once one can garner the correct
physics in the multiscale modeling and then experimentally validate it,
then the tools for the manufacturing and performance analysis are ready
for design optimization. The goal is to use this simulation-based tool
earlier in design to achieve more optimized components and systems (see
Figure 5.5). For a continuum-level model and simulation, the method to
accomplish this bridge of science and engineering is by using thermody-
namically constrained internal state variables that are physically based
on microstructure-property relations. When the microstructure-property
relations are included in the internal state variable rate equations, history
effects can be captured. Hence, the cradle-to-grave notion arises. As such,
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FIGURE 5.2 Schematic illustrating the solving of the inverse problem when
creep is considered as the main performance criterion. When others are consid-
ered, then one must consider a multiobjective design optimization scheme.

scientifically oriented research occurs in the multiscale methodology, and the
engineering design practice uses the cradle-to-grave internal state variable
model. In Figure 5.6, an example of cradle-to-grave simulation-based design
is shown for a stamped automotive product used in a crash scenario and
incorporates the multiscale methodology for wrought 6022 aluminum alloy.

The typical design practice focuses on the system or component
designer, who determines the materials; evaluates the design space; under-
stands the static, dynamic, and thermal constraints; lays out a test matrix;
and works with the material scientist and finite element analyst as a team
leader. For the most part, this component/system designer does not have
knowledge of all of these areas. Design teams may certainly differ from the
straw man design team setup here, but the essential members and tasks
are similar. The designer, material scientist, and finite element analyst
function as a team with clear, independent tasks that come together as the
designer systemizes the information. In the past century, with the advent
of the automobile, aircraft, and space flight, successes have been achieved
with this type of design team. For the most part, the design teams have
recognized the need for research to make breakthroughs in their next-
generation designs. However, current industrial trends require that the
next-generation designer must not only be a designer buta material scientist
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FIGURE5.3 (See color insert.) Multiscale modeling example of a metal alloy used
for design in an automotive component. The hierarchical methodology illustrates
the different length scale analyses used and various bridges needed. ISV, inter-
nal state variable; FEA, finite element analysis; EAM, embedded atom method;
MEAM, modified embedded atom method; MD, molecular dynamics; MS, molec-
ular statics; DFT, density functional theory. (From Horstemeyer, M.F., Practical
Aspects of Computational Chemistry, Springer Science4+Business Media, 2009).

and finite element analyst as well. This requires a paradigm shift, because
the manufacturing process and design scenarios are being pushed to one
person who is to integrate the design, materials science information, and
finite element analysis results. Therefore, advanced computational tools
are necessary to help this next-generation designer; one such design tool
is presented in this chapter. This next-generation designer/material sci-
entist/finite element analyst requires a tool or suite of tools incorporated
into a methodology that comprises and synergizes information from the
perspective of design optimization, materials data, and applied mechan-
ics. This is the idea of the new terminology of Integrated Computational
Materials Engineering (ICME) (2008), which essentially is the modernized
terminology for converging “simulation-based design,” “cradle-to-grave
modeling,” and “multiscale modeling” into one paradigm.
“Simulation-based design” means more than just using finite element
analysis late in the design process to help analyze the design of a component
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FIGURE5.4 (Seecolorinsert.) Schematicillustrating the corroboration of multi-
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effects being pushed up to the next higher length scale. (From Horstemeyer, M.E,, Practi-
cal Aspects of Computational Chemistry, Springer Science+Business Media, 2009).
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FIGURE 5.5 (See color insert.) Design optimization under uncertainty using
the multiscale modeling and multiscale experimental methodologies to optimize
processing and products.

or system. Here, it means to integrate the finite element analysis with opti-
mization methods and tools during the early design phase. The “cradle-
to-grave” term means to capture the history effects. The “cradle-to-grave”
concept literally considers the birth of the material until its death (or last
prime usage) by monitoring changes in the stress and strain states and the
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FIGURE 5.6 (See color insert.) To capture the cradle-to-grave history, robust
models must be able to capture various manufacturing and in-service design
scenarios.

microstructure/defect features. As described more in Horstemeyer (2009),
“multiscale modeling” captures the bridges from the different length
scales to solve the boundary value problem in a continuum manner but
admitting lower length scale structures.

Figure 5.5 shows the ICME modeling paradigm with an optimization
step included in the decision-making process. The schematic in Figure 5.5
shows that computations, manufacturing costs, and design constraints are
all important in the design process as well as information from a materials
database. All of these features are critical for an integrated toolkit for the
next-generation designer. This figure represents a notion that is in direct
contrast with current practice. The standard practice is to make a finite
element mesh from the solid model when a part is geometrically designed.
The stress analysis is performed and the highest stresses are used to deter-
mine the hot spots. This standard practice has only brought so far and has
limited our designs because of the lack of accuracy due to the lack of inte-
gration of all of the different objectives and constraints. The new design
methodology shown in Figure 5.5 optimizes the part based on the damage
metric that arises from the internal material structures that in turn arise
from the materials processing method. The damage state is used to deter-
mine the new geometry and hence the new material processing history
that changes the microstructural features and defects/inclusions. And so
goes the cycle.
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This new design paradigm extends some current, limited practice of
hierarchical material modeling by incorporating quantum theory simu-
lations into product design optimization for the entire life cycle (e.g., for
an optimization of a structural scale automotive component). Recent suc-
cesses in materials design using this paradigm show that the methodology
is obtainable. Horstemeyer and colleagues (Horstemeyer and Wang 2003;
Horstemeyer 2009), Olson and colleagues (Kuehmann et al. 2001; 2007),
and Dulikravich and colleagues (Egorov-Yegorov and Dulikravich 2005)
have used methods described here to create modern engineered materi-
als and structures. Although these examples are for aluminum and steel
alloys, this type of ICME paradigm can be applied to titanium alloys,
magnesium alloys, and other structural materials such as polymers,
ceramics, biomaterials, and geomaterials as hoped by Feynman (1960).

The cyberinfrastructure (Haupt 2011; Haupt et al. 2011a,b) shown in
Figure 5.7, which can be found at http://icme.hpc.msstate.edu, shows the
different length scales of models, materials, experimental data, and simula-
tion codes available to address the multiscale, history modeling approach.

There has been great progress in connecting materials processing
to structure to property/performance in the past two decades. Much
of this work has focused on failure analysis so that better designs can
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FIGURE 5.7 (See color insert.) Cyberinfrastructure that includes materials
informatics for the different models and codes at different length scales along
with the experimental data for metals, polymers (biological materials included),
ceramics, and geo-materials. The website is http://icme. hpc.msstate.edu.
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result. Figures 5.8 and 5.9 show the connections with the materials
processing methods and the associated microstructures that affect frac-
ture and fatigue.

Figure 5.8 shows the materials processing method for metals related to
the associated structures that cause fracture (mechanical property). For
wrought materials (rolling, extrusion, forging, and stamping), the main
fracture causing entity is pore/void crack nucleation from particles. For
cast materials, there are different amounts of porosity based on the cast-
ing method; hence, sometimes one method, which allows more porosity,
will have a porosity-induced fracture mode from pore growth and coales-
cence, whereas another method with minimal porosity will have fracture
arising from the voids/pores nucleating from second phase particles. For
powder metals that are compacted and sintered, porosity is the key struc-
ture and pore coalescence is the main mechanism leading to final fracture.

Figure 5.9 shows the materials processing method for metals related to
the associated structures that cause fatigue failure (mechanical property)
and the rough estimates of the number of cycles for incubation (INC),
microstructurally small crack (MSC) regime, and long cracks (LC). Note

Rolling/extrusion/forging/stamping Manufacturing process
Particles Defect type
Pore Dominant damage mechanism
nucleation under monotonic loads
Casting
Particles Porosity
Pore‘ Pore growth
nucleation
+ coalescence
+ growth
Power metal compaction/sintering
Porosity
Pore
coalescence
: } f } ! Defect size (m)
107 1076 107 10 103 | Ductile
. . . . . fralcture Defect volume
T T T T T T .
10 107 103 102 10! 100 fraction

FIGURE 5.8 Schematic showing the relationships of the manufacturing process
with the associated structures and their contribution to the fracture mode of the
material.
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FIGURE 5.9 Schematic showing the relationships of the manufacturing process
with the associated structures and their contribution to the fatigue of the material.

that each materials processing method admits a different number of cycles
for each regime. For wrought materials (rolling, extrusion, forging, and
stamping), the MSC regime is greatest with some incubation and long
crack growth. For cast materials, the incubation and MSC regimes pre-
dominate with only a small amount of long crack growth. For powder
metals, the incubation regime is dominant, because once a crack appears,
the driving force is so strong since they incubated from a large pore, and
fatigue failure occurs almost immediately.

Now, let us consider the different scale structures and the associated
environments of most concern where ICME can have a paradigm shift.
Each type of structure is mentioned first below with the environment of
consideration in parentheses.

5.1 ENERGY

Nuclear reactors (ageing, creep, corrosion)

Nuclear bombs (high rate phenomena, impact, fracture)
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Solar cells (thermal expansion, creep, adhesion behavior, strength)

Engines/motors (thermal expansion, creep, corrosion, strength, fatigue,
wear, fatigue)

Hydrogen cells (thermal expansion, creep, corrosion, strength, fatigue,
wear, fatigue)

5.2 INFRASTRUCTURE

Bridges (wear, corrosion, creep, fatigue, fracture, crashworthiness,

vibrations/resonant frequencies)
Roads (wear, creep, corrosion)
Embankments (creep, strength)

Railroads (wear, creep, corrosion, fatigue, fracture)

5.3 TRANSPORTATION

Automobiles (creep, fatigue, fracture, crashworthiness, vibrations/resonant
frequencies, noise)

Trucks (creep, fatigue, fracture, crashworthiness, vibrations/resonant
frequencies, noise)

Tanks (corrosion, fatigue, fracture, vibrations/resonant frequencies)

Airplanes (creep, corrosion, fatigue, fracture, vibrations/resonant
frequencies)

Helicopters (creep, corrosion, fatigue, fracture, vibrations/resonant
frequencies)

Spacecraft (creep, fatigue, fracture, crashworthiness, vibrations/resonant
frequencies, noise)

Trains (creep, fatigue, fracture, vibrations/resonant frequencies)

Ships/boats (creep, corrosion, fatigue, fracture, vibrations/resonant
frequencies)

Submarines (creep, corrosion, fatigue, fracture, vibrations/resonant
frequencies)
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5.4 NANO- AND MICROSTRUCTURES/SMALL DEVICES

The modern term “nanotechnology” or “microelectromechanical systems”
(MEMS) or “nanoelectromechanical systems” (NEMS) is a critical area both
now and in the future where ICME can play a very important role and can
also be traced back to Feynman’s 1959 presentation on “plenty of room at

the bottom.” Since the surface area to volume ratio is large in these technol-
ogies, different structure—property relations come into play when compared
to larger structures such as automobiles. In particular, wetting, friction, and
electrostatics are more relevant as well as the geometry, size, and volume of
the defects internal to the small volume of material. In general, the smaller
the component or device, the more important the “structure” is in the struc-
ture—property relationship. Recall how important the heterogeneous micro-
structures were in the control arm fatigue, and fracture problem as shown
in Chapters 8 and 9. The point here is that the “nanostructure” is even more
important in these smaller components and devices.

MEMS are devices or components with geometric attributes that are
often less than a micrometer in size. MEMS devices can be complicated
structures or simple in geometry. The main key is that they have some
mechanical functionality to be a MEMS device. In the context of research,
they can be categorized as microactuators, microsensors, microelectron-
ics, or microstructures with a focus to convert the energy of one form to
another (where the mechanical energy is a key energy type).

One example of a MEMS device is the LIGA (Lithographie, Gal-
vanoformung, Abformung) nickel spur gear used in nuclear weapons.
LIGA is an electroplating processing method in which gears on the order of
micrometers can be made. Son et al. (2005) studied the tension and fatigue
properties of LIGA components that were on the order of 10 pm. They
experimentally showed a size scale effect related to the tensile strength and
ductility, both of which can be related to the volume-per-surface area’s
relationship with dislocation nucleation as proposed by Horstemeyer et al.
(2001) for nickel.

Another example of a MEMS device is silicon gears developed at Sandia
National Laboratories (www.mems.sandia.gov). The MEMS gears have
been used for sensors, microfluidic devices, actuators, and micro-optics
to name a few applications. Some have been used for weapons, whereas
others have been used for examining new energy methods.

Whether one has nanodevices or microdevices, the processing is a
key. Two current physical deposition processing exist: chemical vapor
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deposition (CVD) and physical vapor deposition (PVD). In CVD, a source
gas is used to stream onto a substrate that induces a reaction to grow the
material of choice for the MEMS structure. In PVD, a material is removed
from a target and then deposited onto the material of choice like sputtering.
The patterning of the MEMS structure has been realized through different
lithographic technologies: photolithography, electron beam lithography,
ion beam lithography, and x-ray lithography, all of which have their ben-
efits and downsides. Etching and micromachining become very important
and problematic for these NEMS and MEMS devices as well. Clearly, there
are opportunities for using ICME tools to help grow the nano- and micro-
level of applications, materials, components, and structures.

5.5 CONCLUSIONS

Although materials science and engineering have recently provided the
capacity for creating novel materials/structures using computational tools,

the full impact of what Richard Feynman’s “plenty of room at the bottom”
vision has not been realized. In terms of materials, computational tools for
metals are probably further along particularly when thinking about the
“integrated” aspects of ICME; however, ceramics and polymers are not too
far behind, multimaterial structures (composites) are even further behind.

Another key to realizing Feynman’s vision is the education of the next-
generation materials engineers and scientists. Instead of stovepiping the
undergraduates and graduates as either theoreticians or experimental-
ists, the challenge is to educate students with tools that integrate theory,
experimental methods, and computational tools. Granted, this is a major
paradigm shift in U.S. education (graduate education in particular) but
one that is required if the Feynman’s vision is to be realized.

Finally, materials design cannot just start at the bottom when creating
a new material or structure. If a computational physicist develops a new
material based on electronics structures calculations, say of magnesium,
but does not know at the top level what the requirements are for the mag-
nesium alloy, a great science paper might ensue but not a magnesium alloy
for practical use. The downscaling requirements for the final application
should define the upscaling calculations required. This bridging paradigm
allows electronics structures calculations for magnesium to be directed
to the final application. Then and only then can Feynman’s vision be
realized—when we start with the end in mind, which in our case is the
creation of novel materials.
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This chapter will describe the purpose and design of the Earth System Grid
Federation for climate science, and how housing, managing, searching,
and disseminating climate data on massive scales are critical to national
and international climate assessments. The chapter also shows how coop-
erative data activities organized at the international level play a central role
in advancing earth system science. We look at components comprising the
data federation and discuss data preparations, secure access protocols and
quality assurance, the movement of large-scale data, and network issues.
Finally, we discuss data replication for greater data access and product ser-
vices to meet the needs of a diverse community by supplying visualization
and analysis capabilities.

6.1 INTRODUCTION TO CLIMATE SCIENCE

Climate science is the study of long-term trends in average meteorological
conditions with an emphasis on climate change. These meteorological
climate change conditions are studied over the periods of decades and
even centuries. The principal tools climate scientists use are numerical
climate models and statistical methods for studying the output of these
models. The models are based on the laws of physics and mathematics
and other sciences such as biology, chemistry, and geochemistry to predict
natural occurring and human-induced climate changes.
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6.1.1 Model Intercomparison Projects

Coupled global climate models (GCMs) composed of four major climate
subsystems (atmosphere, ocean, land, and sea ice) are used to project and
predict future temperatures and climate changes under various scenario
conditions. These scenarios, like those put forth by the Intergovernmental
Panel on Climate Change (IPCC), are carefully constructed experiments
that represent ever-increasing natural and anthropogenic emissions of
greenhouse gases such as carbon dioxide, methane, water vapor, ozone,
and nitrous oxide. Scenarios help climate scientists identify real climate-
change trends and their potential impact on all life species on earth.
From these experiments, climate scientists propose methods of adapting
to or mitigating the effects of climate change. Adaptation includes things
humans can do to cope with the changes, such as constructing seawalls
to protect low-lying areas from rising sea levels. Mitigation, on the other
hand, consists of activities humans can do to avoid, minimize, slow, or
even reverse the climate change—dispersing aerosols in the atmosphere
to reflect solar radiation and cooling the planet, for example. Modeling
the earth’s climate is an ongoing evolution using high-capacity, high-
performance computing (HPC) to simulate ever-changing conditions
and even greater complex scenarios. Today’s HPC machines can paint a
more accurate and detailed picture of long-term climate evolution using
GCMs representing the sophisticated physical processes of the climate
subsystems (Figure 6.1). GCMs are the scientists’ primary tool for modern
climate modeling, and more than two dozen such high-fidelity systems
are available.

Under the governance of the United Nations Environment Program
and the World Meteorological Organization, the IPCC was founded as an
international body to assess climate change. Succession reports from the
first IPCCassessment in 1990 to the most recent Nobel Peace Prize-winning
fourth assessment (AR4) in 2007 have increasingly shown evidence edging
toward anthropogenic causes for global warming. Figure 6.2 shows AR4
computations based on observed condition (pre-2001) and the average
ensemble of two dozen climate models—assuming a continued high rate
of greenhouse gas emissions.

The analysis of the data produced the most compelling statement of
any IPCC assessment report: “Most of the observed increase in globally
averaged temperatures since the mid-20th century is very likely due to the
observed increase in anthropogenic greenhouse gas concentrations.” With
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FIGURE 6.1 High-performance computers run coupled global climate models
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each succession report, higher resolution grids, additional components
(such as aerosols, biogeochemical, hydrology cycle, etc.), and ensembles of
simulations have drastically increased the number and size of files com-
prising individual data sets.

With that said, over the years, the IPCC has seen a significant rise
in requests to hold more data. The IPCC AR4 data archive required 35
terabytes (TB or 102 bytes). In contrast, the upcoming 2013 IPCC Fifth
Assessment Report (AR5) archive will require 3.5 petabytes (PB or 10%°
bytes), with total federated data holdings expected to reach 5-10 PB. To
complement the IPCC AR5 data archive, other high-profile data sets are
scheduled to coexist within the federated infrastructure.

6.1.1.1 Earth System Grid Federation and Coupled
Model Intercomparison Project

Climate scientists collaborate worldwide to inter-compare knowledge
gained by examining disparate data. To facilitate this collaboration, the
international Earth System Grid Federation (ESGF) developed software
for universal climate data access in which data curation, preservation,
dissemination, analysis, and visualization can be appropriately, reliably,
and readily managed for a diverse user community. Hardware and soft-
ware investments have enhanced science nationally and internationally
by allowing free flowing uniform data for cross model and project inter-
comparison. Though in some cases the desired stages of development are
just now being realized, they ensure future progress for the continued
successful dissemination of global climate information. These efforts pro-
vide convenient access and maximize scientific productivity. Managing a
distributed-data system of this magnitude presents several significant
challenges not only to system architectures and application development
but also to the existing wide-area networking infrastructures. At the
heart of ESGF software development is connecting people, organizations,
bureaucracies, government agencies, and academia for the betterment of
climate research.

Although ESGF software is universal and opening up to host other
forms of data such as observational and reanalysis data, its primary
focus is to host the fifth phase of the coupled model intercompari-
son project (CMIP 5) data archive to be used for the upcoming IPCC
AR5. CMIPS5 represents an international coordinated effort of climate
change experiments and simulations and is expected to provide infor-
mation to all three IPCC Working Groups (scientists, impacts and
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adaptation, and mitigation). A CMIP document describes three pri-
mary experiments:

1. Near-term decadal prediction simulations (10- to 30-years) initial-
ized in some way with observed ocean state and sea ice

2. Long-term (century time-scale) simulations initialized from the end
of freely evolving atmospheric/ocean GCM simulations of the his-
torical period

3. Atmosphere-only (for computationally demanding and numerical
weather prediction models)

In all, there are over 50 planned simulations to inform the three experi-
ments. The ESGF data-delivery system can be viewed as two major com-
ponents: data nodes, where the data actually reside, and gateways, which
support portal services and serve as interfaces to end-users who can
search, discover, and request data and data products. The ESGF consor-
tium has installed over 20 data nodes to CMIP5 modeling centers that are
devoted to serving data to the community.

Figure 6.3 shows the ESGF infrastructure strategy with the national
and international collaborations. Users can access ESGF data using
web browsers, scripts, and in the near future, UV-CDAT (ultrascale
visualization—climate data analysis tools) clients. ESGF infrastruc-
ture is separated into gateways and data nodes. Gateways handle user
registration and management and allow users to search, discover, and
request data. Data nodes are located where the data resides, allowing
data to be published (or exposed) on disk or through tertiary mass
storage (e.g., tape archive) to any gateway. They also handle UV-CDAT
data reduction, analysis, and visualization. ESGF currently comprises
eight national and international gateways, four of which hold special
status in housing CMIP5/AR5 replication data sets: Lawrence Liver-
more National Laboratory (LLNL)/Program for Climate Model
Diagnosis and Intercomparison (PCMDI), British Atmospheric
Data Centre (BADC), Deutsche Klimarechenzentrum (DKRZ—the
German Climate Computing Centre), and the Australian National
University (ANU) National Computational Infrastructure (NCI).
Users have access to all data from the federation, regardless of which
gateway is used.
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FIGURE 6.3 A combination of policies and standards, international collabo-
rations, and the overall vision and strategy of a comprehensive infrastructure
and framework for data planning, management, and access will support CMIP5
and through it, the next IPCC Assessment Report, AR5. ESGF infrastructure is
separated into gateways and data nodes.

6.2 FEDERATION

The ESGF comprises a set of distributed and federated nodes, which
interact with each other based on a peer-to-peer paradigm (see Figures 6.3
and 6.4). In brief, this peer-to-peer network provides for federated iden-
tity (users registered with any ESGF site can access data at any other site),
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federated search (users can search all ESGF data at any of several locations),
and data replication (many data are copied to two or more ESGF sites).

ESGF’s federated architecture has both reliability and performance
benefits. The fact that data are replicated over multiple sites guards against
both data loss due to catastrophic failure of a single site and interruption
of service due to transient failures. In addition, data replication provides
greater total aggregate bandwidth and also reduces demands on scarce
trans-oceanic network capacity. ESGF today has more than 23,000 regis-
tered users; we expect this number to continue to grow, as will data vol-
umes. Even if all data could be moved to a single location, the bandwidth
demands on that site would likely be untenable.

ESGF’s federated architecture also has organizational benefits. ESGF
can be thought of as a club of data providers. Each participating provider
is an independent entity, committed to making some collection of data
(e.g., its contributions to CMIP5) available to the international climate
research community. A federated architecture allows individual sites to
contribute to the community without compromising their ability to meet
their own mission.

Based on community protocols, each ESGF node is equipped with the
ESGF software stack, which at the time of installation can be configured
with one or more of four possible “flavors™
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1. Data Node: the application servers for data publishing and access
2. Index Node: services for publishing and discovering data

3. Identity Provider: facilities for registering and authenticating users
and establishing access control

4. Compute Node: web application and analysis engines to produce
high-level data products and visualizations

Each node advertises its capabilities to all of its peers and, in turn, col-
lects the same information from all other nodes. As a result, each node
constantly produces a document (the ESGF registry) that contains the
most up-to-date information about the state of the whole federation.
Specifically, the ESGF registry includes the URLs for all services for all
nodes, their public certificates, their descriptive metadata, and other
information. If a new node joins the federation, or another node becomes
unavailable, the ESGF registry at each node is quickly updated to reflect
the changes.

Interoperability between nodes is made possible by the adoption of a set
of core technologies from the open source community designed to work
in a federated environment. Specific technologies include the following:

« OpenlD and OpenSSL are used to enable single sign on throughout
the federation. Users can register at any node. Any time users are
asked to authenticate in the system, they are always redirected to
the node where they provide their username and password. Once
authenticated, their credentials (a web cookie for OpenID or an X509
certificate for OpenSSL) are honored throughout the federation.

o SAML (the security assertion markup language) is used for encod-
ing and signing authorization assertions about the ability of users
to perform operations on a given resource (e.g., downloading a data
file). Because of mutual trust agreements, SAML assertions issued by
a node are honored throughout the federation.

« The native Solr protocol for distributed searches is currently used to
allow users to start from a node and find data across the system. This
protocol might be replaced or supplemented in the future by a more
implementation-neutral protocol based on a popular standard such
as open search.
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A net result of the adoption of these federation protocols and technolo-
gies and the advertisement of services through the ESGF registry is that
users and desktop clients can start the data-discovery process at any node
and seamlessly access data throughout the system.

6.3 DATA PREPARATION

The ESGF data-preparation process encompasses data set and metadata
generation, publication, quality control, and metadata preparation steps.

6.3.1 Data Format and Metadata

Because metadata is absolutely critical to the discovery, interpretation,
and analysis of data, the ESGF team, in collaboration with the providers
of CMIP5 model output and observational data sets, have defined a set of
conventions for data format and metadata standards for all data that are
ingested into the system (both models and observations).

Data sets must be formatted as NetCDF single-variable time series,
possibly split across multiple files depending on the time extent. Having
only one variable per file guarantees that users who intend to study that
physical field do not have to download large amounts of unwanted data.
Additionally, files must follow the Climate and Forecast 1.5 convention
(CF-1.5), which establishes constructs for expressing geographic coordi-
nates, grids, and standard names for the measured or simulated quanti-
ties. The use of standard names is particularly important because it allows
users to compare the same physical parameter across different models and
across models and observations. Data set level metadata is encoded within
each NetCDF file as global file attributes, with standardized names and
values that are harvested by the publishing infrastructure (discussed later)
and made available to users and clients in the discovery process.

Before data can be ingested into the system, it is checked for compli-
ance to the above format and metadata specifications by post-processing
it through the climate model output rewriter (CMOR) program. CMOR
also reorganizes the data on disk according to a conventional data struc-
ture (the DRS or data reference syntax) intended to facilitate browsing
and access of the data holdings throughout the federation, including easy
modification of bulk download scripts.

6.3.2 Publisher

Data providers put data into the system by running the ESGF publisher
application, an extensible python-based package designed for scripted as
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well as interactive publishing of the data. The publisher parses the files in the
specified directory tree and extracts all relevant metadata information from
the files or the directory structure itself. Metadata is stored in a Postgres
relational database at the data node where the data reside and then aggre-
gated to build metadata catalogs in the THREDDS XML format, which are
used to configure the main ESGF application servers—the THREDDS data
server (TDS) and the live access server (LAS). The final step of the publish-
ing process consists of notifying the ESGF publishing web application of the
newly created catalogs, so they can be parsed into metadata (name, value)
pairs that are ingested into a Solr index to drive data discovery. The pub-
lisher is also used to publish replicated data on other data nodes.

6.3.3 MetaFor Questionnaire and CIM

In the case of CMIP5 model output, an additional source of metadata is
constituted by the online questionnaire developed by the European proj-
ect MetaFor. Modeling groups participating in the CMIP5 activity are
required to fill in very detailed metadata about their runs online, from
which the information is captured into XML documents conforming to
the CIM (Common information model) schema and in turn stored into
an XML database. CIM documents are propagated to the ESGF gateways
as an atom feed and provide a wealth of information to climate researchers
who need to know the details of a model run or inter-compare model runs
with each other.

6.3.4 Quality Control Levels and DOI

Under the leadership of the World Data Center for Climate (WDC
Climate), the ESGF has established a rigorous quality control (QC) pipe-
line that is used to verify the technical and scientific integrity of all model
output distributed through the system (similar procedures are also being
put in place for observations). The pipeline is composed of three successive
stages, each of which results in a QC flag being assigned to the data:

1. QCI is defined as automatic software checks on data and metadata.
It is performed by each center before the data can be published and
the CMOR and Publisher software, which verify general compliance
with the required data.

2. QC2 is defined as subjective quality control on data and metadata.
For a data set to pass QC2, the author must manually inspect its
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content to verify its integrity, and at the same time, the metadata
from the MetaFor questionnaire must be fully populated. After this
stage, data can be replicated among the three main CMIP5 archives:
PCMDI, BADC, and DKRZ.

3. QC3 is defined as double and cross checks on data and metadata.
This stage is composed of a scientific quality assurance process and a
technical quality assurance process. Once a data set has passed QC3,
it is assigned a digital object identifier (DOI), which can be used to
reference the data in formal publications. For model output, a DOI
is assigned to each model and experiment combination and spans
multiple parameters produced by the same model runs and multiple
ensemble members.

6.3.5 Federated Metadata

Once the data is harvested at each single node, metadata is used to drive
federation-wide searches for models and observations through a mecha-
nism known as “distributed search.” When a client sends a search query
to an ESGF node, that node propagates the query to all other nodes and
then takes care of reassembling all the responses into a single summary
response document, which is returned to the client. The response docu-
ment contains all the data set access points at the distributed nodes, so the
client has all information necessary to download the data from anywhere
in the federation.

In particular, metadata for the following high-level collections is propa-
gated through the system so that the enclosing data sets can be found and
downloaded throughout:

o CMIP: The coupled model intercomparison project, phase 5. This
collection comprises the output of more than 50 models, run by
approximately 25 modeling groups in 17 countries. The overall size
of the collection between 5 and 10 PB, with a core set of approxi-
mately 3.5 PB, replicated across the main CMIP5 archives.

o NASA observation data: This collection consists of selected satellite
measurements specially prepared by NASA for comparison with the
CMIP5 model output. It includes about 15 variables (air temperature,
specific humidity, etc.), chosen from corresponding NASA flagship
missions, that have been uniformly gridded and structured to follow
the same data format and metadata conventions as the CMIP5 models.
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o North American Regional Climate Change Assessment Program: This
is an international program that serves the high resolution climate
scenario needs of the United States, Canada, and northern Mexico, using
regional climate model, coupled GCM, and time-slice experiments.

« The community climate system model (CCSM) and the community
earth system model (CESM) operated at the National Center for
Atmospheric Research (NCAR) is widespread in the university
community and at some U.S. national laboratories. NCAR and its U.S.
Department of Energy partners developed CCSM and CESM as coupled
models, including the atmosphere, land surface, ocean, and sea ice.

o Select data sets from the Atmospheric Radiation Measurement
Climate Research Facility and the Carbon Dioxide Information
Analysis Center including the AmeriFlux observational data hosted by
Oak Ridge National Laboratory (ORNL) for the atmospheric science
research and terrestrial carbon and ecosystem research programs.

 The model data from the carbon-land model intercomparison proj-
ect (C-LAMP) and the advanced very high-resolution climate model
simulations resulting from earth system modeling and regional and
global modeling programs at ORNL.

6.4 SECURITY

ESGF data repositories contain climate-model data widely shared across

the climate community and discoverable via metadata. While access to
metadata is unrestricted, access to the data is restricted in some cases and
tracked in all cases. Thus, every user of the ESGF system must have an
identity, potential roles, and access permissions for specific resources.

6.4.1 Metadata

Anyone can browse, search, and access ESGF metadata and thus discover
the data endpoints at which particular data sets are located.

The metadata itself is harvested during the publication process from
the data at modeling centers. The metadata harvesting process scans the
local data, generates the metadata for the required data, and pushes that
information to the hosted metadata catalog. To ensure metadata integrity
and to ensure publication by only the owner of the metadata, security pro-
cesses are in place to identify and authorize the publisher. User in the sys-
tem who publish data need special roles assigned to them, and they login
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to the system before they publish metadata. Thus, we can establish user
identity, check the user’s role in the federation, and allow the metadata to
be published and made available. Modifying the metadata also requires
similar privileges, and with all interactions requiring secure connection
(HTTPS), similar security can be enforced. (Data access is tracked and
sometimes restricted from commercial use.)

As mentioned earlier, most of the data in the system are open for access.
But all data owners require that access to the data be logged—that is, met-
rics collected on who accesses the data and when. This allows collection of
usage reports, for example, to report to funding agencies but more impor-
tantly to notify users of data changes. To allow such metrics collection, the
system requires that all users login and provide their identity before they
download any data.

All data services require that users authenticate to download data, and
the system requires the use of X.509 credentials for authentication. For
improved usability, an online credential generation and translation system
allows the user to provide their username/password and obtain an X.509
credential for use in the download process. This latter technology is built into
the download solution, so the user need not deal with certificates and related
files. These mechanisms allow ESGF data services to identify the user down-
loading the data and to log that information for metrics and notification.

Once the user is identified, the data services call out to the ESGF autho-
rization service that protects the data to determine download eligibility.
Permissions to download are based on the user’s group membership in
the federation, and the authorization services look up the membership
information to return a decision. The federation uses standard interfaces
to communicate this information and relies on SAML for the data format
and protocol.

6.4.2 Data Integrity

It is imperative that data published in the system can be verified to ensure
that it has not been modified, maliciously or accidentally. This is achieved
in the federation by use of checksums at the time of publish, with options
for all data-transfer commands to validate checksums at the destination.

6.5 DATA MOVEMENT

Convenient, reliable, and high-performance data-movement mechanisms
are fundamental to ESGF’s operations. These mechanisms are used exten-
sively by ESGF users to download data from ESGF data nodes and by
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ESGF sites for site-to-site data movement for replication purposes. ESGF
employs a variety of tools for this purpose. Wget, Bulk Data Mover (BDM),
and DataMover-Lite (DML) are older tools that have been in use for some
time; the Globus Online hosted data-movement service is a newer option
that provides alternative usability and performance.

6.5.1 Wget

One of the most direct ways of downloading large numbers of files
through the ESG infrastructure is through automatically generated wget
scripts (wget is a ubiquitous tool for requesting web resources by URL
and is installed by default on most systems). Once users have located the
files of interest and added them to the gateway data cart, they have the
option of requesting a script that contains a sequence of wget requests to
the file URLs. The wget command is encoded with the SSL options for
transmitting the user X509 certificate as part of the request, so that the
data node security filters for authentication and authorization can use it.
Consequently, each wget script can be used multiple times, provided the
user certificate (located in a standard location) is renewed once it expires.
Additionally, because of the standard layout of each data archive mandated
by the DRS syntax, a wget script can be manually edited to replace one or
more fields with a new value chosen from the DRS-controlled vocabulary
and can be used again to download a completely new collection of files.

6.5.2 Bulk Data Mover

BDM [1] is a high-level data transfer management component that man-
ages file transfers using adaptive data transfer algorithms [2] and existing
transfer services and tools. BDM specializes in handling large variance
in file sizes and many small files, as is common in climate data. BDM
supports several underlying transfer protocols and services and provides
optimized management of transfer requests adaptively based on the data
set characteristics. It achieves high performance using various techniques,
including multithreaded concurrent transfer connections, data channel
caching, load balancing over multiple transfer servers, and storage input/
output (I/O) prefetching. It can accept a request composed of multiple
files, multiple directories, or an entire directory. BDM supports transfer-
ring multiple files concurrently as well as using parallel TCP streams using
GridFTP as the underlying transfer protocol. The optimal level of concur-
rency or parallel streams depends on the bandwidth capacity of the stor-
age systems at both ends of the transfer as well as achievable bandwidth
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on the wide-area network. Setting up the optimal level of concurrency is
important, especially for applications with file-size variance. Concurrency
that is too high becomes ineffective (high overheads and increased con-
gestion), and concurrency that is too low does not take advantage of avail-
able bandwidth. A similar phenomenon is observed when selecting the
level of parallel streams.

Transfer queue management and concurrent connection management
contribute to higher transfer throughput, including both network and
storage. When the data set has a large variance in the file sizes, continuous
data flow from the storage into the network can be achieved by prefetch-
ing data from storage onto the transfer queue of each concurrent transfer
connection. This overlapping of storage I/O with the network I/O helps
improve the transfer performance. As shown in Figure 6.5, BDM manages
a database queue of the concurrent transfer connections and also manages
the transfer queues for the concurrent file transfers. Each transfer queue
checks the configurable threshold for the queued total file size and gets
more files to transfer from the database queue when the queued total file
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size goes below the configured threshold. Storage I/O prefetching includes
inode creation for writing files at the destination. In many file system cases,
many inode creations at the same time cause a significant overhead in file
system performance, and this overhead affects transfer performance. By
creating inodes at the destination paths when files are being staged on the
transfer queue, BDM achieves faster storage I/O during the transfers.

6.5.3 DataMover-Lite

DML [3] is an ESG-specific file download tool with an intuitive graphical
user interface that works with ESG authentication and authorization from
the gateways and data nodes. DML is a versatile tool that works with mul-
tiple transfer protocols such as HTTP, HTTPS, and GridFTP supported
by the ESG data servers. DML also supports concurrent file transfers
with file-transfer monitoring, fault tolerance capability in case of transient
failures, and management of ESGF credentials during the file transfers
using OpenlID login. DML includes ESG data set catalog browsing and
search capability, which allows one-stop downloading convenience to
users without having to use multiple components such as a web browser
and different downloading tools for specific transfer protocols. Figure 6.6
shows the DML data transfers with ESG data set catalog browsing and
search window.
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DML also includes HTTP parallel streaming (http-ps) capability,
similar to GridFTP parallel streaming, which makes HTTP data down-
loads faster than usual HTTP downloads. With the http-ps feature, DML
downloads a single file by splitting it into multiple blocks and streaming
through parallel HTTP connections to an ESG data server. Each HTTP
connection streams partial blocks of files to compose the full file at the
target. This capability permits DML to perform HTTP parallel stream-
ing (http-ps) from multiple files from several ESG data nodes when
data replicas are available on the nodes. Figure 6.7 shows an example of
how DML makes parallel HTTP connections to transfer blocks from a
source file for streaming using http-ps capability. The large source file is
perceived as multiple small manageable blocks, and the available number
of HTTP connections is opened with ESG data transfer server to access
the source file. When the data transfer for one block such as block 1 (B1)
is completed earlier than other blocks, DML initiates the next block
transfer for block 6 (B6). Similarly, the next transfer shifts to B7 after B4
completes. However, the download progress for B7 shows more progress
than B6 because of changes in the network conditions. The block size in
http-ps can be as small as 1 MB. After all blocks for the source file are
streamed to the target site, the final downloaded file is created through a
fast merging process.
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6.5.4 Globus Online

Globus Online [4,5] is a fast, reliable file transfer service that simplifies the
process of secure data movement for climate scientists. Provided by Argonne
National Laboratory and the University of Chicago, Globus Online is a hosted,
high-performance data movement service that builds on GridFTP-based [6]
data transfer capabilities. There is no client software to download and install,
and users can choose among three interfaces to submit a transfer and monitor
progress: the website (see Figure 6.8), hosted SSH client, and REST APL
Launched in November 2010, Globus Online already has more than 1200
registered users and more than 100 registered data-transfer endpoints.

With Globus Online, users submit a request to move data from an
ESG server to another server or their own computers. Users provide their
ESG usernames and passwords; Globus Online then handles all required
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security credentials and transfer processes on their behalf. Globus Online
applies appropriate performance-tuning parameters based on the file
sizes used for the transfer, recovers from faults, and retries transfers until
a specified deadline. The user is notified of any relevant status, including
successful data transfer, credential expiration, and the like. Data-integrity
checks are supported by the service to ensure that the data were trans-
ferred intact.

To facilitate download of data from a server to a user’s laptop, Globus
Online provides a component called Globus connect, a simple one-click
download and installation, that allows users to move data to and from any
local machine. Globus connect requires only an outbound connection,
thereby allowing data transfers even when the machine is behind a fire-
wall. The install does not require administrative privilege on the machine
and provides a simple graphical install interface, as shown in Figure 6.9.

Globus Online works with the existing ESG security and data infra-
structure, requiring no additional deployments at these sites. ESG admin-
istrators can configure their GridFTP servers as “endpoints” in Globus
Online for users to discover and use as sources for their data transfers. In
addition, Globus Online provides mechanisms to provide logical names
for a given GridFTP endpoint, making it simpler for end users to identify
and use the endpoint. Users can add their own destination machines as
endpoints for transfers.

Globus Connect Installation x
T
Globus Connect allows you to use Globus Online to transfer files to and from your computer. 7.1 2 items, 90.4 MB available —O—
Need Help? Click Here @ I I I =
Step One: choose Your Download g O u S O n I n e
Globus Connect A Coming Soon For | My Coming Soon For Reliable File Transfer. No IT Required.
For Mac 05 X 5, Linux L] Windows

Step TWO: Get Your Globus Connect Setup Key @) *

Endpoint Name: | Jan-laptop ‘

Globus Connect.app Applications
Description:  (optional) Enter a description for this new endpoint ]
Setup Key:  432e8ba5-45cf-442b-a374-5a8d1cfa75¢ch
Step Three: Finish Globus Connect Setup 000 Setup
Copy the setup key displayed above. Run Globus Connect and paste the key into the Initial Initial §
Setup window when prompted. This setup key can only be used once. i
Please type or paste your Globus Connect setupkey | §
into the field below and click 'OK' when finished.
Ready to use your endpoint? Click here to start a transfer. =
SetupKey:  432e8bas-45cf-442b-a374-Sasd1cfa75ch
» Advanced
o)

FIGURE 6.9 Globus connect screenshots.
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As shown in Figure 6.10, Globus Online has been integrated with the
ESG gateway to make it easier for ESG users to access the service as part of
the search/download interface. The integration leverages the REST API to
the Globus Online transfer capabilities, to submit a data-transfer request
on behalf of the user from the ESG portal. This approach combines the
Globus Online download capability with the ESG metadata search capa-
bility. In addition to the reliability and simplicity of transfer this option
provides to the Gateway, it allows users to transfer data to both their lap-
tops and to analysis machines of choice, thus not forcing users to down-
load to laptops and then upload to analysis machines.

Globus Online also supports the administrative replication task in
ESG. The hosted command-line interface provides a convenient mecha-
nism for ESG site administrators to setup a repetitive synchronization
task to pull data sets that need to be replicated from other ESG sites.
The mechanism provides reliable and fault tolerant transfers, with high
performance provided by the GridFTP protocol. The synchronization
mechanism ensures that only changed files are transferred each time, and
multiple levels of synchronization, from file timestamp to checksums, are

800 Bulk File Download
|« | » || + [ hup://esg.prototype ucar.edu/browse/downloadLogicalFles.htm ¢ Q- Google

Download Selected Data
Please select a download method below. Get MyProxy certificate.
5 2.6
‘ Unix, Linux, and Mac OSX only Files GB
Download a Wget shell script that you can run from the command
— line on Unix, Linux, or Mac OSX.
DOWNLOAD
DML Script Download 5 26
‘ Java enabed systems only Fies GB
Download a script that you can run with the DataMover-Lite (DML)

—

file transfer tool on Java enabled systems.
DOWNLOAD

PURTEMOVEr-Lite via Java Web Start.

Lej

g Globus Online Download fies

Transfer to your local machine or to
external server using Globus Online.

DOWNLOAD

Home | Data | Account | About | Contact Us | Logout

User: prototype.ucar.

Gateway Portal Softwart e vers son 1. 2 0 SNAPSHOY 20\0\108 144709 1
© 201 se. v

FIGURE 6.10 Globus Online integrated with ESG gateway.
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provided. The ESG replication tool interfaces with Globus Online, pro-
ducing the list of replication endpoints that can be used to drive Globus
Online file transfers.

6.5.5 100 Gbps Networks (Climate100)

Climatel00 [7] researches, develops, and tests end-to-end capabilities of
the next generation networks in collaboration with the ESGF community.
Its goal is to ensure that software, services, and applications associated
with massive climate data sets can be scaled to the 100-Gbps infrastruc-
ture (see Figure 6.11), providing high-performance data movement for
distributed networking. ESGF will deploy similar systems on multiple
10- or 100-Gbps connections to move massive data sets between its major
data-node sites in the United States. With demonstrated success at the U.S.
sites, ESGF will then extend high-performance data transfers to other data
nodes in the United States and foreign partner sites. This scaled testing of

Clients r i
Compute nodes Compute nodes
Gateways

= —_— S <
B | - s ) o odes
S & Il o 1 — R Canada gateway
Compute nodes Il Data nod Browser
m atanode|[™ e ateway gateway % A—“"L—wg;“"’l
> _’ A e Emi]
ser DV,

Data nodes

FIGURE 6.11  The envisioned ESGF topology uses 100-Gbps ESnet network con-
nections to provide a network of geographically distributed gateways and data
nodes in a globally federated, built-to-share scientific discovery infrastructure.
In this way, independent data warehouses can deliver seamless access to vast data
archives so that scientists can deploy specialized client applications for extreme
analysis. Experts (e.g., model developers, climate researchers) and nonexperts
alike will benefit from rich data exploration and manipulation available with
such fault-tolerant, end-to-end system integration.
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the data transfers and communication connections is important because
climate researchers worldwide use many different network service pro-
viders. Continued success will enable a production-scale system that will
empower scientists to try new and exciting data exchanges that could lead
to breakthroughs.

6.6 DATA REPLICATION

The institutions that make up the ESGF have set up data mirrors to host
copies of climate-simulation data sets that were originally published at
other institutions. ESGF mirror sites include LLNL/PCMDI, the BADC,
the DKRZ, and the ANU NCI.

The purpose of data set replication or mirroring is to provide additional
copies of climate-data sets closer to end-user scientists and researchers.

Because data sets are large, accessing them remotely over transoceanic
networks can result in long access latencies, limiting the usefulness of
those data sets. Mirroring allows researchers to access data sets of interest
faster. The existence of data mirrors also increases the reliability and avail-
ability of climate data sets because if one ESGF site should be unavailable,
the mirrored data sets can be accessed at other sites.

ESG has developed replication client software that manages the copy-
ing and publication of mirrored data sets over wide-area networks.
Replication in the ESGF involves three phases. First, the replication client
identifies the files that make up a data set by issuing a metadata query
to an ESGF gateway. The second phase actually copies those files to the
mirror site. In the final phase, a replication site publishes the data set as a
replica. These phases are described more fully below.

In the first phase, the replication client queries a federation gateway to
obtain metadata associated with a data set to be copied. Federation gate-
ways maintain databases with metadata about data sets. This metadata
includes the files in the data set, the data nodes that published the data
set, the location of the data set catalog, checksums, and sizes of the files.
The metadata catalog is provided as a web service. The replication client
queries this web service and uses the response to construct a command
file that a data movement agent can use to transport the data from one
site to another. The mirror site administrator, who runs the replication
client software, selects among several options regarding which data move-
ment agent to use. The default is the BDM, but other choices include the
globus-url-copy utility from the Globus toolkit and the Globus Online
data transfer service.
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In the second phase, the mirror site administrator uses the selected
data-movement agent to issue data transfer commands to copy the files in
the data set to local storage. This step usually takes the greatest amount of
real time, given the large numbers and sizes of files.

Once data sets have been copied successfully, the final phase of repli-
cation begins. This step involves publishing the replicated data set at the
mirror site gateway.

To publish a replica, the mirror site must first perform a scan of the
downloaded files. This scan collects information about the sizes, locations
on the disk, file checksums, and other data used to create a local catalog
of the data set. With the results of the scan, a new THREDDS metadata
catalog is generated. This replica catalog will be used to expose the data set
to the local site users.

Before replica publication, the new THREDDS replica catalog is com-
pared to a copy of the original THREDDS catalog retrieved from the orig-
inal publication site during the metadata query (phase 1). The comparison
checks that certain values, such as the names of files, counts of files, file
sizes, and checksums, match in each catalog. Although this step is not part
of the data quality control for the data content, it does provide assurance
that the entire data set has been successfully transferred.

The final step is the publication of the mirrored data set as a replica that
can be discovered and accessed by ESGF users. This publication is done
using existing ESG publication tools. The mirror site gateway is notified of
the new data set and makes it visible to the scientific community.

6.7 PRODUCT SERVICES

Users who do not routinely run numerical climate models themselves are
often ill prepared to work with raw ESGF files. The size and complexity of
the files can be daunting. ESGF product services are designed to meet the
needs of these users by providing scientific visualizations, analysis capa-
bilities, and simplified data subsets that can be obtained with low effort.
The foundation of product services is the ability to view images gener-
ated from data sets in a standard web browser. Users can view custom
maps, time series plots, vertical profiles and sections, and Hofmoller
diagrams. (Graphical representations of model ensemble axes are under
development.) Plot characteristics such as contour level, axis scale, and
color palette are under the user’s control. The system also provides URLs
that capture the state of the user interface at the moment a given visual-
ization is generated. A collaborator receiving such a link can re-enter the
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ESGF product services at that precise point and pursue further investiga-
tion of the data. ESGF visualizations may also be viewed on a virtual 3D
globe using Google Earth or as animations. ESGF product services also
include routine analysis calculations such as averages, sums, variances,
and extrema over the space and time dimensions of the data. Such analy-
ses, because the ESGF server performs them, significantly reduce the vol-
ume of data that must be transferred across the Internet.

The ESGF component that provides product services is the LAS, com-
prising a workflow engine (the “product server”), a user-interface client,
and various “backend services.” LAS also depends upon an OPeNDAP
server, Ferret-TDS situated between the backend services and the data
files, to provide analysis capabilities.

The LAS user interface for ESG runs in a standard web browser. It com-
municates with the product server via Ajax to obtain the names of available
data sets, the scientific variables found within each data set, the dimension-
ality and coordinate limits of each variable, and the operations permissible
on each axis or plane of a variable. The user-interface client requests prod-
ucts from the product server via a REST URL. The product server mar-
shals the necessary work to one or more backend services that are invoked
through a standardized simple object access protocol (SOAP) interface.

Many distinct product-generating applications can be harnessed behind
the SOAP abstraction by creating a “wrapper” in a language convenient to
the application. Scientific organizations have made huge investments in
specialized analysis and visualization capabilities through custom appli-
cations such as UV-CDAT, Ferret, and the NCAR (National Center for
Atmospheric Research) Command Language (NCL) and general purpose
packages such as Matlab and IDL. Climate scientists rely on these tools
day in and day out to do their research. LAS allows an organization to
leverage these investments as backend services. Figures 6.12 and 6.13 show
examples of LAS products based upon Ferret and NCL.

The ESGF includes LAS servers at many nodes. Each LAS is respon-
sible for the data from its assigned publisher (see Section 6.3.2). LAS serv-
ers cooperate with one another by sharing the information from their
assigned publishers. Thus, the user-interface client of any LAS is able to
present all data sets in the Federation. When a user requests a product
from LAS, the REST URL of that product is redirected to the LAS server
associated with that data set.

Files are arbitrary units of storage chosen for the convenience of data
producers. File boundaries, understandably, present an impediment to
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scientific use of the data. Fortunately, OPeNDAP servers can reconstruct
logical data sets from files through a process known as aggregation. LAS
servers in ESGF are configured to “see” only aggregated data sets, so users
are shielded from the impediments of file boundaries.

A key motivation for federating data is the need to intercompare data
sets. LAS provides a specialized user interface client (vizGal) for this
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FIGURE 6.14 The vizGal user interface client being used to compare vectors and
scalar values from two different time steps of a Gulf of Mexico model.

purpose. VizGal allows users to create a custom gallery of related visual-
izations. VizGal can compute and display the differences between fields,
automatically regridding as needed. Figure 6.14 illustrates vizGal in use.
ESGF product services are designed to augment the analysis tools used
by scientists at their desktop. LAS supports a seamless segue from the web
to desktop analysis by generating command scripts that initialize desk-
top applications to the user’s current data set, variable, and space-time
location of interest. The same aggregated data set used by LAS is directly
accessible to desktop applications, without the need for file transfers.

6.8 FUTURE DIRECTION

The ESGF effort has begun to look outside the climate community for addi-
tional funding opportunities. These efforts intend to broaden the ESGF
node development for other scientific domains, such as energy, material,
nuclear energy, biology, chemistry, fusion, and others. This by no means

indicates that we abandon the climate community; we seek to strengthen
the entire scientific community with advances that will be beneficial for
all. Besides our usual trademark advances in federation, analysis, and
visualization, our efforts will look to expand in the areas of data min-
ing, provenance and metadata, HPC, data movement, and data ontology.
These are all challenging areas related to the management, manipulation,
storage, access, analysis, and visualization of large-scale scientific data.
With that said, we have come to the realization that some communities
(such as climate) have a good handle on their data, thanks to efforts such
as ESGF. However, satisfying the need for substantial investments in data-
driven software and technologies is paramount, as future computing plat-
forms and archives expand and reach extraordinary speeds and capacity.
Our goal for these communities is to deliver a comprehensive end-to-end
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solution for the overall increase in scientific productivity, as has been as
our continual effort for climate science.

ESGEF is being funded in pieces by smaller, less focused activities with
some success. Some of these activities include the climate science for a
sustainable energy future to transform the climate model development
and testing process; the NASA ACCESS proposal to produce an ESGF
node capable of delivering NASA data products to the community; the
Climatel00, an advanced networking initiative research project to develop
and test end-to-end capabilities of the next generation networks in collab-
oration with the climate community via the ESGF nodes; the large-scale
data systems for nuclear energy to provide the nuclear energy commu-
nity with access to data and information, model codes, analysis tools, and
intercomparison capabilities for deeply analyzing nuclear energy simula-
tions; and the NCAR effort to archive and disseminate Arctic data under
the Cooperative Arctic Data and Information System. Internationally,
small ESGF development efforts are also happening in countries such
as the United Kingdom, Australia, Germany, France, Italy, and Japan.
In addition, small business innovation research (SBIR) and other com-
mercial efforts are funding their research and development efforts on the
access and dissemination of the ESGF infrastructure and data archive.

Many challenges remain and new ones will emerge. Through such
efforts mentioned above, we hope to continue and promote the sharing
of knowledge, software, and tools among partners that combine model
output, observational data, and analysis and visualization tools and the
facilities needed to ensure access by all user communities.
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7.1 INTRODUCTION

Science is fundamental to addressing the problems confronting our planet

and our lives, and data are fundamental to science. The science we do now
requires ever-increasing datasets that need flexible and powerful comput-
ing systems to process them. Computing does not have the power to save
our planet from global warming or energy shortages—it does, however,
have an underlying role to play in making this happen.

Grids are effective mechanism for bringing together computing and
storage resources located in, owned and operated by different organiza-
tions. By connecting through the Internet networks, a grid is a means for
sharing computer power and data storage capacity and providing secure
access. It permits the creation of virtual research communities, making
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use of computers located all over the globe to become an interwoven com-
putational resource for large-scale compute- and data-intensive grand
challenges.

The research community is facing a deluge of data produced by the lat-
est generation of scientific instruments. This increased scale of scientific
data is putting pressure on existing information and communications
technology (ICT) services that are struggling to store, distribute, process,
analyze, and preserve this precious commodity. At the same time, the
need to show a return on investment is accelerating the scientific process
itself, reducing the time from the acquisition of data to the publication
of results. This demands that ICT services be more reliable and dynamic
in their ability to serve the research community. As a consequence, the
cost of ICT to the research community is continuously increasing and is
becoming a significant item in organizations’ budgets.

It is necessary to revitalize the ICT models used by the research com-
munity to adapt to the changing needs of researchers, embrace new dis-
ruptive technologies, and profit from the restructuring of the commercial
sector which is introducing new products and services.

CERN, the European Organization for Nuclear Research, is the largest
particle physics laboratory in the world and is an international organiza-
tion with its headquarters in Switzerland. CERN is the home of the Large
Hadron Collider (LHC)—the world’s largest and most powerful particle
accelerator that spans the border between Switzerland and France about
100 m underground. The LHC complex provides research facilities for
several thousand high-energy physics researchers from all over the globe.
The LHC experiments are designed and constructed by large interna-
tional collaborations and will collect data over a period of 15-20 years.
These experiments run more than one million computing tasks per day
and generate more than 15 petabytes (PB) of data per year. The computing
capacity required to analyze the data far exceeds the needs of any com-
parable physics experiments today and relies on the combined resources
of some 200 computer centers worldwide. CERN and the particle physics
community have chosen grid technology to address the huge data stor-
age and analysis challenge of the LHC. CERN leads the Worldwide LHC
Computing Grid project (WLCG), which is a global collaboration link-
ing grid infrastructures and computer centers worldwide. It was launched
in 2001 to provide a global computing resource to store, distribute, and
analyze the data generated by the LHC. The infrastructure, built by inte-
grating thousands of computers and storage systems in hundreds of data
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centers worldwide, enables a collaborative computing environment on
a scale never seen before. The WLCG serves a community of more than
10,000 physicists around the world with near real-time access to LHC data
and the power to process it.

7.2 WHY A GRID?

To understand why a grid infrastructure was chosen, we must consider
several factors that had an important impact on the design of the LHC
computing environment. Primarily, the volume of data generated by the
experiments is estimated at some 15 PB per year. These data are generated
at a significant rate: some 300-400 megabyte (MB) per second by the two
largest experiments, ATLAS and CMS. During the period when the LHC
accelerates heavy ions, this data rate increases to around 2 gigabyte (GB)
per second for ALICE, the dedicated heavy ion experiment. The fourth
experiment, LHCD, generates data at the lower rate of <100 MB/s. Thus,
during most of the LHC running, the total data rate is around 1 GB/s
and this rises to close to 3 GB/s during heavy ion running. These data are
archived at CERN and a second copy is distributed between 11 regional
(Tier 1) centers in real time, together with an equal amount of data result-
ing from their initial processing. Thus, the distribution system must be
capable of supporting these rates continuously.

The Tier 1 centers are large data processing centers capable of providing
reliable data archiving for the lifetime of the accelerator (more than
20 years) and they also play a role in distributing the data to a large
number of Tier 2 centers (more than 150) once it has been processed in
the Tier 1 centers. The analysis of the processed data is subsequently per-
formed at the Tier 2 sites. Thus, another important consideration is the
ability to rapidly process and distribute the data to the Tier 2 centers mak-
ing it available to the thousands of scientists: from a few hundred in each
of the LHCb and ALICE experiments, to more than 2000 people in each
of ATLAS and CMS.

The required amount of computing capacity—both compute and
storage—is driven by the volume of data, and a certain amount of simula-
tion that is required by all experiments. These resources must be accessible
by the many scientists using several different workflows from centrally
organized and managed data processing for the bulk of the real and simu-
lated data, to more widely varied workflows during physics analysis, where
the need for specific datasets is unpredictable and evolves as the analysis
progresses.
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In considering how to build a system to satisfy all these needs, it was
clear from the beginning that putting all of the computing and stor-
age power at CERN would not be feasible for a variety of reasons. First,
the infrastructure of CERN’s computing facilities would not scale to
the required level without significant investments in a power and cool-
ing infrastructure that was many times larger than that which existed
at the time. Second, the CERN member states have historically encour-
aged the provision of a significant fraction of the computing resources
for an experiment to be located outside of CERN. The physics institutes
and national laboratories participating in LHC experiments have local
computing facilities, often of significant scale, and with the expectation
of improvements in wide area networking it was reasonable to expect that
a distributed system that could couple these resources may achieve the
scale needed. There also are sociological advantages in such a distributed
system [l]—investment is made locally and benefits the hosting institute
in several ways, for example, providing training for students, and the
ability to leverage the resources for other local uses.

Figure 7.1 shows the key components of the model for LHC comput-
ing. At the time of developing this model (1999), it became clear that grid
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FIGURE 7.1  (See color insert.) Original LHC computing model.
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FIGURE 7.2 Worldwide distribution of WLCG grid sites.

computing technology could provide the practical implementation per-
mitting, for example, the integration of computing resources across mul-
tiple administrative domains; and the authentication and authorization
infrastructure that provides a means for a user to have access to resources
that may be distributed around the world.

This model was developed over the following 10 years by the WLCG
in conjunction with a series of grid projects funded by the European
Commission in Europe [2] and by the Department of Energy and National
Science Foundation [3] in the United States. The infrastructure and the
tools to manage the exceptional data volumes and rates were developed to
provide a production environment that would be usable and manageable
by the experiments and the computer centers involved. The Tier 0 pro-
vides some 20% of the total computing resources, while Tier 1 and Tier 2
centers each contribute some 40%. In total today, there are approximately
250,000 CPU cores and 150 PB of disk federated by the WLCG.

Figure 7.2 shows the worldwide distribution of the WLCG grid
infrastructure.

7.3 PRODUCTION INFRASTRUCTURE

It was essential that the LHC computing environment became an inte-
gral part of the production infrastructure of the participating computer
centers and that it could be managed by a moderately sized operations
team. Thus, in addition to the technical implementation of the grid itself,
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an entire ecosystem had to be built. This included processes and tools to
support daily operation, problem solving, and metrics for reporting. In
addition to the service aspects, a set of policies was developed to govern
the use of the infrastructure and to address privacy and security con-
cerns. These ranged from acceptable use policies (for users and for vir-
tual organizations) to policies for information retention and publication
related to resource usage. A significant achievement was the development
of a worldwide network of trust for both authentication (based of X.509
certification authorities) and authorization. This unique trust framework
[4] is what enables the many thousands of physicists to seamlessly access
compute and storage resources anywhere in the world. When defin-
ing these policies it was necessary to strike a balance between defining
infrastructure-wide policies and allowing freedom of choice to individual
participants.

To bring the infrastructure to production quality with the ability to
support all of the technical and management goals of LHC computing, a
significant program of testing and challenges was developed and imple-
mented over a period of 6 years. From 2003 onward, starting with the
deployment of the initial prototype grid system with only a handful of
grid sites, the system has been used for the production of simulated data
by the physics experiments, and since 2004 an extensive program of data
and service challenges was implemented to show and test all aspects of the
infrastructure. These, for example, included achieving the necessary scale
and reliability of data transfers and data management, scaling of job work-
loads, and testing of key support processes including response to simulated
security incidents.

In parallel with these organized periods of service challenges, the grid
infrastructure was gradually being ramped up in terms of resources in
preparation for the start of data taking.

In addition to these tests, from late in 2008 until the LHC started at the
end of 2009, significant amounts of cosmic ray data were acquired and
processed by the experiments. This allowed for extensive testing under
reality conditions of the entire computing models of the experiments
from data acquisition to analysis and was important for validating the
entire system. By increasing the data acquisition rates, this testing could
be done at rates close to the anticipated data rate for future LHC run-
ning. The testing program culminated in two major readiness challenges
in 2008 and 2009 that showed that the WLCG was prepared for the start
of data taking.
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74 LARGE HADRON COLLIDER ACHIEVEMENTS

IN ITS FIRST YEAR
The LHC came on line at the end of 2009, and performance has rapidly
improved throughout 2010 and the first half of 2011. During that time,
some remarkable achievements of the computing system have been shown.
Foremost is the fact that the computing environment has enabled the very

rapid delivery of physics results. Processed data are available to physicists
for analysis within hours of data taking, and results presented at large
international conferences have in some cases been based on data taken
only weeks earlier. This rapidity is unprecedented in particle physics.

There are also specific technical achievements that are notable. First,
despite the significant testing, the data rates achieved with real data rap-
idly exceeded those achieved during the test periods. Data rates in excess
of 2 GB/s are common and peaks of 5 GB/s have been observed. This ability
was made possible by the dedicated and redundant LHC Optical Private
Network [5] built between CERN and the Tier 1 sites to enable fast data
exchange. Typical data movements worldwide for a large experiment such
as ATLAS have been around 10 GB/s.

7.5 LINKING DATA AND PUBLICATION

In parallel with these developments, the scientific process itself is changing,

with an increasing dependence on ICT at all stages. Similarly, policy and
the public attitude are demanding that research that is publically funded
be made publically available. This Open Access movement [6] is particu-
larly relevant for the research community and poses additional demands
on the ICT infrastructure. The ability to curate and archive for decades the
complete corpus of scientific output, from raw data to final publications,
requires novel ICT tools. Such tooling will further accelerate the scientific
process, challenging the research communities’ culture while permitting a
better assessment of the value of scientific output to society. This data con-
tinuum will enable multidisciplinary research by connecting information
that was previously isolated to create new knowledge, and further justify-
ing the investments in the eyes of the public and funding agencies.

In partnership with other leading High-Energy Physics (HEP) labo-
ratories worldwide, CERN has launched INSPIRE [7], a next-generation
digital library system for HEP. Built on the CERN Invenio open source
digital library solution, INSPIRE hosts one million records and half a mil-
lion full-text articles, which are searchable, whose authors are disambigu-
ated, and for which advanced bibliometrics are possible.
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7.5.1 An Example from Life Science

The infrastructure on which WLCG is built also serves many other grand
challenges from different scientific disciplines. Although the bulk of usage
comes from high-energy physics, research communities in astronomy;,
astrophysics, computational chemistry, earth sciences, fusion, and com-
puter science also successfully use production grid infrastructures. Many
communities are using the infrastructure to examine questions they could
never have addressed before. In silico drug discovery is one of the most
promising strategies to speedup the drug development process [8]. Virtual
screening is about selecting, in silico, the best candidate drugs acting on a
given target protein. In vitro screening is very expensive as there are now
millions of chemicals that can be synthesized. A reliable means of in silico
screening could reduce the number of molecules required for in vitro and
then in vivo testing from a few million to a few hundred. However, virtual
screening represents a computational data challenge requiring intensive
computing, in the order of a few teraflops per day to compute one million
docking probabilities or the molecular modeling of 1000 compounds on
one target protein. Access to very large computing resources is, therefore,
needed for successful high-throughput virtual screening.

Large-scale grids for in silico drug discovery open opportunities of
particular interest to neglected and emerging diseases. The WISDOM
[8] initiative aims to develop new drugs for neglected and emerging dis-
eases with a particular focus on malaria. It relies on emerging information
technologies to provide new tools and environments for drug discovery
and development. Its main goal is to boost research and development on
neglected diseases by fostering the use of open source information tech-
nology for drug discovery. The initiative that started in 2005 was initially
focused on virtual screening. During the summer of 2005, a first large-
scale deployment achieved in silico docking of 42 million compounds in
about six weeks against a protein of the parasite responsible for malaria:
Plasmodium falciparum. The WISDOM initiative subsequently deployed
a second data challenge for malaria on several grid infrastructures and, in
about 10 weeks, 140 million dockings were achieved, representing an aver-
age throughput of almost 80,000 dockings per hour. The workflow of the
software involved accessing data in various formats from multiple data-
bases, separately managed around the world, and visualizing the results
of computations. This was made possible by the availability of computing
resources from several grid infrastructures worldwide. This success led
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to further challenges targeting avian flu neuraminidase N1. Now results
from the WISDOM initiative are being processed and tested in vitro by a
number of laboratories around the world.

7.6 EVOLUTION OF THE EUROPEAN GRID
INFRASTRUCTURE

The first year of the LHC data taking has been a remarkable success for the

WLCG computing infrastructure. The experiments, sites, and the various

grid development and operations projects involved have shown the ability

to build and run a solid and reliable service.

All sites, large and small, have shown that their resources are accessible
and can be used by the experiments. This is important as it shows that the
grid really does enable worldwide collaboration and sharing of resources.

This success has been the culmination of close to 10 years of develop-
ment, testing, and investment by many institutions, people, and contrib-
uting projects.

This success was not immediate since it required significant effort, and
several rethinks of the way the services should run and be used by the
experiments. Now, there is a far better understanding of the actual needs
of the physics experiments in terms of the distributed computing infra-
structure, than there was 10 years ago. Even in the past two years with the
large-scale readiness testing and the beginning of LHC operation, there
has been a significant evolution of those requirements. The computing
models of the experiments have matured and are tending toward a much
more mesh-like topology rather than the strict hierarchy described earlier.

To run the grid service at a very large scale takes a lot of operational
effort. Analysis of the failures shows that most are either at the infrastruc-

ture level, such as power outages, or related to services that are not redun-
dant across hardware failures. In addition, database service problems
engage significant work to restore normal operation including synchro-
nizing data replicas at Tier-1 sites. As a consequence, changes are being
considered that will simplify the operation of the grid service and reduce
the level of operational effort needed. Technology in this area evolves very
rapidly, and there is scope to benefit from recent advances as explained in
Section 7.7. All these points will contribute to ensuring the long-term sup-
port and sustainability of the infrastructure.

It is still important to recognize that the WLCG uses a grid for a very
good reason: to integrate the resources that are distributed worldwide
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across dozens of different management domains. The collaborative and
distributed aspects of the WLCG lie at the heart of the initial design
choices and remain valid even as the underlying technologies evolve.

However, it is also apparent that there are many other communities
that perceive grids as being hard to use, or not suitable for their needs, and
are looking at other solutions such as cloud computing to achieve their
objectives [9]. It is necessary to continuously reassess the implementa-
tion of the grid infrastructures in light of the changes in the environment
noted earlier, but never forgetting the important successes and lessons,
and ensuring that any evolution does not disrupt the continued operation
for existing communities.

7.6.1 Enabling Grids for e-Science to European
Grid Infrastructure Transition

A new organization, called EGI.eu, has been created to coordinate and evolve
the European grid infrastructure (EGI) by building on the work of previous
European Union-funded projects. This transition was an important step
in ensuring the European research community has access to a distributed
computing infrastructure. EGl.eu was created on February 8, 2010 to coor-
dinate and maintain a sustainable pan-European computing infrastructure
to support European research communities and their international col-
laborators. The earlier projects nurtured this goal from the initial concept
of a scalable, federated, distributed computing system. The conceptual and
logistical framework for a permanent organization to oversee the operation
and development of the grid on a Europe-wide level was the subject of a
dedicated design study (European Grid Initiative Design Study [EGI-DS)),
which took place from September 2007 to December 2009. A four-year
project called EGI-InSPIRE supports and cofunds EGIL.eu operations with
a common goal—to create a seamless system ready to serve the demands of
present and future scientific endeavors.

7.7 LESSONS LEARNED AND ANTICIPATED EVOLUTION

The successful collection, distribution, and analysis of data from the four
LHC experiments represent a major achievement and demonstration of
the grid’s success. The original concept of a grid—being able to engender
collaboration and sharing of resources—is even more relevant today
than it was 10 years ago. However, the environment has evolved and
today’s “grid” infrastructures must be integrated into an overall science
e-infrastructure framework, capable of evolving and adapting to the
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rapidly changing needs of science communities, especially those that are
coming to realize the potential of such infrastructures in being able to
help them deliver better science.

Networking, grid, and supercomputing have developed indepen-
dently but are now becoming interwoven and should rather be viewed as
building blocks or services within an e-infrastructure ecosystem that a
science community can make use of in a coordinated manner. Blurring
the boundaries between these elements of e-infrastructure will encour-
age their interoperation and present a more consistent model to the users.
These existing elements must be supplemented by, and integrated with,
new components including scientific cloud services, emerging data infra-
structures that manage significant slices of the data continuum and other
new services. Such an e-infrastructure must also be agile enough to be able
to develop the additional services required by new science communities
or to help those communities integrate their own specific services, while
taking benefit from the overall structure (AAA* policies, support, etc.).

In such an environment, ease of use and access are vital considerations.
The cloud model has been so readily adopted since it is a simple concept
from the user point of view. Similar simplicity must be applied to the more
traditional services. Enabling the use of existing trusted federated identi-
ties would help address some of the initial complexity in being able to
access a grid, for example.

It is too simplistic to think that a cloud computing model could, at
this point in time, replace the current grid infrastructures. For the fore-
seeable future, it will remain sociologically and politically attractive for
science collaborators to provide resources locally to the benefit of their
own local communities, while nevertheless being willing to share these
resources and data with their collaborators. Policies and cost models for
resource allocation must be developed and must take into account this
environment. For example, it will become important that user commu-
nities understand the real costs of providing archiving and rapid access
to many petabytes of data over many decades. Thus, it is important that
those communities contribute in some way to this cost rather than see-
ing a data infrastructure that is separately funded to manage data. This
implies that the costs of these e-infrastructures should be included in the
funding of science from the outset as an integral part of what it takes to do

* AAA: Authentication, authorization, and accounting; generally used to refer to the underlying
security framework.
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science. Having a separately funded and governed e-infrastructure poten-
tially hides the true costs from scientists and researches it servers which
in turn could lead to inappropriate technical choices and divergence of
implementation from need.
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“A fundamental characteristic of our age is the rising tide of data—global,
diverse, valuable and complex. In the realm of science, this is both an
opportunity and a challenge.” This excerpt from a 2010 European report
on scientific data captures very well a major trend affecting almost all

* See http://www.eudat.eu for more information.
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scientific disciplines, and the transformations required if we are to opti-
mally manage and exploit this explosion of data.

Modern information and communication technology (ICT) gives
researchers improved access to data-intensive sensors; increasingly
comprehensive analysis and simulation facilities; and efficient large-
scale communication platforms, enabling, for example, crowd sourcing
that engages vast numbers of citizens in data creation and enrichment.
As a consequence, politicians speak of ICT as a transformational fac-
tor for science,? revolutionizing traditions and workflows in almost all
research disciplines. As a result, data are now the basis of theorization
and proof of results even in disciplines not traditionally data oriented. A
completely new paradigm, known as data-intensive science (DIS), is thus
being added to the set of methodologies used to discover unexpected
phenomena based on statistical operations on large data sets. Data gen-
erated by processes in nature, societies, bodies, and minds represent
information that can be used in understanding the underlying nature
of these processes.

The availability of suitable data is a key pillar of e-Science, enabling
teams of investigators to work with, or independently from, the research-
ers who derived the data, thus reusing and recombining data in new
scientific contexts. However, repurposing data—within and especially
across disciplinary domains—requires significant integration and
interoperability efforts, as well as agreement on standards and sharing
practices. In this respect, it is not so much the sheer volume of data, but
its increasing complexity and diversity across varying collections that
require attention.

In particular, data useful in finding solutions to the grand challenges we
face in the areas of climate change, energy production, health, and societ-
ies can be seen as highly valuable, although it is impossible, as K. Jeffery
points out, to quantify the value of scientific data.®> Further, data are not
just valuable to current generations of researchers, but also to future gen-
erations, since they capture information about the state of the world. Thus,
proper data management is required to guarantee seamless access to cur-
rent and future researchers, and special attention is required to ensure
proper long-term preservation.

Data reusage in an open data infrastructure scenario also implies that
data creators, managers, and users do not necessarily know each other, but
nevertheless must rely on each other’s quality of work. Thus, new mecha-
nisms are necessary to establish trust between all stakeholders.
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Major efforts over a longer period are needed to meet the challenges
of integration, interoperability, data life cycle management, and trust-
building. Only a systematic and focused approach, encouraging collabo-
ration between the various stakeholders and covering the entire life cycle
of data objects, will help us to achieve global reach across disciplines.
We call this approach a Collaborative Data Infrastructure (CDI), and
anticipate that it can only be established using an organic and agile pro-
cess at a global level, involving all stakeholders, existing data initiatives
and emerging community-specific data solutions. To this end, a top-down
holistic construction will not suffice. Thus, the European Collaborative
Data Infrastructure (EUDAT) initiative aims to contribute to the develop-
ment of such a pan-European CDI.

8.1 TOWARD A PAN-EUROPEAN INFRASTRUCTURE FOR
SCIENTIFIC DATA

Over the past 5 years, research landscapes and instruments in Europe
have undergone significant developments, aiming to facilitate the tran-
sition to e-Science and address its related challenges. The Europe 2020
strategy—and its goal of establishing a truly operational European
Research Area (ERA) by this date—has triggered cooperation between
member states and facilitated the development of cross-national research
infrastructures (RIs), most of which rely on digital data for their work.
ICT infrastructures (also known as e-infrastructures) have been recog-
nized as “a crucial asset underpinning European research and innova-

tion policies™ and significant progress has been made in the deployment
of pan-European ICT infrastructures for research supporting multiple
disciplines.

8.1.1 Emergence of Pan-European Research Infrastructures

Scientific communities are increasingly organized, bridging with other
disciplines and across national borders. The emergence of pan-European
RIs in almost all scientific fields reflects this trend. RIs are not new: col-
laboration between scholars to access shared resources has been around
from all time. The great abbey libraries of the Middle Ages, for example,
could be considered RIs. Today, modern RIs are more usually instruments
and facilities, such as synchrotrons, telescopes, sensor networks, biomedi-
cal facilities, and large distributed databases. It is estimated that there are
more than 500 RIs of various size in Europe, of which at least 300 have
strong international visibility. These RIs represent an aggregate European
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investment on the order of €100 billion, with an yearly operational and
maintenance cost of €10-€15 billion.

Since 2006, through the European Strategy Forum on Research
Infrastructures (ESFRI), major progress has been made in terms of
agreeing on priorities and securing investments for large-scale RIs. The
first ESFRI roadmap for Rls, published in autumn 2006, outlined 35
new large-scale RIs of pan-European interest for construction, each
costing from €10 million-€1 billion. The projects service disciplines
include social sciences and humanities, environmental science, energy,
biological science, medical science, materials science, the physical sci-
ences, and e-infrastructures. This roadmap was updated in 2008 and
2010 and now includes 44 projects with individual construction costs
between €2 million and €1.1 billion and operational costs between €2
and €120 million. By the end of 2010, 10 projects had entered their
implementation phase, while another 16 are on target for implementa-
tion by the end of 2012.°

RIs provide valuable platforms for fostering cooperation between
researchers across national borders, and are a key driver of construction
of the ERA. They also produce and distribute huge volumes of data, and
need to rely on a strong and sustainable e-infrastructure to store, share,
and protect the growing volume of data they generate.

8.1.2 Move toward Pan-European Horizontal e-Infrastructures

Efficient e-infrastructures are essential facilitators of research and inno-
vation, playing a key role in supporting the deployment of new research
facilities on a pan-European level, and addressing their ICT requirements.
In recent years, significant investments have been made by the European
Commission and European member states to create a pan-European
e-infrastructure supporting multiple communities. This e-infrastructure
is currently divided into several intertwined domains, together providing
a variety of functions and services.

The pan-European research and education network backbone is pro-
vided by GEANT, on behalf of the European consortium of National
Research and Education Networks (NRENs). A hierarchical concept is
used, in which research organizations connect to each other through
their local NRENs, which in turn connect with each other by the pan-
European GEANT backbone network. GEANT is the world’s largest
multi-gigabit communication network dedicated to research and educa-
tion. It already serves around 4000 universities and research centers and
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connects 36 NRENs. Such a powerful and reliable network is prerequisite
to the work of distributed RIs, and to the use of large data storage facili-
ties throughout Europe, independent of the location of the researcher or
compute facility.

Researchers also need to rely on a solid computing infrastructure.
Until 2010, Europe’s largest capacity computing grid for publicly funded
research was Enabling Grids for E-sciencE (EGEE). This EGEE infra-
structure played a central role in the global distribution and sharing of
the huge volume of data generated by the Large Hadron Collider at the
European Center for Nuclear Research (CERN), providing the European
research community and their international collaborators—representing
over 17,000 users across 160 projects—with an e-Research platform for
high-throughput data analysis. Since May 2010, a new organizational
model has taken over, implemented by the European Grid Initiative
(EGI.eu). The objective of EGlL.eu (a foundation established under Dutch
law) is to create and maintain a pan-European grid infrastructure in col-
laboration with National Grid Initiatives. Its mission is to enable access to
computing resources for European researchers from all fields of science.
There have also been significant developments in capability computing
because of the Distributed European infrastructure for Supercomputing
Applications (DEISA) and Partnership for Advanced Computing in
Europe (PRACE) projects. DEISA played a key role in setting up a pan-
European high-performance computing (HPC) infrastructure for super-
computing applications and a production-quality environment for EU
scientists to use. The PRACE currently represents the top of the European
HPC ecosystem, and provides Europe with cutting-edge world-class
HPC systems.

A European e-infrastructure ecosystem is thus slowly taking shape, with
communication networks, distributed grids, and HPC facilities providing
European researchers from all fields with state-of-the-art instruments and
services to support collaboration and research at a pan-European level.
However, given the accelerated proliferation of data, additional efforts
and investments are needed to tackle the specific challenges of data man-
agement, and to ensure a coherent approach to scientific data access and
preservation. European projects in networking, computing, and grids are
moving from one-off projects to sustainable infrastructures and services.
EUDAT intends to achieve this goal for the data layer, aiming to develop
a high-quality, cost-efficient, and sustainable pan-European data ecosys-
tem, driven by European research needs and user communities.
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8.1.3 Data Initiatives: A Fragmented Landscape

There is already a long history of data management projects* and initiatives
in Europe, with several existing data infrastructures dealing with estab-
lished and growing user communities: CERN, the European Space Agency;,
the European Organisation for Astronomical Research, and the European
Bioinformatics Institute are examples of large-scale intergovernmental
infrastructures generating and managing massive volumes of data. The
numerous Rls being created as part of the ESFRI roadmap® can also be seen
as data management initiatives, connecting repositories, aggregating and
sharing data across national borders, and developing tools to make these
data widely available to their communities and beyond.

Although some solid experience exists in dealing with data infrastruc-
tures, the current data landscape is still fragmented, with most initia-
tives addressing the needs of a specific discipline or community. This has
resulted in increasing diversity with respect to data architectures, orga-
nizations, formats, and semantics. Issues related to interoperability and
integration of existing data infrastructures are a growing concern in the
context of cross-disciplinary research. Interoperability refers, in particu-
lar, to methods that allow us to seamlessly access and process the con-
tent of integrated objects. Integration refers to the methods that allow us
to bring data objects together by making use of their external properties.
Integration, among other things, requires measures to make data visible
with the help of metadata of which the schemas and vocabularies are reg-
istered and thus openly available and to access the objects based on their
persistent identifier (PID) included in the metadata record. Integration also
requires that the user can understand what kind of information the objects
contain and how it has been created; that is, the metadata records need to
cover contextual and provenance information. Long-term sustainability
is another issue, with rising costs due to the explosion of data threatening
the financial viability of those infrastructures. Thus, the growing volume
of data generated by researchers and their instruments—especially as the
ESFRI RIs come online—as well as demand for access to those data has

* For example the EC-funded projects: DataGrid (2001), http://eu-datagrid.web.cern.ch;
DataMiningGrid  (2004), http://www.datamininggrid.org; Caspar (2006), http://www
.casparpreserves.eu; SeaDataNet (2006), http://www.seadatanet.org; DRIVER (2006), http://www
.driver-repository.eu; Planets (2006), http://www.planets-project.eu; Shaman (2008), http://shaman
-ip.eu/shaman; PARSE.insight (2008), http://www.parse-insight.eu; Europeana (2008), http://www
.europeana.eu; D4Science, http://www.d4science.eu; OpenAIRE (2009), http://www.openaire.eu;
Geo-Seas (2009), http://www.geo-seas.eu; PaNdata Europe (2010), http://www.pan-data.eu; ODE
(2010), http://www.ode-project.eu; SCAPE (2011), http://www.scape-project.eu.
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created a new impetus for the development of a pan-European strategy for
data infrastructures.

This view is supported by several European expert groups, including the
e-Infrastructure Reflection Group (e-IRG), which, in its 2010 Blue Paper on
e-Infrastructures,” endorsed by ESFRI, recommended that the European
Union “identify and promote common (long term) data related services
across different RIs,” emphasizing the potential synergies existing between
the ICT requirements of individual RIs. The e-IRG reaffirmed the need to
create a sustainable European data infrastructure in its 2011 White Paper:
“Although well-armed with other infrastructure components from net-
working, grids and HPC, the European e-infrastructure does not yet have
a data infrastructure constituent that would allow the operation and uni-
fication of several existing multi-domain data and heterogeneous environ-
ments. We do, however, have some prior experience and so the major goal
is to unify all existing use cases and provide a global approach for Europe.”

In 2009, a High Level Expert Group on Scientific Data was tasked by
the Directorate-General for Information Society and Media of European
Commission to prepare a Vision 2030 for the evolution of e-infrastructure
to scientific data. The group released its final report in 2010, describing
long-term scenarios and associated challenges related to scientific data
access, curation, and preservation, as well as the strategy and actions
necessary to realize their vision. The report contains the following
recommendations:

+ Develop an international framework for a CDI
» Earmark additional funds for scientific e-infrastructure

 Develop and use new ways to measure data value, and reward those
who contribute it

o Train a new generation of data scientists and broaden public
understanding

« Create incentives for green technologies in the data infrastructure

« Establish an interministerial group on a global level to plan for data
infrastructure

This report also presents the CDI as an important concept guiding
future efforts. Indeed, it is likely to shape current and future data initia-
tives in Europe and is at the heart of the EUDAT initiative.
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8.1.4 Collaborative Data Infrastructure

The CDI concept emerged from various initiatives. In its 2009 White
Paper,® the Partnership for Accessing Data in Europe (PARADE) con-
sortium, which was the origin of EUDAT, presented a two-layer design
describing interactions between centers offering community-specific ser-
vices and centers offering common services. The High Level Expert Group
on Scientific Data extended this concept to a three-layer diagram, includ-
ing data generators and users as part of the CDI ecosystem and resulting
in Figure 8.1, which is frequently cited.

The main entities of the CDI are (1) researchers, sensors, and simulation
and analysis frameworks that create and consume large data sets with the
help of Internet-based tools; (2) data networks and expertise centers that
offer community-specific services and have deep knowledge of data con-
tent, community traditions, and workflows; (3) networks of data centers
that offer cross-disciplinary and thus common data services to the com-
munity centers and directly to data consumers and generators.

The collaborative data infrastructure—A framework for the furture

Community support services
Common data services

FIGURE 8.1 The Collaborative Data Infrastructure. (From High Level Expert
Group on Scientific Data, Riding the wave. How Europe can gain from the ris-
ing tide of scientific data, Final report submitted to the European Commission,
http://cordis.europa.eu/fp7/ict/e-infrastructure/docs/hlg-sdi-report.pdf, 2010.)
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This picture can also be seen as an attempt to capture the kind of col-
laboration required between the different actors. On the top level, we have
data generators and users, who rely on community support services spe-
cific to their disciplines; in turn, these community support services rely on
a set of common data services that can be used by different disciplines. At
every layer in the system, there are appropriate provisions to curate data
and ensure its trustworthiness.

Establishing the CDI will not be a trivial task. Many communities
have recently implemented distributed data organizations and architec-
tures specifically tailored to their needs. This process represents a huge
investment, often involving global collaboration, and its results cannot
be easily abandoned. Thus for the CDI to succeed, an abstract architec-
ture is required, facilitating integration of preexisting data solutions from
participating communities, and data centers that support common data
services. The development of such an architecture presents a significant
challenge, requiring active collaboration between all actors, and in partic-
ular between the communities involved in designing specific services and
the data centers willing to provide generic solutions. Within the generic
layer, which will be the focus of EUDAT, it is also important to engage with
existing initiatives that already provide data services across disciplines.*

Reuse and recombination of data in such open scenarios—covering
many different disciplines, each with their own data organizations,
domain-specific structures and semantics—is based on suitable inte-
gration and interoperability solutions. In this respect, it makes sense to
distinguish between the external and internal properties of data objects.
Once the definition of a data object is agreed, we can postulate that the
external properties of data objects are largely domain independent, while
the internal properties are determined by discipline-specific structures
and semantics. The CDI thus needs to focus on the external properties of
data objects, ignoring their discipline-specific content. Challenges specific
to external data properties include: (1) each data object must be identified
by a unique PID that should be registered globally and therefore become
an official part of the shared data world; (2) the PID records must include

* One example of such an initiative is the D4-Science-II project (2009), which aims to develop
technology to enable the interoperation of diverse data infrastructures in biodiversity, fisheries,
resources management, and high energy physics (http://www.d4science.eu). In the area of librar-
ies and scientific publication, the OpenAIRE project supports the implementation of Open Access
in Europe by establishing and operating an e-infrastructure for handling peer-reviewed articles
and other scientific publications and data sets from all disciplines; http://www.openaire.eu.
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specific information about data objects to ensure, for example, their integ-
rity; (3) each data object—and the various (virtual) collections aggregat-
ing them—must be associated with metadata descriptions including PIDs
along with contextual and provenance information about the object’s con-
tent, creation, and history. Kahn? describes an abstract data object archi-
tecture that comes close to what will be required to establish the CDI as a
heterogeneous, competitive, distributed, and organically grown platform
for sharing, reusing, repurposing, and preserving data.

A second major principle that will guide the setup of the CDI—allowing
establishment of the required trust and proper management of the data
object life cycle—is represented by explicit policy rules, as introduced by
Moore,"® designed to govern all operations on officially registered data
objects in the emerging complex data domain. Ideally, policy rules can
be seen as comparatively simple declarative statements, specified by data
managers or creators and addressing all kinds of operations; such policy
rules would be necessary for data copying, data transformation, and defi-
nition of access rights, for example, and allow users to trace what has hap-
pened to objects. Explicit policy rules also form an ideal basis for regular
quality—necessary for building trust—with respect to the functioning of
data centers and the state of data objects. Sets of consecutively executed
policy rules can be seen as workflows, to be interpreted by a workflow
execution engine that must operate robustly and also be subject to quality
assessment.

8.2 BUILDING THE EUDAT INFRASTRUCTURE

EUDAT is a consortium of 25 European partners from 13 countries. It
includes national data centers, technology providers, research commu-
nities, and funding agencies. The project is co-funded by the European
Commission’s 7th Framework Programme starting in October 2011 (grant
agreement no. 283304). It is the aim of EUDAT to build a sustainable data
infrastructure upon which common services can be deployed for use by
diverse communities; a comprehensive approach is required, including
several activity strands. First, as mentioned above, active collaboration
with all stakeholders will be fundamental to achieving this goal. We must
also plan, from the very beginning, the evolution and sustainability of the
infrastructure. Among other things, this implies early definition of future
partnership and business models for adopting, supporting, and sustain-
ing common services developed for, and partly operated by, the differ-
ent research communities. To achieve this, we first need to show that our
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service approach is feasible. Thus, the design and deployment of early ser-
vices will be critical for the success of the project.

8.2.1 Case for a Multidisciplinary Data Management Approach

Although research communities from different disciplines have different
ambitions, particularly with respect to data organization and content,
they also share basic service requirements. This commonality makes it
possible to establish generic pan-European services designed to support
multiple communities. Before the publication of its 2009 White Paper,
the PARADE consortium surveyed the needs of nine user communities
interested in a common European data infrastructure. They found a high
degree of similarity, with unanimous agreement on the importance of
long-term data archiving for integrity and authenticity control, and near-
unanimous demand for data federation and services enabling discovery,
access, data mining, virtual integration, and curation. Complementary
surveys, conducted in 2010 by e-IRG” and the European e-Infrastructure
Forum," also showed strong similarities across Rls in terms of techni-
cal requirements and organizational issues. Figure 8.2 illustrates how the
requirements of communities from different disciplinary domains can be
met by (1) community-specific services such as specific workflow services;
(2) services in common with a subset of communities, such as a common
meta data registry; (3) domain-specific services, such as discipline-specific

Disciplinary domain Disciplinary domain
(e.g., social sciences and humanities) (e.g., environmental sciences)

ooe

[ Research community ] [Research community ] [Research community ] [Research community ]
1 .o N ver 1 .o M

Community specific Community specific oo Community specific (XMW Community specific

Services across some communities Services across some communities

Domain specific services Domain specific services

S\
Cross-disciplinary services, common to all disciplinary domains

E.g., community workflow services

E.g., common metadata registry
E.g., discipline specific access control and accounting
E.g., generic AAL generic data services

FIGURE 8.2 Different classes of generic services: community-specific, multi-
community, domain-specific, and cross-domain services.
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mechanisms for access control and accounting; or (4) cross-disciplinary
services commonly used by communities from all disciplinary domains.

Perhaps the most challenging requirements relate to Authentication
and Authorization Infrastructure (A AI) systems that support fine-grained
access control to sensitive data, or that manage access to all e-infrastructure
resources via “single identity” and “single sign-on.” In recent years, the
Authentication and Authorization (AA) landscape has undergone numer-
ous changes. This evolution has been driven by several factors, includ-
ing the uptake of grid computing, the success of collaborative/community
research, and the evolution of the web. Technologies and standards are,
however, heterogeneous, and several social, organizational, and admin-
istrative issues need to be tackled to improve harmonization before a
pan-European solution spanning many organizational and geographical
domains can be offered.

There is also widespread recognition among the different communities
that better virtual data federation should be achieved, not only for data
preservation purposes, but also for access optimization and re-usage of
data in new contexts and across the different communities and disciplines.
The term “federation” is generally used to refer to the seamless integra-
tion of independently managed parts, providing a consistent service that
becomes more than the simple aggregation of its constituents. In data
infrastructures, we can identify four layers at which federation mecha-
nisms can be applied: storage, file, database, and repository. For the larger
e-Science communities and virtual research environments, federated
repositories are the infrastructure of choice, since they easily support the
creation of virtual collections. Persistent object identifiers are commonly
required by several communities. They allow the unique identification of
data units across systems, and procedures for resolving object identifiers
must be designed to support mechanisms that maintain object integrity
and authenticity while fostering a simple, secure, and unique access.

With increasing data volumes and rapid development of new technol-
ogies resulting in regular obsolescence of media and data formats, it is
a challenge in all disciplines to keep data readable and understandable
for future generations of scientists. In general, bit-wise data preservation
is required, and this is a primary responsibility of providers of common
services, who are generally experienced in maintaining large amounts of
data over long periods. With the impending data tsunami, and a growing
legacy of digital data stored in large data archives, storage media migra-
tions are high-priority, time-consuming processes that are resource and
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labor intensive. Although EUDAT’s expert teams and services will sup-
port the ongoing process of content migration (of object structure and
semantics), it will remain a primary task of individual communities to
manage to ensure data readability and interpretability.

8.2.2 Designing and Operating Multidisciplinary Data Services

The EUDAT service approach—the cycle of requirements analysis, service
and infrastructure design, operation and assessment—follows the prin-
ciples of agile project management. Three main strands are the basis of
EUDAT?s service activities.

The first strand involves capturing user requirements. As outlined ear-
lier, some preliminary findings are available; however, this analysis must
be deepened and refined in a more systematic way. The generic services to
be deployed must be based on user communities’ current—and evolving—
needs, which can only be achieved through active interaction between ser-
vice providers and users. To this end, user requirements and corresponding
service needs will be typified based on regular surveys. The separation of
responsibilities between common and community-specific services will
have to be determined in practice. The corresponding boundaries can
change over time depending on technological advances. This approach
provides sufficient flexibility to react quickly on new developments. Many
user communities from various disciplines are already part of the EUDAT
initiative, and have been allocated project resources to help specify their
requirements and co-design related services. These partners include key
representatives from research communities in linguistics (CLARIN),
earth sciences (EPOS), climate sciences (ENES), environmental sciences
(LIFEWATCH), and biological and medical sciences (VPH).* EUDAT will
also gather requirements from the physical sciences represented by STFC
(ISIS) and CERN (LHC) as well as others. However, EUDAT does also
target disciplines and communities beyond this initial set of communities.
For this purpose, User Forums will be held on a regular basis, and be open
to all stakeholders interested in adapting their solutions or contributing to
the design of the CDIL.

The second activity strand concerns the appraisal of technologies and
service candidates: this involves identifying, designing, and construct-
ing appropriate services, using existing solutions where possible. Existing

* Other communities have accepted to join EUDAT as associated members, representing altogether
15 specific research disciplines across all major fields of science.
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technologies will be assessed, along with existing approaches and tech-
nological and organizational solutions already favored by relevant com-
munities. Bridging technologies can be usefully deployed when no other
appropriate solutions are available. Gaps and market failures will be
addressed by a dedicated research activity that will also look at the issues of
large and long-term scalability, complexity, and preservation. To this end,
a number of core service areas have been identified, and EUDAT will select
mature technologies in each area to foster quick start-up where possible:*

o Federated AAI technologies

« Data access and upload services

o Long-term preservation

o PID service

o User workspaces

» Web execution and workflow services
« Monitoring and accounting services

+ Network services

o Metadata services

These service areas are essential for the different research communities
and the corresponding services can be designed to support multiple com-
munities. The services in the first eight areas are potentially generic, and
can be provided without community support. The metadata services are
expected to be more community related, and the generalization of meta-
data services will typically require support from the communities.

Before deployment on the production infrastructure, the candidate ser-
vice technologies will be tested in a test or pre-production environment.

The third activity strand is operation of the collaborative infrastructure,
particularly provisioning of secure and reliable generic services in a pro-
duction environment, with interfaces for cross-site and cross-community
operations. The operation of the infrastructure will provide full life cycle
data management services, ensuring the authenticity, integrity, retention,

* Data mining was rated highly by the communities, but due to the inherent complexity when work-
ing across disciplines, this was not taken up in the first phase.
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and preservation of data, especially those marked for long-term archiving.
These production-quality services are mostly capable of being shared
across different sites and therefore require some coordination. The opera-
tional approach comprises:

« The provisioning of network, storage, and compute resources (hard-
ware/system/platform resources) in a scalable way

 The provisioning of services on top of these platform resources,
including a registry for all the (shared) services deployed and oper-
ated and a service status monitoring

+ The coordination of operations (e.g., for change management) by
the EUDAT operations team, integration support for new resource/
service providers, community support (including helpdesk, issue
tracking, documentation) with interfaces to community or cross-
community support teams

« Security, quality control, and compliance, including repository
audits and certification

The provisioning of hardware and system resources requires typically
specific on-site know-how, whereas the know-how on deploying and run-
ning services on top of them can often be shared.

The federated and multifunctional nature of EUDAT requires close col-
laboration between sites and across departments within a site. The EUDAT
operations team will operate a 24/7 service for reporting, tracking, and
managing issue, using a trouble ticket system. Detected problems will be
classified and promptly reported to the corresponding centers.

Although EUDAT targets all disciplines and communities, it is impor-
tant to note that the services to be designed and deployed do not need
to address all the needs of all the communities. This flexibility allows an
incremental approach, where initial and associate communities are taken
into account step by step. As indicated in Figure 8.2, we anticipate that
some services will support a broader range of communities, while others
will only be of interest to a small subset of communities or disciplines.

8.2.3 Expected Benefits of the EUDAT CDI

The benefits associated with creating the EUDAT CDI are many: first, the
CDI will facilitate a better and more systematic approach to management
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of the data life cycle, as well as granting easy access to our scientific
records and overcoming fragmentation at the level of data objects and
data collections. Increasing the scale of data federations and improving
the interoperability of data objects is central to EUDAT’s overall approach
to the development, deployment, and operation of shared services.
EUDAT begins from the principle that individual and community-based
data infrastructures should be federated using an architecture that fos-
ters integration without requiring massive changes to existing and proven
community-based solutions. We believe that establishing a CDI—using
the results of organic discussion, on the one hand, and advocated solu-
tions based on concrete experiments, on the other—is the best way to
handle the scale and complexity of data that will be generated over the
next 10-20 years.

With the EUDAT CDI in place, better use of synergies can be achieved.
The CDI will help to support the infrastructures of existing scientific com-
munities by offering them an infrastructure on which they can rely for
their more generic data services. This will allow them to focus a greater
part of their effort and investment on services that are discipline specific.
The CDI will also provide individual researchers, smaller communities,
and projects lacking tailored data management solutions with access to
sophisticated shared services, removing the need for large-scale capital
investment in infrastructure development. Thus, an overall reduction of
costs will be realized through EUDAT’s critical mass of infrastructure
users and economies of scale.

One of the fundamental goals of EUDAT is the facilitation of cross-
disciplinary DIS. By providing opportunity for disciplines from across the
spectrum to share data and cross-fertilize ideas, the CDI will encourage
progress toward this vision of open and participatory DIS. EUDAT will
also facilitate this process through the creation of teams of experts from
different disciplines, aiming to develop services cooperatively to meet the
needs of several communities.

8.3 GLOBAL COLLABORATION

The challenges embodied by the rising tide of data are global. Equally,
the creation of an integrated and interoperable data domain—data as an
infrastructure covering several layers—must also be achieved at a global
level. In countries such as Australia, Canada, China, Japan, and the United
States, the topic is being actively discussed. The visions formulated by the
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High Level Expert Group on Scientific Data are thus global and we assume
that the following essential principles are shared worldwide:

« Each data object must be identified by a unique and PID officially
registered at a registration authority.

« Each data object must be characterized by a metadata description
that informs creators, managers, and users of its content, context,
and provenance.

« We need an abstract data architecture that specifies ways of integra-
tion without hindering scientific dynamics.

« Explicit and declarative policy rules must be the basis for all opera-
tions on data objects, facilitating quality assessments.

A distributed AA system is required to facilitate role-based access in
a global trust domain.

 Some basic IT principles, such as registering schemas and element
semantics, are required to achieve interoperability.

However, these principles must be turned into concrete specifications,
and EUDAT is aware of the need for global collaboration in this respect.
Establishing a global Research Data Alliance* (RDA)—organized like the
Internet Engineering Task Force and based on concrete suggestions and
tested implementations—is seen as a way to create a global interaction
framework, pushing harmonization and standardization with respect to the
abstract data architecture and all its essential components. Together with
OpenAIREplus, EUDAT is calling for international experts from the United
States, Japan, Australia and other interested regions to participate in estab-
lishing the RDA, defining its scope and organizing international workshops.

8.4 SOCIAL AND ORGANIZATIONAL CHANGE

There is much to achieve before the CDI becomes a reality. Previous chapters
have highlighted the main challenges anticipated, and these must be properly
addressed if a common infrastructure for scientific data is to be achieved.
Delivering high-level multidisciplinary services will not be easy in the cur-
rent context, which is typified by a diversity of data, disciplines, and practices.
The challenges are not only technical, but also social and organizational.

* http://rd-alliance.org.



180 m Data-Intensive Science

Successful collaboration must be built on trust between service providers
and users, but also between the researchers and disciplines themselves. Trust
is also essential in the robustness and high availability of the infrastructure,
the integrity and authenticity of the data collected and deposited, and the
continued existence and persistence of the infrastructure and its compo-
nents. Although partners in the EUDAT consortium have much experience
in collaborating together, these issues will need to be addressed thoroughly
to create an open and inclusive infrastructure. This will require the defini-
tion of adequate partnership rules, policies, governance structures, control
mechanisms, and business and funding models. With respect to future fund-
ing models, we can refer to the High Level Expert Group on Scientific Data’s
document, which states that “an infrastructure for scientific data has a public
dimension; it should also have appropriate public funding.” Needless to say,
the cost of the total data infrastructure ecosystem will be critical.

More generally, we also need to promote a new culture of work practice
that encourages the sharing, use, and reuse of data. This is beyond the
immediate remit of EUDAT and should be addressed at the policy level,
through national and European research funding programs. Additional
emphasis must also be put on education and training. Making good use of
the exciting opportunities emerging from this new world of data is a com-
plex task. It is crucial that we empower new generations of users with the
ability to leverage these possibilities; to this end, we envisage the emergence
of a new type of librarian, or data scientist, who will understand the inher-
ent complexity of new technologies and support individual researchers—
and all of society—in making the most of the coming opportunities.
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9.1 INTRODUCTION: NETWORKING CENTRAL TO
DATA-INTENSIVE SCIENCE

Data-intensive science (DIS) has as one of its core concepts the achievement
of scientific discovery through the analysis of large volumes of data. The
data sets of DIS are so large that interaction with the data by scientists—
collection, transfer, storage, manipulation, analysis, and curation of the
data—is a dominant part of the scientific process. The data-intensive
paradigm is different from others in that scientific discovery is achieved
through data analysis, predominantly using computers. This is not the
domain of the lone explorer seeking rare specimens at the ends of the
earth but that of teams of scientists pushing the limits of modern comput-
ing and networking capabilities to extract discoveries from large, often
expensive, and frequently unique scientific instruments that generate data
sets on the scale of terabytes to petabytes and beyond. While the majority
of productive work is done by scientists using computers to analyze data,
a scientist can expend significant effort on just managing data—locating
data, caching data, moving data to analysis resources, and so on. There are
many reasons to move large data sets or to access them remotely, both of
which generate large data flows in the network—these include locations of
the analysis resources, instruments, collaborators, and long-term archi-
val storage. In fact, in many cases DIS is not possible without the ability
to effectively move large volumes of data. This chapter will examine the
infrastructure that is deployed and maintained to support DIS.

The foundation of the infrastructure is a global science network
that interconnects the many different institutions where the science is
conducted and extends into the site networks of those institutions. Resting
on that foundation are the data transfer and analysis resources connected
to those site networks, the software tools that control the movement
and placement of scientific data by using the capabilities of the under-
lying infrastructure, and the experimental facilities and computational
resources that generate and analyze the data. These interconnected com-
ponents must work together in a reliable, predictable, and cohesive way for
DIS to be successfully conducted. If the infrastructure is configured well
and properly maintained, it can be a powerful enabler for DIS.

Here, we take a bottom-up view of the infrastructure needed to
efficiently move large data sets. We call it bottom-up because this view is
derived from years of operational experience as infrastructure providers
engaged in the design, deployment, and operation of networks tailored for
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science applications. Networks built for science differ in several ways from
those built for other applications. However, just as networks are critical
for the successful operation of a modern business enterprise, they are also
critical for DIS. We will describe the key aspects of network infrastructure
that are critical for successful DIS.

9.2 MOTIVATING EXAMPLES

To understand the global scale of the infrastructure necessary to support
DIS, it is helpful to consider the scale of some of the experiments being
conducted. In order to advance humanity’s understanding of the fun-
damentals of the universe, ever more powerful instruments must be
constructed to extract more and more subtle science. As the cost, size,
and time to construct the instruments have increased, their number has
decreased. An example of such an instrument is the Large Hadron Collider
(LHC) at CERN, Geneva, Switzerland, [1], an experimental facility that is
unique: a particle accelerator 17 mi. (27 km) in circumference that spans
the Franco-Swiss border outside Geneva. With a construction budget
of some €7.5 billion (~$9 billion or £6.19 billion as of June 2010) and a
construction time of 15 years, LHC is one of the most expensive scientific
instruments ever built, and as of now there is only one such experimental
facility. Therefore, everyone working in the field must work with the data
LHC produces, resulting in collaborations that are truly global in scope. In
addition, the detectors at LHC produce a huge volume of data. To extract
physics from the data, the data sets must be distributed to analysis teams
and computational resources around the globe.

The experiments conducted at LHC provide an example of DIS that can-
not be accomplished without the underlying network infrastructure. LHC
experiments, particularly the two largest experiments (ATLAS and CMS),
require the ability to efficiently process verylarge volumes of data (petabytes
per year) to achieve breakthrough discoveries. Since it is both physically
and politically impossible to locate all the computational resources for data
analysis at CERN, the data must be distributed throughout the world such
that the experiment collaborations can benefit from the resources available
to physicists at research institutions regardless of location.

For example, the ATLAS experiment moved almost 7 PB of data between
the hundred or so institutions involved in the data storage, curation, and
analysis between April and November 2010 [2], the result of sustaining
data movement of up to 500TB/day. See Figures 9.1 and 9.2.
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FIGURE 9.1 ATLAS cumulative data volume (in terabytes) by type of data set for
a 7-month period. (Courtesy of Michael Ernst, Brookhaven National Laboratory,
Upton, New York.)

500,000.0 - T
400,000.0 - [ | v I
300,000.0 g ! ll B
- = | [l [ =
200,000.0 gm B A==m=l==
B SEgEE_HE
[ F ]
100,000.0 ... I.ll I.llll a
=
0! = s o 5 1 s e I O
09 11 13 15 17 19 21 23 25 27 01 03 05

mCA M DE WmFR mND mTW mUS
W CERN # ES ®mIT = NL m UK

FIGURE 9.2 ATLAS cumulative data volume per day for a typical 1-month
period (up to 500 TB/day). (Courtesy of Michael Ernst, Brookhaven National
Laboratory, Upton, New York.)

Although previous generations of high-energy physics (HEP) experi-
ments relied, to a lesser or greater extent, on shipping the experiment data
on physical media (typically tapes), this is no longer practical due to the
volume of data and the human effort required. It would be impossible to
conduct the LHC experiments without an international computational
and networking infrastructure that distributes the data, performs the
analysis, and gathers the results from scientists worldwide.

This is a recurring pattern that applies not only to LHC. In any scien-
tific field where the best instrument in the field is unique for a generation
of scientists, all scientists collaborating on the science of the instru-
ment must be able to effectively make use of that instrument to conduct
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cutting-edge research. Therefore, the network that provides access to the
instrument and access to the data from the instrument must reach both
the instrument and all scientists in the field. In addition, the scientists
must have the means to effectively analyze data and collaborate with each
other. This aspect of science does not apply to unique instruments alone.
Scientific data sets are often more valuable when their analyses can incor-
porate other data (e.g., model validation that incorporates experimental or
observational data). Large supercomputer centers must exchange data sets
as the output from a model run at one center is used as the input to analy-
sis at another center, and data sets of common interest must be distributed
to many institutions to facilitate easy access by the scientists in the field.
Therefore, in the general case the network must interconnect all aspects of
a data-intensive scientific collaboration and be able to effectively meet the
needs of all aspects of the collaboration.

As the need for networking has grown, science networks have evolved
to meet the needs of science. Since data distribution at the scale required
by LHC is only feasible with significant automation, the networks must
present consistent services that are of sufficient quality and performance
to allow automated processes that use the network services to handle the
bulk of the data distribution tasks.

An international collaboration of research and education networks,
including the Energy Sciences Network (ESnet), Internet2, and the
Regional Optical Networks (RONs) in the United States, CANARIE in
Canada, GEANT and the many national research and education networks
in Europe, and others from the Americas and Asia, has built such an
infrastructure, which provides the following:

1. A consistent set of services providing quality-of-service guarantees
to scientific data flows

2. A means by which the experiments can provision end-to-end services
from the network edge

3. A test and measurement infrastructure that allows rapid trouble-
shooting and fault isolation

As we will see, these capabilities are generally applicable to DIS; in fact,
the conduct of DIS is very difficult or impossible without them. As noted,
the LHC experiments are completely reliant on the network for their
success, in the same way that the experiments are reliant on computing
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for data analysis: without an effective means of distribution and analysis
of the data, the science could not be done.

9.2.1 Other Disciplines Following in HEP’s Footsteps

Several other fields are following in the footsteps of physics.

The cost of genome sequencing machines is falling dramatically, whereas
the volume of data produced is increasing rapidly [3]. The data must be
moved from biology labs to data centers for processing and the resultant
finished genomes entered into community databases.

Climate scientists must analyze observational data and model data, and
these data—comparable in size to the LHC experiments data—are housed
at centers around the world. The requirement for productive access to
those data sets has resulted in the construction of the Earth System Grid, a
global data workflow infrastructure that allows climate scientists to access
data sets housed at modeling centers on multiple continents including
North America, Europe, Asia, and Australia [4].

New instruments are being deployed at light source facilities that gen-
erate data at unprecedented resolutions and rates—the current generation
of instruments can produce 300 MB/s or more, and the next generation
will be able to produce data volumes many times higher [3].

Future large-scale science projects that are data intensive and that are
currently being planned and built include, for example, the international
fusion energy prototype ITER and the Square Kilometre Array [5], a
massive scale radio telescope that will generate as much data as the LHC
or more.

In all these cases, scientific productivity is governed by the ability to
analyze large volumes of data with computers, because without the ability
to effectively analyze data science is difficult or impossible. Further, since
it is often physically, politically, or organizationally impossible to put all
the data storage and computational analysis resources necessary for con-
ducting science at the location where the data are generated, plans must be
made for the distribution of large volumes of data between instruments,
facilities, and analysis resources in the general case.

9.3 CORE SET OF CAPABILITIES THAT ARE

NECESSARY FOR DIS
From an infrastructure perspective, DIS relies on a core set of capabilities
for success. These capabilities do not stand in isolation; rather, they are
complementary and synergistic. They are as follows:
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A federation—because all large-scale science is conducted across
many network domains—of high-performance networks that oper-
ate in concert to provide high-performance services for science,
including end to end service guarantees where required.

Properly configured end systems that are well matched to the capa-
bilities and characteristics of the network.

Test and measurement infrastructure that can continuously monitor
the network and guard against degeneration in performance due to
“soft” failures.

Software infrastructure, including data transfer tools, network service
interfaces, and workflow tools, for automating data-handling and
data analysis tasks.

This ensemble of capabilities is typically used as a foundation by a
complex data analysis ecosystem that has a workflow of its own.

In Figure 9.3, the general elements of a DIS environment and their
relationships are illustrated. A high-performance network provides
connectivity between the data transfer nodes (DTNs) at geographically

distant institutions. The workflow control software stack in the middle
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of the diagram (which, as a set of distributed applications, runs on key
computers throughout the ecosystem) implements several services for
data management and analysis management. The network service layer
provides a means by which network services can be abstracted from the
configuration details of underlying networks. The data mobility workflow
manages the DTNs to exchange data sets or provide streaming access by
taking advantage of the network services. The DTNs provide a data inter-
face to the instruments on the left side of the diagram and to the analysis
resources on the right side of the diagram. The data analysis workflow
requests the data mobility layer to place the data in the proper location for
analysis or to stream data from remote data storage nodes, and the analy-
sis infrastructure reads the data through the data interface (e.g., a large file
system or a self-describing data stream).

Most of the key elements necessary for supporting DIS can be found
in Figure 9.3: the networks at the bottom with the DTNs that provide
data mobility service by means of the network, and the layered software
infrastructure that provides control, intelligence, and automation. Test
and measurement is not present in the diagram, mostly to avoid clutter—
the test and measurement infrastructure is part of the network and data
mobility layers, and its job is to promote the health of the underlying
network and data transfer substrate through active monitoring to detect
performance degradation (e.g., due to soft failures that are not visible to
conventional monitoring systems). Health and error reports are provided
to the system and network engineering groups that manage the infra-
structure so that problems can be proactively fixed.

9.4 SOFT FAILURES

The reference to test and measurement in Section 9.3 highlights an impor-
tant aspect of high-performance networking and system design. As part
of their basic functionality, individual elements of a network (e.g., rout-
ers, switches, optical systems) have the ability to alert system and net-

work administrators when the element or one of its components fails such
that the network element can no longer provide service. Examples of this
include raising an alarm when the loss of optical signal is detected due
to a cable cut, the failure of an interface in a router, and the loss of con-
nectivity between networks due to a protocol event. We refer to such obvi-
ous faults as “hard” failures; they are easy to observe because no network
traffic can traverse a hard failure and network devices are good at report-
ing hard failures when they occur. In contrast, it is not uncommon for a
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network device or component to perform poorly for high-speed applica-
tions while still providing sufficient basic service to avoid triggering an
alarm for a hard failure. Examples include packet loss from failing optics
(these typically turn into hard failures eventually but can cause significant
performance problems for weeks or more before they become hard fail-
ures), routers that are misconfigured so that they forward traffic using the
low-performance management CPU rather than the high-performance
forwarding hardware (this is typically not easily detectable at low data
rates), and improperly configured switches or data transfer hosts. These
are called soft failures because they cause problems for high-performance
applications without causing a hard failure that alerts the network opera-
tor or system administrator to their presence. Soft failures can go unde-
tected for years and are a common cause of frustration: the network can
appear normal from the perspective of low-bandwidth applications such
as web browsing and e-mail and, at the same time, be crippled from the
perspective of high-performance data-intensive applications.

By far the most effective way of finding and fixing soft failures is to
independently test the infrastructure. If test and measurement hosts are
deployed near the data transfer systems, the test hosts can test the entire
network path that will be used by production data transfers. If the tests
perform well, it is much more likely that the data transfers will perform
well; if the tests perform poorly, it is unlikely that the data transfers will do
any better than the tests. Obviously, this testing approach only covers the
portions of the infrastructure common to the testers and the data transfer
hosts, but in practice it is so effective that science networks all over the
world (including ESnet) have large test and measurement deployments to
periodically test the networks to ensure that they continue to perform well.
When the tests begin to exhibit degraded performance, the problem can be
investigated proactively and the source of the soft failure located and fixed.

9.4.1 Transmission Control Protocol Considerations

The underlying protocol used for the vast majority of data transfer applica-
tions is Transmission Control Protocol (TCP) from the Internet Protocol
suite. This is relevant because TCP faces particular challenges when
pushed to high performance levels, and support for TCP drives much of
the engineering and architecture for networks that support DIS. TCP pro-
vides a reliable byte-stream delivery service to networked applications and
has been the workhorse transport protocol for client-server interactions
on the Internet from the beginning.
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TCP is sensitive to packet loss because of changes made to avoid the
congestion collapse of the Internet. Although these modifications were
necessary at the time (and still are), they make TCP fragile in high-
performance environments. The Internet engineering community has
been working on improvements to achieve higher performance (either
further enhancements to TCP or a high-performance protocol to
replace TCP) for many years with limited success. Therefore, in the near
to medium term, DIS infrastructure must be built to provide necessary
support for TCP such that TCP-based applications can perform well in
science environments.

There are two primary causes of poor TCP performance in science net-
works: (1) the configuration parameters of TCP itself on the data transfer
systems, and (2) packet loss in either the local area network (LAN) or the
wide area network (WAN) infrastructure. The appropriate configuration
of TCP on DTN can be accomplished by competent system administra-
tors with the help of public knowledge base sites [6]. Packet loss is a much
more challenging problem for several reasons, including soft failures as
described in Section 9.4 and the number of organizations and devices
involved in typical long-distance data transfer. In particular, as the dis-
tance between two data transfer hosts as measured by the time it takes for
the hosts to exchange packets (termed latency) increases, TCP becomes
much more vulnerable to packet loss. Packet loss rates of less than 1% can
reduce performance by a factor of 100 or more.

To see why TCP is so sensitive to packet loss, we offer this brief over-
view: TCP begins a connection in a phase called “slow start,” where the
data rate is gradually increased. Since TCP interprets packet loss as net-
work congestion, when TCP encounters packet loss it assumes that there
is a congested link in the network between the sending and receiving hosts
and reduces its sending data rate. This reduction in sending rate varies
depending on the algorithm used, but typical reduction values are 20%
and 50% (depending on the TCP implementation). After such an event, the
sending rate is gradually increased again. If network conditions are such
that packet loss is encountered early in slow start or loss events occur fre-
quently, such as with failing optics, misconfigured switches, or other soft
failures, TCP can spend all its time reducing its sending rate and slowly
ramping the rate back up until it encounters loss again. In these situations,
TCP (and by extension the DTNs and the network) typically never comes
close to achieving the transfer rate that would be possible in the absence of
packet loss. This is a common cause of poor performance.
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Packet loss can be difficult to locate without well-deployed test and
measurement infrastructure. A particularly challenging aspect of the
problem is that because of the way TCP operates, low-latency TCP con-
nections (e.g., for data transfers within a building or between resources
in the same laboratory or university) result in different packet behavior
compared to long-distance or high-latency TCP connections. The packet
behavior of long-distance TCP connections makes them more suscepti-
ble to common causes of packet loss. This frequently results in situations
where all local tests and measurements indicate that there is no loss and
local performance is good while long-distance connections experience
poor performance due to packet loss, even if the cause of the loss is local to
the site in question. Because of this, test and measurement infrastructure
must be deployed at the sites that own the DTNs (and preferably on the
same subnet as the transfer nodes) as well as in the networks that connect
those sites to collaborating institutions.

Engineering for very low packet loss rates is a key driver for the archi-
tectural aspects of science networks that support DIS. High-performance
data transfer is one of the critical components of DIS, and a reliable net-
work infrastructure with very low (i.e., as close to zero as possible) packet
loss is a necessary part of the foundation for DIS.

9.5 CORE CAPABILITIES IN DETAIL
9.5.1 WANs

WANSs interconnect sites, institutions, instruments, facilities, and scien-
tists. Without this interconnectedness, most of the assumptions we make
today about the ability to communicate would fall apart. While all WANs
use the Internet Protocol suite (IP, TCP, UDP, etc.), the networks built for
science are different from the networks of the general Internet in several
key ways. The need for these differences largely comes from two drivers,

both directly derived from the science that the networks must support.
These drivers are the characteristics of network traffic and the structure of
scientific collaboration.

Science traffic is different from general Internet traffic in that the data
volume carried in a single science connection (e.g., the transfer of a sci-
entific data set) is vastly larger than the data volume carried in a single
general Internet connection such as an e-mail, a web page, or a video.
Data transfers on the general Internet typically range from a few kilobytes
to at most a few gigabytes. In contrast, science data sets typically range
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from gigabytes to petabytes, with single data transfers commonly moving
several terabytes of data. Since the data transfers must occur on timescales
that are useful to people, the data transfer rate for science data sets must
be much higher than that for general Internet traffic. Today, science data
throughput requirements are often well above 1 Gbps, and the throughput
requirements increase with the size of the data sets that must be moved.
The network traffic profile of a science network is therefore dominated by a
relatively small number of very high data rate traffic flows between a small
set of end points. Further, a significant fraction of these end points tend to
be long distances apart (frequently cross-continental or intercontinental)
due to the widely dispersed collaborations of large-scale science.

This traffic profile, which is mostly TCP based, places stringent
demands on the networks that must carry the traffic. As noted, since TCP
throughput is unstable at high speeds in the presence of even very low
packet loss rates, the network must be engineered to make packet loss
events extremely rare. This in turn has implications for the capabilities
of the equipment used to build the network, including both the LAN and
WAN. In particular, routers and switches need deep interface queues,*
comprehensive diagnostics, and the ability to accurately count packets for
troubleshooting purposes so that the causes of packet loss can be localized
and fixed. The sensitivity of high-speed data transfers to packet loss also
requires that either science networks be provisioned with sufficient spare
capacity to accommodate traffic bursts from large transfers or science net-
works provide service guarantees to large science flows. In practice, both
are necessary.

9.5.2 End-to-End Virtual Circuit Service

The requirement that the reach of a network must extend to the full length
and breadth of the scientific collaborations it serves has implications for the
services offered by the network. In practical terms, the set of things perceived
by its users as the network is the set of things that must all work together to
provide a service that is useful to science between sites. Since many inde-
pendent organizations are involved in the end-to-end network connectiv-
ity between scientific resources, these organizations must work together
to provide a common set of services. This is a key difference between sci-
ence networks and the general Internet, because in the former the network

* Many of the recommendations given in this chapter only apply to high-performance networks
where the end systems are located far apart. These recommendations are not necessarily optimal
for general-purpose network traffic.
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must be able to provide a consistent service set across many administrative
domains without manual intervention. In the general case, science traffic
crosses multiple administrative domains. For example, traversing at least
five domains is typical: a data transfer may originate from an instrument at
a national laboratory; then flow across the network in the laboratory; then
traverse ESnet to a peering with Internet2; and then traverse Internet2 to a
peering with a regional network that delivers it to the university network,
which is responsible for getting the data to the DTN on a scientist’s clus-
ter. Note that the data do not stop in the intermediate infrastructures—the
data transfer is between the hosts at the ends, and a successful data transfer
requires that all the independent infrastructures that support the transfer
provide a consistent service for the duration of the transfer.

For science networks to provide services that are more sophisticated than
the best-effort delivery of the commodity Internet, they must have a means
of signaling to each other so that the attributes of an end-to-end service can
be shared between the networks that must cooperate to provide the service.
Examples include the quality-of-service parameters necessary to provide
bandwidth guarantees, topology information for traffic engineering and
interconnection, and virtual LAN (VLAN) ID numbers for service deliv-
ery. Each network in the path must implement a portion of the service, and
all the pieces must work together so that the service is effectively delivered
to the users. This is significantly different from the general Internet, where
the service provided is typically limited to basic best-effort IP connectivity.

One platform that provides a sophisticated services suite for interdo-
main service provisioning in science networks is a network resource reser-
vation system called OSCARS [7-9]. OSCARS provides the infrastructure
for a virtual circuit service, including the ability to reserve end-to-end
paths through multiple networks that have compatible services providing
bandwidth and service guarantees for the virtual circuit. Typical uses for
virtual circuits are to provide Ethernet VLANs with guaranteed band-
widths between distant sites for dedicated data transfers, to provide mul-
tiple Ethernet VLANs with different network paths so that redundancy
can be achieved, and the delivery of traffic to a particular location in a
network as needed. The circuits can be scheduled in advance and have a
lifetime set at the time of reservation so that the circuit is automatically
decommissioned when it is no longer needed. Circuits can also be set up
on demand by higher level tools such as data transfer applications or other
workflow engines. OSCARS was primarily developed by ESnet and has
been deployed in ESnet and many other networks around the world.
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OSCARS is the foundation of the ESnet Science Data Network, the
Internet2 ION service, the DYNES project [10], and many other U.S. and
international networks and services [8]. The wide deployment of OSCARS
and compatible systems (such as GEANT’s AutoBAHN) that use the
InterDomain Controller Protocol (IDCP) [11] for interdomain signaling,
as OSCARS does, allows high-performance science services to be provi-
sioned across multiple networks on multiple continents. LHC experiments
make extensive use of this capability to provide primary, secondary, and
tertiary paths for data—all with appropriate traffic engineering and band-
width guarantees—so that science data services are deterministic and are
resilient and/or predictable in the face of failures in the network. These
sophisticated services allow much of the data distribution for the LHC
experiments to be automated.

9.5.3 Monitoring

As noted in Section 9.4, a network test and measurement infrastructure
is critical for supporting DIS. The current toolset used by several science
collaborations and by the international research and education (R&E)
networking community is that of the perfSONAR collaboration [12].

perfSONAR is intended as a significant first step in cross-domain mon-
itoring and testing by both network operators and users. It has been widely
deployed* in the international R&E networking community and the net-
works that support LHC data management and analysis. perfSONAR has
succeeded because it is widely deployed in the R&E community and pro-
vides an invaluable cross-domain monitoring and testing functionality.
It is widely deployed because the design of perfSONAR explicitly allows
for federated deployment; that is, domain operators deploy perfSONAR
in ways that are consistent with the policies in their domain (e.g., what is
tested, what data is distributed and to whom, etc.).

There are three general categories of performance measurement
data—active measurements, passive measurements, and network state
variables—that can be thought of as data producers. From the network
data user’s point of view, these data must be available in various ways and
must have various services associated with them both to homogenize the
information from different networks and to present the data in useful
ways. Data should be provided as a data flow or via polling.

* In early 2011, there were 353 instance of perSONAR testers measurement archives deployed by
88 institutions in North America and Southeast Asia, based on the list complied at http://ndbl
.internet2.edu/perfAdmin/directory.cgi. Additionally there is a substaintial number in Europe.
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Active measurement generators are typically tools like One-Way Active
Measurement Protocol (OWAMP) (one-way delay times) and iperf (TCP
throughput) running on dedicated hosts. The active measurement genera-
tors can be used ad hoc for troubleshooting, and systems also allow them to
be configured to run periodic tests to monitor network health and provide a
performance baseline against which future measurements can be evaluated.

Periodic throughput tests (e.g., performed several times a day) are
typically scheduled for specific paths of interest. Tests are often set up to
verify critical backbone links or tests between measurement hosts col-
located with DTNs, and the resulting measurements are exported to a
measurement archive. The path measurements may be limited to the local
domain, or they may probe specific long-distance paths of importance. In
any event, all of these measurements can be made available for commu-
nity access so that a continuous, global picture of network performance
can be built up and the overall health of the network monitored continu-
ously. The goal is not to exhaustively test every combination of paths but
to establish a meaningful baseline that allows infrastructure providers to
measure current performance against past behavior, and to raise alerts
when test results deviate from expected behavior.

An example of the power of visualizing network test data is a perfSONAR
dashboard application developed by ESnet that is similar to a prototype imple-
mentation developed by the ATLAS experiment. Data from active measure-
ments is plotted in a matrix, which uses a simple red/green color scheme to
show where potential problems might exist in a network. Since the human eye
excels at pattern recognition, a simple display such as this can tell a network
engineer a lot about the health of the infrastructure at a glance. In Figure 9.4,
a test between two OWAMP hosts is showing packet loss, but only in one
direction. Since packet loss causes significant problems for TCP performance,
patterns of loss should be investigated if they are persistent. In the picture,
there is loss seen by the testers at several locations, all involving the test host
at Idaho National Laboratory (INL)—this is a pattern that can be investigated
by an engineer (it could be the test host or it could be a network link or device
common to some test paths from the INL test host). In addition, the test host
in Chicago is having problems (note the rows of orange results) and requires
attention by a system administrator. This tool allows a network operator to
monitor the infrastructure and fix problems as they occur rather than waiting
for users to complain. The end result is a network infrastructure that is per-
ceived as reliable by the applications and collaborations that use it. Reliability
and performance consistency are very important for enabling DIS, because
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FIGURE 9.4 (See color insert.) perfSONAR dashboard display of One-Way
Active Measurement Protocol data.

performance problems are significant barriers to productivity: the network
must function properly for high-performance applications in the general case.
This is an example of the power of a simple tool that is correctly deployed. The
tool need not identify the exact nature of the problem to be useful; it just has
to tell the owner of the infrastructure where to look. The key is to collect data
and present the data in a way that gives network engineering staff actionable
information for improving performance. Over time, visualization tools will
be enhanced and new tools will be developed. However, it is critical to deploy
the infrastructure to collect data; without the data, tools are useless.

The analysis tools, threshold alarms, and visualization tools are data
consumers that, in turn, need data that are already transformed in various
ways. Therefore, between data producers and data consumers there may
be a pipeline of aggregators, correlators, filters, and buffer services that
can be regarded as data transformers and data archives.

Further, the services—data producers, consumers, transformers, and
archives—are all resources that need to be discovered and almost cer-
tainly used within an authentication and authorization framework that
maintains the policy prescribed by the network operators that own the
measurement data.
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9.5.4 Site and Campus Networks

The network at a national laboratory, university, or other research institution
provides connectivity to local resources—computers, data, instruments, col-
laboration systems, and so on. A site network is typically the interface between
a WAN and local scientists and resources, and so the site network must deliver
the services provided by the WAN to the local resources at the site. In most
cases, a site network has multiple missions. These include the mundane busi-
ness aspects of running a scientific institution, supporting computer security
directives for the protection of financial and personnel data (and the avoid-
ance of the embarrassment of news headlines detailing security breaches),
and (sometimes as an afterthought) the pursuit of scientific discovery. These
missions of a site network are often in direct competition; this is especially
the case when the combined missions of business continuity and computer
security are considered in contrast to the scientific mission.

In most cases, the needs of the scientific mission (high-speed, low-loss
networks that can support large-scale wide area data transfers) are very
difficult to satisfy with the devices and configurations typically deployed
to build networks for business purposes; these include firewalls, proxy
servers, low-cost switches, and so forth. Because of this tension, it is usu-
ally desirable to deploy DIS resources in a separate portion of the net-
work that has a different packet-forwarding path and is not subject to the
same security policy controls as the institutional business systems. This
is feasible from a security point of view because the data transfer systems
involved in DIS typically run a well-defined set of special-purpose appli-
cations compared with business computers, which run a wide variety of
complex user—agent applications like e-mail clients and web browsers.

In traditional network security architectures, there is the notion of a
“demilitarized zone” or DMZ network. This portion of a network con-
tains the site resources that are routinely contacted by oft-site systems and
is normally located at or near the site network perimeter—the connec-
tion between the site network and the WAN. Services commonly deployed
on the DMZ include authoritative domain name system (DNS) servers,
incoming e-mail servers, external web servers, and so forth. Since DMZ
resources are assumed to interact with external systems, the security pol-
icy for the DMZ is tailored for these functions. For example, the firewall
that protects office desktop systems may not permit incoming connections
from the addresses assigned to the DMZ (i.e., the DMZ may be considered
“external” by the firewall). However, since the DMZ exposes a well-known
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set of services to the Internet at large, a site host can access those services
justlike other Internet hosts as long as the site host initiates the connection.

We can use these ideas to design an element of network architecture
that explicitly supports DIS services. Much like the traditional DMZ, we
can build a portion of the network, at or near the site perimeter, that is spe-
cifically configured to support DIS. This “Science DMZ” has several key
elements, and the high-performance site networks at many research insti-
tutions incorporate these elements in multiple different ways. However,
the core set of concepts is the same. These are as follows:

1. A network architecture that supports high-performance science flows
2. Dedicated systems for wide area data transfer

3. Test and measurement systems for performance verification and
rapid fault isolation, typically perfSONAR as described previously

4. A security policy tailored for science traffic and implemented using
appropriately capable hardware

In some cases, the Science DMZ is a small portion of the site network,
consisting of perhaps a single switch, a single DTN, and a perfSONAR host
for test and measurement. In other cases, it accounts for the majority of
the network infrastructure, with a small portion of the network devoted to
office computing behind a small firewall (this model can be a good fit for
a mission facility such as a supercomputer center). In either case, science
flows are handled by capable hardware that is configured specifically for
the support of science. This is illustrated in Figure 9.5. The Science DMZ
can also be deployed incrementally. Once a single Science DMZ switch and
a perfSONAR host are deployed, additional DTNs for other projects can
be added as needed. This model is a good fit for the budgeting realities of a
diverse multiprogram institution such as a university or a large laboratory.

The fundamental concept of a Science DMZ is the deployment of DIS
resources in a portion of a network that is purpose-built for science, includ-
ing hardware, configuration, security policy, and security enforcement. The
separation of security policy can be very important, since science trafficand
resources often have different characteristics than normal enterprise traffic
and resources. One example is support for parallel data transfers. The data
transfer tools used in science applications typically use parallel data trans-
fer techniques to improve performance, which requires that pools of TCP
ports must be open and available between the DTN and the outside world.
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This is often difficult to do because the security policy for a site’s busi-
ness system typically stipulates that all unused ports must be blocked. By
placing the DTN on a Science DMZ, the security policy change to enable
high-performance data transfers for DIS need not affect the security pos-
ture of the site’s business systems. Another example is the huge volume of
data exchanged between DTN as science data sets are moved. If there is
a requirement that all traffic destined for the site’s business systems must
be scanned for viruses, the virus-scanning appliance must be able to run
at speeds required for science data transfer, which is often many gigabits
per second. Since DTN do not typically run software that is vulnerable to
the viruses that affect business systems, the Science DMZ architecture can
eliminate the need to scan terabytes of science data for PC viruses. This
requires the hosts in a Science DMZ to run a limited set of applications spe-
cific to their purpose, but this turns out to be the typical deployment case.
Finally, off-the-shelf security appliances typically do not understand the
higher level protocols used by science applications (e.g., GridFTP, workflow
tools). There is little advantage to pushing terabytes of science data through
a security appliance that will not understand the data anyway; all this does
is reduce performance while increasing costs. So by deploying applications
and security measures where appropriate, the Science DMZ model allows
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the science infrastructure and the business infrastructure at a site to be
optimized separately in terms of performance and security.

Without the separation provided by the Science DMZ model, science
traffic and normal business traffic share a common security infrastructure.
The common security infrastructure must then be sized to support the
high data rates of DIS without causing any packet loss. It must also sup-
port science-specific services such as virtual circuits that may carry traffic
that off-the-shelf security appliances do not understand. In many cases, the
devices that implement sophisticated protocol analytics for the protection
of business systems (e.g., virus scanning as described above) do not scale to
the data rates required for science traffic, and scientific data flows often do
not require sophisticated application-layer analysis by security appliances.
By separating the two, the Science DMZ model applies appropriate security
policy controls to science traffic and different policies that are appropriate
to business traffic, and it avoids the extra costs incurred by conflating the
security policies for these different classes of traffic.

9.5.5 DTNs

In addition to the network architecture and the networking hardware
that are necessary to support DIS services, the systems used for wide
area data transfers typically perform far better if they are purpose-built
and dedicated to the function of wide area data transfer. These systems,
which we call DTNs, are typically PC-based Linux servers built with
high-quality components and configured specifically for wide area data
transfer. A DTN also has access to local storage, whether it is a local
high-speed disk subsystem, a connection to a local storage infrastructure
such as a SAN, or the direct mount of a high-speed parallel file system
such as Lustre or GPFS, or a combination of these. The DTN runs the
software tools for data transfer to other systems; typical software packages
include GridFTP and its service-oriented descendent Globus Online [13],
discipline-specific tools such as XRootd [14], and enhanced versions of a
default toolset such as SSH/SCP with high-performance patches [15].

DTNs typically have high-speed network interfaces (10 Gbps as of
writing this chapter, although experiments with 40 Gbps interfaces are
already underway, e.g., at SC11 with 40 Gbps RDMA over a WAN [16]),
but the key is to match a DTN to the capabilities of the site and WAN
infrastructure. So, for example, if the network connection from the site
to the WAN is 1 Gbps Ethernet, a 10 Gbps Ethernet interface on the DTN
may be counterproductive.
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Finally, the default system configuration options (e.g., network inter-
face tuning options and TCP parameters) are wrong for high-performance
data movement. Because of this, there are several knowledge base sites,
such as the ESnet “fasterdata” site [6], that maintain system tuning infor-
mation for science DTNGs.

Changes in computing are making the construction of DTNs more
challenging. In particular, the shift to multicore processors and the stag-
nation of the growth rate of per-core clock speed make network-based
data transfer more complex. The transfer of a data flow in or out of a pro-
cess via a network is inherently a serial task, and the multicore world is
ill-suited to providing performance increases to single-threaded tasks [17].
The use of parallel transfers, for example, by GridFTP, is one answer to
the limits on per-core performance growth. However, this requires that a
DTN must be deployed with software that supports parallel transfers, and
each connection in the parallel transfer is still limited by the performance
of a single CPU core.

In response to this paradigm shift to multicore systems, changes are
being made to the ways in which networking is handled at the system level
in an attempt to increase performance. In general this is good, but it can
have unintended consequences. For example, an advanced network inter-
face technology that steers the processing of a network connection to the
same processor core as the process that is analyzing the data from the net-
work connection causes packet reordering as execution of the analysis is
moved between processor cores by the operating system scheduler [18,19].
Packet reordering can cause significant degradation in data transfer
performance due to the additional processing burden that out-of-order
packets place on the receiver. So, the enhancement has the perverse effect
of lowering network performance over the wide area.

As data mobility requirements increase and technology continues to
change there will be additional challenges to overcome, and these will
undoubtedly result in operational issues for production deployments.

9.5.6 Site Technical Support

The combination of requirements and strategic challenges in site/campus
networking spaces collectively lead to an important conclusion: the
effective support of DIS at the site level combines several areas of exper-
tise, including architectural support for DIS at the network level, the
deployment of dedicated network and system resources with specific
high-performance configurations, and the navigation of the challenges
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that stem from fundamental changes in the technology that is available
to build the infrastructure. Collectively, these lead to the need for knowl-
edgeable systems and networking personnel at the site. A competent
operational team is absolutely critical to the success of DIS at a research
institution. Without local human resources who understand the scientific
process of the research being conducted and have the ability to effectively
map those scientific processes onto the site’s local systems and network-
ing infrastructure, DIS will be constantly mired in performance problems
with its underlying foundations.

“Streaming data to the cloud” and other similar buzz phrases that imply
the outsourcing of complexity have little to offer here. Although cloud ser-
vices can have significant utility for DIS, “streaming data to the cloud” as
opposed to transferring the data to any other place only changes one part
of the end-to-end collection of systems and networks that must interoper-
ate effectively. The site infrastructure and the networks in the middle are
all still part of the set of things that must perform properly for DIS to be
successful, and the local knowledge necessary for success typically cannot
be effectively outsourced.

There is simply no substitute for a capable local team that understands
the site infrastructure, the needs of the science, and the integration of the
two with the services in the wide area.

9.5.7 Data Transfer Tools: Data Mobility Layer

In the data mobility layer, the workflow tools are implemented—ranging
from manually invoked commands to sophisticated, automated, and dis-
tributed data location management systems.

Data transfer is typically accomplished by software running on com-
puter systems. Ideally, this means proper data transfer tools running on
dedicated hardware (a DTN) that is connected to a properly functioning
network infrastructure. Software tools are the means by which connec-
tions are made between systems to store, move, or stream data. Software
builds on the capabilities of the systems on which it is installed, and if the
systems (i.e., DTNs) are not configured properly, or are interconnected by
networks that have performance problems, even the best toolset will likely
have difficulty in achieving consistently adequate results.

However, if installed on properly deployed systems operating in cor-
rectly configured networks, the data transfer tools form a data mobility
layer upon which higher-level data placement services can be built so that
data analysis tasks can have access to the data.



Infrastructure for Data-Intensive Science m 207

In its simplest form, people must manually issue commands to the soft-
ware to move individual files between systems. More advanced tools allow
a user to tell the data mobility tools what to do (e.g., replicate the specified
directory structure and its contents from the DTN at site A to the DTN at
site Z) and then go work on other tasks while the data are moved without
further manual intervention. This level of automation is provided by tool-
sets such as Globus Online [13].

In its most sophisticated form, the data mobility layer receives direc-
tives from higher level analysis workflows and ensures the data are avail-
able to the analysis codes at the appropriate time and location. This is the
case, for example, with suites such as the production and distributed anal-
ysis (PanDA) data analysis system [20] used by LHC/ATLAS, which has an
explicit data mobility system (DDM) (illustrated in Figure 9.6), and with
similar systems for the LHC/CMS experiment.

In deploying data mobility tools, one must understand the limitations
of the standard toolset. It should be noted that for unauthenticated dis-
tribution of smaller data sets, HT'TP and anonymous FTP are common;
but since they typically offer only read-only access and do not permit
on-demand data placement, they are not addressed further. The typical
open source data transfer tools that are supported by default by common
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FIGURE 9.6 An example of the Science DMZ model.
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open source operating systems are SCP and SFTP from the SSH suite, and
rsync [21] (typically using SSH as transport for nonanonymous access).
The common thread here is the SSH suite [22], which is no accident—SSH
is the standard means by which authenticated system access is granted
because its built-in cryptography prevents the transmission of system
access credentials in cleartext over the network. Since the SSH suite is
already installed on essentially all production systems, it is natural to use
the SSH tools (or rsync over SSH) for data transfer—the credentials are the
same, the commands are well known, and the software is free.

However, the current SSH toolset has fundamental problems that limit
its utility as a high-performance data transfer tool. The SSH toolset has a
maximum wide area data rate that is typically less than 50 Mbps, and the
maximum data rate decreases as the distance between end points increases.
These limitations are outlined and addressed in the work done by the
Pittsburgh Supercomputing Center (PSC), Pittsburgh, Pennsylvania, [15].
Even if the high-performance patches from PSC are applied, SSH is still
not an effective data transfer tool for throughput requirements beyond
1 Gbps. Other tools, such as GridFTP/Globus Online, are capable of much
higher data rates (over 5 Gbps per DTN pair).

The tools used for data transfer are often the primary interface to the
network from the perspective of scientists who need to move data between
resources to conduct DIS. Whether the tool is SCP from the SSH suite,
rsync over SSH transport, BBCP, GridFTP, Globus Online, Xrootd, classic
FTP, a higher level tool like PanDA, or any other of a myriad assortment
of utilities for transferring data between computers, including remote I/O
approaches, the data transfer tool is the typical means by which users are
exposed to the network.

It follows that the user interface of a tool or workflow is the primary
means by which users are informed of the performance, correctness of
operation, and reliability of a network. However, in this circumstance
what the user perceives to be the network is really the entire set of software
tools, computers, and interconnected networks between the source and
destination systems involved in the data transfer. It is critical, therefore,
that a substantial data mobility tool set is installed on a well-configured,
reliable foundation to manage large science data flows. In current best
practice, this means one or more dedicated DTNs that have been properly
configured and connected to a well-run site network that is well integrated
with the WAN services that provide high-speed connectivity to the DTNs
at the far end.
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Most data transfer toolsets are unable to effectively provide actionable
information about network failures via their user interfaces. This means
that unless the underlying foundation for the data transfer tools behaves in
a consistent and reliable way, the user of the data transfer tools must have
an alternate means of troubleshooting the network. This is an unreason-
able expectation to place on most scientific network users, who are sophis-
ticated in the conduct of their science but typically are not skilled network
administrators. Therefore, it is critical that the site and wide area infra-
structure administrators maintain their networks and systems such that
the data mobility toolset performs consistently well from the perspective of
the scientists who use it—hence the need for a monitoring infrastructure,
such as perfSONAR, for use by the infrastructure administrators. Without
a correctly functioning underlying infrastructure, the data mobility layer
cannot function reliably and it will therefore be of limited scientific utility.

9.6 KEY ROLE OF SERVICE INTEGRATION

The integration of the technologies and infrastructures described in this
chapter can seem a daunting task, and it is typically complex for people
who have never done it before. Operational experience indicates that the
best way to approach the deployment of a new data mobility infrastruc-
ture is to build a prototype and experiment with it in a demanding way.

LHC experiments provide an instructive example. A major contributor
to the success of the LHC experiments’ data distribution infrastructure
was a formal prototyping effort that required the data transfer compo-
nents (including WAN:Ss, site networks, and site data transfer systems) to be
tested periodically during their development and deployment. The LHC
tests [23], called “data challenges and service challenges,” were conducted
periodically and at partial scale, but they fully exercised the networks,
systems, and software with synthetic data. As the date for production
operation approached, the scale of the tests increased until the interna-
tional data distribution and analysis system was tested at full scale. This
approach ensured that the infrastructure was ready when the production
operation of detectors began at LHC.

9.7 DATA INTEGRITY

Several mechanisms for ensuring the integrity of data packets are built
into the TCP/IP protocol suite. However, these mechanisms were designed
decades ago in an environment where data sets were much smaller, CPUs
were much less powerful, and network bandwidths were far less than what
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are routinely available today. As a result, the checksums built into the TCP/
IP protocols are reaching the limits of their ability to protect large-scale
data sets from corruption. In addition, problems in the hardware of hosts
and network devices can result in packet corruption that is not detected by
link-layer checksums or the checksums of TCP and UDP [24,25].

As a direct result of this, when GridFTP was designed [26] several
strong checksums were made available for integrity checking and
these (optional) checks should always be used in high-volume, WAN
transfers.

A recent example observed by the authors involved the failure of an
interface in a switch at an exchange point. Performance problems were
identified, and a troubleshooting effort was underway. While network
engineers were localizing the problem, data transfers were continuing to
use the link (although with reduced performance). Many of the files that
were transferred failed their checksums and had to be transferred again.
The offending switch hardware was identified and replaced, and the integ-
rity checks in the data transfer tool did their job. However, this case adds
to the evidence documented by Paxson [24] and Stone and Partridge [25],
which serves to illustrate that the issue of data integrity is not simply theo-
retical. As increasingly large data sets are routinely transferred over the
network their vulnerability to silent corruption increases, and the data
mobility and workflow tools must include mechanisms to safeguard the
data in transit.

This is far from being a solved problem. The network is not the only
source of undetectable errors when high-data-rate, very-large-volume data
flows are involved. For example, high-volume data transfers to and from
certain types of disk storage arrays have also exhibited this problem [27].

9.8 SUMMARY

DIS is a critical aspect of modern science, and the network is the foun-
dation on which DIS is built: the very structure of data-intensive scien-
tific collaboration assumes that a high-performance, feature-rich network
infrastructure interconnects all the instruments, facilities, analysis cen-
ters, institutions, and scientists that collectively make up the scientific
enterprise. DIS uses the network very differently from how commodity
applications use the Internet.

In the near term, there is work to do, both in core networks and in labo-
ratory and campus networks, in the adoption of performance-based oper-
ational models. For research institutions this often means architectural
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changes along the lines of the Science DMZ, and performance measure-
ment must be integrated into all science networks. In the near to medium
term, networking organizations, experiments, computational facilities,
and software authors must collaborate to ensure that the data mobility
tools, workflow tools, and analysis tools are well matched to the services
provided by the network and that the network is providing the appropriate
services to scientific applications.

Also, the data scale that comes with the data-intensive paradigm brings
the issue of data integrity into sharp focus. Data integrity verification is
already used by several scientific communities, and the use of integrity
verification will expand as data sets grow.

If the network is treated as an afterthought or is not properly config-
ured, or if the systems that must use the network are themselves not well
matched to the network or properly configured, it can be very difficult to
reap the benefits of the infrastructure deployed to support DIS. However,
the use of appropriate software tools, careful deployment, and proactive
maintenance can make the network a catalyst for collaboration and an
enabler of scientific discovery when very large data sets are at the heart of
science.
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10.1 PROBLEM OVERVIEW

Science—and biology in particular—has a rich tradition in categorical
knowledge management. This continues today in the generation and use
of formal ontologies. Unfortunately, the link between hard data and onto-

logical content is predominately qualitative, not quantitative. The usual
approach is to construct ontologies of qualitative concepts and then anno-
tate the data to the ontologies. This process has seen great value, yet it is
laborious and the success of ontologies in managing and organizing the
full information content of the data is uncertain. An alternative approach
is the converse: use the data itself to quantitatively drive ontology creation.
Under this model, one generates ontologies at the time they are needed,
allowing them to change as more data influences both their topology and
their concept space. We outline a combined approach to achieve this, tak-
ing advantage of two technologies, the mathematical approach of formal
concept analysis (FCA) and the semantic web technologies of the web
ontology language (OWL).

Biology has a rich tradition in classifying knowledge that extends
back to Aristotle (384-322 BCE) (Aristotle 350 BCE) and more recently
to Linnaeus (Linné 1735), Whittaker (1969), and Woese (Woese et al.
1977; Woese et al. 1990). Although these latter examples are primarily
taxonomic, knowledge organization today witnesses efforts across the
breadth of biology in the creation of controlled vocabularies, ontolo-
gies, and knowledge bases (e.g., see online resources at BioPortal,* Open
Biological and Biomedical Ontologies [OBO'], and the National Library
of Medicine?).

Biological ontologies, such as those hosted at BioPortal, tend to be pre-
dominantly axiomatically weak, deep subsumption hierarchies. “Axiomat-
ically weak” means a preponderance of axiomatic subsumption statements
(i.e., subclass of “is a”), and “deep” means successive static relations creat-
inglong, transitive chains of class subsumption. These ontologies are noted

* http://bioportal.bioontology.org.
T http://obo.sourceforge.net.
* http://www.nlm.nih.gov.
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for their relatively few semantic relationships other than subsumptive
relations between concepts, relative to the number of classes (del Vescovo
et al. 2011).

For perspective, note that the classification system of the Library of
Congress (LC) of 21 top-level classes and a few hundred subclasses pales
in comparison with the 33,000+ entries in the three major ontologies of
Gene Ontology (GO),* not to mention the over 26,000 descriptors and
177,000 supplemental headings in Medical Subject Headings (MeSH')
and the 1 million biological concepts in the Unified Medical Language
System’s Metathesaurus (UMLS¥). While biological classes tend to be
axiomatic and static (i.e., humans conceived the class, named it, and
placed it in the ontology in some relation to other classes), LC’s classifica-
tion system classifies any publication in the realm of human knowledge
by dynamically generating a part of every item’s identifier (the so-called
Cutter number). This is equivalent to dynamically generating a class (the
set of all publications—e.g., physical copies of a book—that share the same
Cutter number) by applying an algorithm to a representative publication’s
properties to generate the class name.

There is, though, a similarity between the LC system and modern bio-
logical ontology creation: the static component of the LC classification—
the 21 classes and their subclasses—was built in the late nineteenth and
early twentieth centuries using the same methodology that predominates
in biology today, a basic methodology of an iterative loop of observation -
induction > model creation > deduction. In this methodology, classifi-
ers (1) observe individuals, conceptualized as instances of more general
classes; (2) propose the existence of classes, often striving for a certain
notion of orthogonality; (3) propose a model (a metaset of classes and
relationships between classes) for the assignment of any assemblage of
individuals into classes; and (4) implement the model on new individu-
als, thereby classifying those individuals according to the rules of class
assignment. The process is then repeated in refining the classification. The
methodology has been productive in biology, but the process is laborious
and prone to artifacts, as we discuss in Section 10.2.1. In this chapter, we
discuss two approaches that yield a different, and data driven, approach to
ontology creation.

* http://www.geneontology.org
 http://www.nlm.nih.gov/pubs/factsheets/mesh.html
* http://www.nlm.nih.gov/research/umls/about_umls.html#Metathesaurus
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10.2 VISION FOR THE FUTURE

Our vision for the future is a more integrative, scientific information
environment. To achieve this, our research and technological approach
has been to enable computers to contribute a greater role upstream in
data description, discovery, invocation, and response phases. This helps
to better position scientists for downstream tasks, such as the interpreta-
tion and analysis of data integration products, an area where the human
scientific mind is vastly superior to its machine analogs. But deploy-
ment of computers upstream means that computers need to be able to
access and assess data and services with greater degrees of automation.
Achieving this requires a computational semantics (from the Greek
semaino, which means “to mean,” and semantikos, which means “sig-
nificant”). A computable semantics is achieved in two tiers: the first uses
a nonvariant structural framework with a rigid formal semantics. We
use the technologies of Resource Description Framework (RDF) + Web
Ontology Language (OWL) + Simple Semantic Web Architecture and
Protocol (SSWAP) (Gessler et al. 2009) to produce a semantic web ser-
vices framework. The second tier uses domain-specific ontologies. We
can think of RDF, OWL, and SSWAP as the semantic framework for a
web-based computable language; the content—the concepts that actually
capture domain-specific statements and their derived inferences—are
captured by the use of domain-specific ontologies.

Current-day implementation of domain-specific ontologies—for exam-
ple, biological ontologies such as those at BioPortal—presents a unique set
of challenges for achieving this vision. They can contribute more to bio-
logical integration if we can address the following needs: (1) in ontology
creation, to ensure that an ontology truly does cover the concept space,
minimally and efficiently, and is less susceptible to the conceptual biases
of the creators (even if such biases are unintentional and accepted by the
scientific paradigm of the day); (2) in ontology maintenance, to have for-
mal support for collaborative editing and quality control, whereby the
repercussions of changes to an ontology could be systematized and tested;
(3) in ontology annotation, to allow the definition of ontological classes in
a logical formalism to inform and drive the process of annotation, that is,
assigning individuals to classes; and (4) in ontology deployment, to better
enable ontologies to inform the discovery and engagement of semantic
web services, thereby contributing to dynamic, on-demand data discovery
and integration.
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10.2.1 Ontology Engineering: Creation and Maintenance

Ontology creation and maintenance are activities of ontology engineering
(Gémez-Pérez, Fernandez-Lopez, and Corcho 2003). Although there is no
single formula for ontology engineering (Fernandez-Lépez and Gémez-
Pérez 2002), thoughtful practices have delineated a general process of
an environment study, a feasibility study, specification, conceptualiza-
tion, formalization, implementation, maintenance, and ontology support
activities (formula and terminology from Corcho, Fernandez-Lépez, and
Gomez-Pérez 2007; Fernandez-Lopez et al. 1997; see also Sure, Tempich,
and Vrandecic 2006). The literature on ontology engineering is well devel-
oped. Yet, while surveys of practitioners in the field show general support
for formalized processes, 80% of ontology engineering projects reported
by Simperl and Tempich (2006) did not follow a specific methodology.
Despite the lack of widely adopted methodologies, this general process of
human inspection driving ontology creation is widely practiced. We call
this general process, as outlined earlier, a priori ontology engineering, in
reference to the fact that practices across methodologies share the funda-
mental assumption that ontology engineering should proceed from the
informed, human analysis of a problem and that a goal is a formalization
of this human conceptualization.

Arguably the most prominent biological ontology is GO (Ashburner
et al. 2000). GO is manually constructed and maintained and appears to
follow the pattern uncovered by Simperl and Tempich (2006): a formal
process is followed, but it is not a scientific methodology as demonstrated
by Alterovitz et al. (2010). This work used information theoretic analyses
to report topological and structural inefficiencies in GO. Based on this,
Alterovitz et al. (2010) proposed a small, restricted set of new classes and
relationships. Although their approach was deemed successful in achiev-
ing both an improvement in information theoretic measures and opera-
tional changes (they proposed 14 recommendations to the Gene Ontology
Consortium, many of which have been adopted), the observed effect on
a test case of gene expression results is disturbing: “... these changes sig-
nificantly affected the functional interpretations of 97.5% (P < .001) of the
experimental gene signatures and altered the resulting set of GO catego-
ries by 14.6% on average (p. 130).” In other words, after they improved the
information theoretic properties of the ontology by repositioning classes
in the subsumption hierarchy, scientific interpretations on data annotated
to the ontology changed in 97.5% of the cases. This is disturbing because if
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such a heavily used ontology—one subject to extensive human inspection
and professional use over many years—could be subject to improved topo-
logical changes resulting in sweeping reclassifications of sample data, then
we are left to wonder to what degree the ontology is organizing knowledge
and to what degree it is simply organizing.

The truth is perhaps at neither extreme, but the results suggest that a
more empirical process can yield a more robust and actionable knowl-
edge representation. We also note that although there is a compelling basis
for information theoretic approaches in ontology engineering, we must
still ask how we are to validate their reclassifications. Are there nonin-
formational theoretic criteria that should also be applied? The answer is
yes, since we expect exceptions to information-maximizing and entropy-
minimizing routines, for example, because of low sample sizes or system-
atic ignorance of the true, a priori, information model. It appears that the
former was explicitly recognized by the Gene Ontology Consortium, as
one of the terms recommended to be repositioned in the ontology was not
moved due to the low number of extant gene annotations (Alterovitz et al.
2010). The latter—systematic ignorance of the true, a priori, information
model—is always implicitly assumed whenever we apply theoretical mod-
els to real-world data.

We can conclude that GO is susceptible to alternative topologies, yield-
ing new scientifically relevant classifications, but we cannot conclude yet
that these new classifications are optimized over a universe of constraints
relevant to knowledge representation. In a way, then, we have the worst of
both worlds: our annotation of data to concepts is vulnerable to the topol-
ogy of the concepts, but we have no guarantee on the “correctness” of the
concept topology or concept universe itself.

10.2.2 Ontology Annotation

In biology, gene annotation is the process of assigning a gene—a delineated
segment of DNA for which there is evidence that it is transcribed—to a
function. Gene annotation is one of the first steps in understanding what
a gene does and what specific genes are associated with various biologi-
cal processes. Genome annotation meetings are often called jamborees.
The name reflects the activity: knowledgeable, domain experts collab-
oratively and manually assign genes to functional categories, weighing
a variety of qualitative and quantitative evidence to make assignments.
Computational assignment is also well practiced, often based on transfer
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annotation, but the signal-to-noise ratio is low and computational assign-
ments are accepted as putative until they are supported by experimental
evidence.

Currently, for the model plant Arabidopsis thaliana (perhaps the best
studied model plant) less than 20% of predicted genes have laboratory-based
experimental evidence (Goff, pers. comm.). Yet experimental evidence is a
weak bar, because experimental evidence is open world: just because a gene
is implicated in process X, rarely does that mean it is not possible to be
implicated in process Y. So in gene annotation, negation-as-failure does
not apply. Ontology realization—the process of assigning individuals to
ontological classes—is an activity of gene annotation. However, axiomati-
cally weak subsumption hierarchies are poorly suited to represent negative
assertions. For example, many biological ontologies have an expressivity
akin to RDF schema (RDEFS) semantics for which there exists no notion
of negation, inconsistency, or nontrivial satisfiability (all classes are trivi-
ally satisfiable in RDFS because there are no negation semantics [Cuenca
Grau 2007]). Thus when there is experimental evidence that a gene does
not belong to a class, it is difficult or impossible to represent that informa-
tion in the ontology and the information is lost. Biological ontology anno-
tation is a labor-intensive, human-dominated activity that tends to capture
positive class extension (the set of individuals belonging to a class) based
on a human interpretation of the data, but it misses extensions that could
be derived by negative assertions or inference-derived inconsistencies.

10.2.3 Ontology Deployment

Biological ontologies are recalcitrant to the standards and best practices
of the World Wide Web. This limits their contribution to reuse, as well as
to emerging technologies such as semantic web services. The problem is
threefold.

First, biological ontologies exist primarily as creations of domain-
specific human knowledge. As such, they adhere to no web standards per
se—they are technology independent; so, for example, there is nothing
inherent about the terms, topology, or naming conventions that makes
the ontologies web aware. Compare this, for example, with OWL DL
(McGuinness and van Harmelen 2004): although the abstract syntax and
semantics of OWL DL is also technology independent—it is driven by the
axioms and theorems of first-order description logic—implementation
standards are tightly linked to web technologies such as international
resource identifiers (IRIs) and RDF.
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Second, biological ontology engineering is monolithic and opaque to
high-throughput, cross effort integration. In general, terms are not formally
defined in relation to other terms in other ontologies: terms are de novo to
separate ontologies, even if they are derivatives or informally dependent
on preexisting concepts. For example, the GO term “Biological Process”
(GO:0008150) is a term in GO and the Cell Cycle Ontology (CCO) term
Biological Process (CCO:U0000002) is a distinct term in CCO, despite
the fact that CCO is by design developed and built from other ontologies,
including GO (Antezana et al. 2009). Regardless of how similar or dissimi-
lar the terms’ semantics are, they reside in different ontologies as separate,
distinct concepts. This creates broad challenges to ontology alignment,
because instead of the ontology authors themselves directly using terms
from other ontologies, or introducing terms via formal semantic relations
to terms in other ontologies, terms are tied tightly to ontology ownership
where alignment then proceeds ex post facto. This is evident at reposito-
ries of ontology alignments* where secondary information resources such
as these mappings are used to describe formal (and informal) alignments
across ontologies. Compare this to the IRT and RDF basis of OWL, where it
is natural to leverage across domains at the point of term declaration under
a formal semantic (e.g., http://thisWebSite.org/thisOntology/thisTerm
rdfs:subClassOf, http://thatWebSite.org/thatOntology/thatTerm).

Third, standard ontology packaging practices are not web savvy.
Standard practice is to bundle all terms of an ontology into a single file.
OWL version of CCO is over 300 MB of uncompressed RDF/XML. CCO
terms cannot be independently dereferenced on the web with persistent
uniform resource locators (URLs). Access to ontologies is often via non-
RESTful (REST stands for Representational State Transfer) user inter-
faces (Fielding 2000). Even when access is programmatic and RESTful
(e.g., BioPortal REST services® or EBI services*), the returned content may
be idiosyncratic (e.g., a nonformal semantics, such as arbitrary XML or
HTML). Terms do not use uniform resource identifiers (URIs) for univer-
sal addressing; for example, the GO term “Biological Process” exists as a
GO concept independent of any web address (GO:0008150); as an OBO
term in its 19.4-MB OBO file® in the 20.6-MB file on the GO website? (and

* e.g., http://obofoundry.org/index.cgi?show=mappings.

 http://rest.bioontology.org.

* http://www.ebi.ac.uk/QuickGO.

S http://obo.cvs.sourceforge.net/viewvc/obo/obo/ontology/genomic-proteomic/gene_ontology._edit.obo.
¢ http://www.geneontology.org/ontology/obo_format_1_2/gene_ontology_ext.obo.
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other places); as a RESTful, HTML page;* and so forth. When ontologies do
use URIs, they may fail to leverage the underlying web capability of deref-
erencing, for example, the adult mouse brain (ABA) term (#ENT1)" does
not resolve to a representation of the term’s semantics but to the human
readable home page of the Allen Reference Atlas. The term’s semantics are
defined at a separate place, in the ontology itself.” The use of the delimiting
hash (#) fragment identifier (e.g., #ENTI), instead of a slash (e.g., /ENTI),
guarantees that no server can satisfy per-term requests, because the hash is
strictly a client-side secondary resource reference (RFC 3986, Section 3.59).
Thus, any server must return the content associated with the reference
prior to the hash (e.g., the entire ontology) even if the user agent requests
just a single term. These and other factors conspire to render ontologies as
artifacts of human knowledge organization, rather than web technologies.

10.2.4 Vision for the Future: Dynamic, Restful,
Data-Driven Ontologies

How can we address the limitations mentioned in Section 10.2.3? They are
limitations in both ontology engineering and web deployment. We want
ontologies to be more quantitative and “objective,” that is, subject to algo-
rithmic quantification on the utility of their conceptualization. And we
want them to be more informatically aware, such that they leverage the
world’s dominant distributed informatic infrastructure, that is, the web,
to the benefit of data integration. There are ongoing efforts to make bio-
logical data interoperable in the context of the semantic web, for example,
Bio2RDF (Belleau et al. 2008) and KaBOB (Bada, Livingston, and Hunter
2011); this is in part to address the limitations of current approaches to
ontology representation.

Our approach is to invert traditional ontology engineering into what we
call “a posteriori” ontology engineering for data-driven science. In a pos-
teriori ontology engineering, one starts with no preconceived concepts.
One canvasses the measurement technologies of the science to delineate
a list of measureable properties. Empirical measurement commences, and
properties of individuals are assigned observed values. Informally, a class
is defined as “the set of all individuals which share the same properties and

* http://www.ebi.ac.uk/QuickGO/GTerm?id=G0:0008150.
 http://mouse.brain-map.org/atlas/index.htmI#ENTL

¥ http://rest.bioontology.org/bioportal/ontologies/download/40133 (API key needed).
S http://www.apps.ietf.org/rfc/rfc3986.html#sec-3.5.

¢ http://mouse.brain-map.org/atlas/index.htmI#ENTL
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property values.” For continuous values, shared property values encom-
pass binning at an arbitrary resolution. We call this an informal class. The
network of individuals (datum items) clustered according to shared prop-
erty values creates a subsumption network, or more formally a lattice: a
subclass is a class of individuals that have all the same shared properties
and values of its super class, and may be more. This corresponds with an
intuitive notion of a class as a set of individuals sharing common proper-
ties and values. As a second step (see Section 10.4.3), the definition of a
class is formalized to be “the set of all individuals which share necessary
and sufficient conditions.” We call this a formal class. For example, naively,
the class of eukaryotes is the set of all individuals such that their cells have
the property hasNucleus with the value true, or the cellular nuclear enve-
lope has Number of cellular membranes with the value 2, and so forth.
Animals have the properties of eukaryotes and may be more (e.g., are het-
erotrophic); thus animals are a subclass of eukaryotes in a subsumption
lattice built from observed properties and their values.

It may first appear that creating the list of properties has simply shifted
the axiomatic class creation of a priori ontology engineering from classes
to properties, but this is not the case. The property selection is driven by
the measurement methodology—a reflection of the practice and tech-
nology of the day. This decouples preconceived notions of what concepts
should exist to an empirical canvassing of what properties are being mea-
sured. Existential arguments are precluded because the act of measur-
ing itself instantiates the reality of the measurement property and value.
Properties may be grouped into a priori subsumption chains, but this is
not necessary. We will see that subsumption relations on the data itself are
the result of data analysis, rather than the a priori scaffold of knowledge
organization. Annotation (ontology realization) is the algorithmic pro-
cess that creates a subsumption lattice, rather than the product of human
assignment. A posteriori ontology engineering uses the data itself to create
the ontology; thus the ontology is the product, not the assumption. Such
an ontology is both temporal and marginal: it is based on the data used to
construct it. New data may change both the topology and the realization
of the ontology. But the change occurs under the influence of the new data
and thus should be a refinement toward a more encompassing model of
nature, rather than an undirected change in organization.

We examine a process to achieve a posteriori ontology engineering. The
first step uses FCA to create the subsumption lattice from a collection of
data with arbitrary measured properties. This creates unnamed, informal
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classes, that is, groupings of individuals according to shared properties
and values. The second step is to analyze the resultant informal classes for
groupings that are deemed scientifically relevant. This is a manual step
reliant on human assessment. From this, property restrictions are formal-
ized in OWL, owl:Restrictions, which are used to create necessary
and sufficient conditions for formal, named classes. The use of necessary
and sufficient conditions yields class definitions, and thus concepts are
created only to the degree that data support their existence. The existence
of formal classes allows new, unclassified data to be annotated to a formal
knowledge representation framework based on their observed property
values. Lastly, the ontology is deployed web aware, using separately deref-
erenceable URIs and OWL + SSWAP.

10.3 RELATIONSHIP TO OTHER TECHNOLOGIES

10.3.1 Formal Concept Analysis

A key technology in the order theoretical approach is FCA (Ganter and
Wille 1999). FCA produces mathematical methods to represent the hierar-
chical relationships and implications present among relational data, which
are represented as sets of objects and their properties. Within mathemat-
ics, FCA derives from the algebraic theory of binary relations and com-
plete lattices. Within computer science, FCA is increasingly applied in
conceptual clustering, data analysis, information retrieval, knowledge
discovery, and ontology engineering (Ganter, Stumme, and Wille 2005).

FCA defines a formal context as a mathematical structure, K = (G,M,I),
where G is a set of objects (individuals), M is the set of attributes (proper-
ties) of those objects, and I C G X M is an incidence relation. The expres-
sion (g,m) € I means that the object g has the attribute m. A formal context
can be visualized by a two-dimensional table called a cross table, where the
presence of a cross in a cell indicates that the object on that row has the
attribute on that column. A formal concept is a pair of sets (combination of
objects and attributes) such that every object has every attribute and every
attribute is present on every object. There are often multiple concepts for a
given context. We will provide a detailed example in Section 10.4.1.

FCA as a fundamental technique for both construction and integration
of ontologies has been known for some years. Bain (2002, 2003) investi-
gated using FCA and inductive logic programming as a means to both
identify and create concepts from a formal context. Later, Akand, Bain,
and Temple (2007, 2010) extended the approach to GO such that genes
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could be annotated to derived classes composed of combinations of classes.
Cimiano, Hotho, and Staab (2005) provided an example of how formal
contexts can be constructed from the output of text parsers. The result-
ing concept lattices compared favorably to the reference ontologies con-
structed manually on the same domains. Joslyn, Paulson, and Verspoor
(2008) used a similar approach, analyzing a larger general language cor-
pus and focusing specifically on taking advantage of linguistic relations
among nouns and verbs to investigate the hypothesis that semantic gener-
ality of terms, as represented by hierarchical relations among them, can be
determined from the analysis of their shared linguistic contexts. Formica
(2006, 2008) first used human-curated ontologies to influence FCA con-
cept similarity measures and then extended the method to substitute
an information content metric on the concepts, removing the need for
human-curated expertise entirely.

10.3.2 Web Ontology Language

A second technology important for data-driven, a posteriori ontology
engineering is OWL (McGuinness and van Harmelen 2004). OWL is
the World Wide Web Consortium (W3C)-recommended technology for
distributed computational logics on the web. W3C is the voluntary sanc-
tioning body of the World Wide Web. OWL is built on URIs, the more
expressive RDF, and the helper technologies of RDFS and XML schema
definition (XSD). With OWL, we address both the construction of neces-
sary and sufficient named classes and the deployment of the ontology onto
the web (via OWL's tight linkage to the web technologies of URIs, RDF,
RDFS, and XSD).

Unrestricted OWL Full is a higher order description logic. As a
description logic, its entities are “things” (individuals), relations between
things (called properties or predicates), and sets of things (called classes).
Individuals are akin to FCA objects as are properties to FCA attributes.
OWL, like RDF, allows the expression of properties of classes, classes of
properties, and so forth. OWL posses the following important properties:
(1) completeness (all truths can be derived), (2) validity and soundness
(no falsehoods are derived), (3) monotonicity (inferred truths cannot be
later proved not true), (4) nontrivial consistency (no contradictions), and
(5) nontrivial satisfiability (logical possibility of a class containing at least
one individual). But as a higher order logic it is known to be undecidable,
and thus computational inference algorithms are not guaranteed to finish
in finite time with finite resources. Yet a few key restrictions on OWL'’s use
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and expressivity yield it first order (called OWL DL), and as such OWL
DL gains decidability. Complexity remains high (finite time could still
be a long time in worse-case scenarios), but in practice many if not the
majority of biological ontologies can be reasoned over in a few seconds
(del Vescovo et al. 2011).

OWL’s semantics allows one to construct classes via numerous means:
axiomatically (simply assert the class); by identity (equivalence and differ-
ence); by set operations (intersection, union, complement, enumeration);
by specific value, or universal or existential restrictions on properties
(hasValue, for all ¥, and there exists 3); by cardinality constraints on
properties (minimum, maximum, and exact); by property characteris-
tics (reflexivity, symmetry, transitivity, and chaining); and so on. This
expressivity allows one to state the necessary and sufficient conditions of
classes (ontological concepts) based on individuals’ observed properties
and yields the resultant ontology amenable to computational analysis. An
analysis using OWL DL in biology is overall highly favorable, with noted
exceptions where DL’s fragment of first-order logic (FOL) cannot capture
the full breadth of biological expressivity (Stevens et al. 2007).

10.4 CURRENT STATE OF THE ART

FCA creates a concept lattice based solely on objects and their attributes.
Objects—data—are grouped by virtue of their shared attributes (prop-
erties), and thus these collections of shared properties are essentially
unnamed classes, which grow more general (encompassing more objects)
as one ascends the hierarchies. Thus, a concept lattice maps to a subsump-
tion lattice. Similar to annotations in manually constructed ontologies
such as GO, the process yields data assigned to, or annotated to, classes.
But unlike GO, where a class may exist independent of the scientific data
(e.g., posited by humans as a placeholder), in FCA the classes are derived
automatically and solely from experimental properties of the data.
Furthermore, all classes can be proven to be logically consistent, com-
plete, and “minimal,” in the sense that if there is no data driving a formal
concept’s creation there is no consequent class. Most significantly, while
there is not necessarily any explicit hierarchical structure in the formal
context K, concept lattices derive hierarchical relations among the attri-
butes implicit in the structure of their objects. The resulting concept lat-
tices represent ontological subsumption hierarchies derived from the data.
The conspicuous missing element in FCA is that classes remain unnamed
(Bain 2002, 2003).
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10.4.1 Formal Concept Analysis lllustration

Consider Table 10.1, a cross table showing a brief excerpt of data given by
Sjoblom et al. (2006). In this table, the objects, G, on the rows are genes
or open reading frames (ORFs)—sequences of DNA that are putative, yet
not confirmed, genes. (For ease of presentation, we use the word gene to
refer to both genes and ORFs). An X’ appears in the column under the
attribute “Breast” if that gene is associated with breast tumors according
to the criteria of Sjoblom et al. (2006; espec. Supplementary Material) and
the attribute “Colorectal” if it is associated with colorectal tumors. The
remaining attributes relate to the cancer mutation prevalence (CaMP)
score. The CaMP score is proportional to ... the probability that the num-
ber of mutations actually observed in a gene is higher than that expected
to be observed by chance given the background mutation rate” (Sjoblom
et al. 2006, p. 270). A score of CaMP < 1 is interpreted as evidence that the
gene is not implicated in cancer; CaMP > 1 is a decision point implicating
a gene in cancer. Out of the total 13,023 genes examined by Sjoblom et al.
(2006), 189 have CaMP > 1 and these comprise a class called “CAN-genes”
(candidate cancer genes). The use of CaMP score in Table 10.1 illustrates
both how nontrivial scientific measurements (complex summaries) may
be used as FCA attributes and how continuous variables may be binned on
scientifically relevant thresholds into a discrete cross table.

Identifying relevant patterns such as which collections of genes are
highly, somewhat, or not implicated in breast, colorectal, or both forms
of cancer involves sorting the table by rows and columns multiple times
to move checkboxes together. Some patterns are obvious: all genes are
associated with colorectal cancer. Others are more subtle: every gene
associated with breast tumors is also associated with colorectal tumors,
yet it does not induce disease. This simple example is illustrative, but as
the number of objects and attributes increases (the real data set involves

TABLE 10.1  Cross Table Summarizing Five Attributes
of Two Genes and an ORF

Tumor CaMP

Breast Colorectal <1 >1 >1.5

SKIV2L X X X
Cé6orf29 X X
SLC29A1 X X X

Source: Sjoblom T et al., Science, 314(5797):268-274,
2006. With permission.
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thousands of genes) the complexity of permuting and sorting such
tables to find all patterns is combinatorially overwhelming for manual
inspection.

The formal context K on objects (rows: genes) and their attributes (col-
umns: tumor types and CaMP levels) summarizes all possible permuta-
tions of rows and columns to identify maximal rectangles of checkboxes in
its creation of a concept lattice, a semantic hierarchy that dually catalogs
both the collections of objects that have certain attributes and the collec-
tions of attributes that hold for certain objects. An example concept lattice
is shown in Figure 10.1. In the lattice, nodes contain information about
precise facts in Table 10.1, such as the fact that SKIV2L is the only gene
that is both implicated in breast tumors and not disease related. Similarly,
one can examine attributes such as CaMP > 1 to show that C6orf29 is
disease implicated, but traversing downward we see that so is SLC29A1
(so that C6orf29 has only CaMP > 1, and not CaMP > 1.5). Going back
the other way, both genes are associated with colorectal tumors and only
colorectal tumors. Finally, information is available about what pairs or
groups of objects and attributes are in common. For example, to see what
SKIV2L and SLC29A1 have in common we traverse upward from both
until we arrive at their join at “Colorectal” tumor: not only are both genes
implicated in colorectal tumors (though only SLC29A1 is additionally

Colorectal

CaMP > 1

O

Cé6orf29

CaMP < 1 Breast
SKIV2L CaMP > 1.5

()

SLC29A1

FIGURE 10.1 Concept lattice for Table 10.1.
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implicated as disease associated) but also that is the only thing they have
in common.

The example also shows the marginal effect of limited data sets. Among
the genes present in the formal context of Table 10.1 and the concept lat-
tice of Figure 10.1, genes involved in breast tumors “imply” genes involved
in colorectal tumors, that is, breast tumor is below (is subsumed by)
colorectal tumor. Yet this is not true for the full data set (data not shown).
Thus as more data is added, scientific conclusions may also alter, reflect-
ing the new data’s contribution. Yet in marked distinction with the situa-
tion described by Alterovitz et al. (2010) and GO, subsequent changes to
a resultant ontology built from the formal context necessarily reflect the
data’s impact on new knowledge implications, rather than causing a reor-
ganization of a priori concepts.

10.4.2 Hybrid Example Combining Data and an A Priori Ontology

A priori domain ontologies operate by coding the fundamental concepts
and semantic relations of a domain and, as such, they may still contribute
a scaffold for knowledge representation. FCA can leverage data against
this scaffold to further refine the ontologies. Figure 10.2 shows an example
of a small portion of GO, which currently holds over 36,000 such catego-
ries. Each functional category is adorned with some of the gene products
that perform those functions. For example, the gene Mcmd4 in mice per-
forms (nonexclusively) the function “DNA ligation,” and thence by sub-
sumption the functions “DNA-dependent DNA replication,” and so forth.
Such structures need to be maintained manually, which is both difficult
and error prone.

In addition to pure induction of taxonomic structures from underly-
ing relational data, FCA can be used to combine hand-crafted ontological
structures with automatically constructed hierarchical information (see
the studies of Kaiser, Schmidt, and Joslyn [2008a, b] and Guo et al. [2011]
for a more complete formal mathematical consideration). For example,
extant GO annotations can be used as attributes on the data. Consider
again the GO fragment from Figure 10.2, and now use it to construct a for-
mal context by making the objects (rows) the gene products (e.g., Mcmd4)
and the columns GO functional categories (e.g., “DNA ligation”). While
these relationships alone will determine a hierarchical structure using
FCA, the subsumption implications in GO that incorporate its manually
constructed taxonomic structure are represented in the columns.
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FIGURE 10.2 A portion of Gene Ontology, Biological Process. (From Ashburner,
M, et al., Nature Genet., 25(1), 25-29, 2000.).
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The result is an adjustment of the original hierarchy, as shown in
Figure 10.3. Note, for example, that “DNA initiation” is now both a child of
“DNA dep. DNA replication” and a parent of “DNA unwinding,” whereas
before it was only a child of “DNA dep. DNA replication.” This is because
of the great amount of annotation overlap between these categories.
Similarly, “DNA repair” is now a parent of “DNA recombination,” because
of the common annotation with the Lig 1 and Lig 3 genes for mouse.

FCA has limitations. Subsumption only occurs to the extent that
objects share attributes; thus, it is trivially uninformative if objects use dif-
ferent attribute tags for equivalent attribute concepts. If objects represent
ambiguous concepts, they will be associated with sets of attributes that
conflate multiple meanings. Thus, FCA benefits from the consistent use of
a controlled vocabulary. Most FCA algorithms are optimized for discrete
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FIGURE 10.3 Functional categories of the Gene Ontology fragment from
Figure 10.1 adjusted by their genomic annotations.



A Posteriori Ontology Engineering for Data-Driven Science m 233

characters. Continuous values can be addressed by first binning values
into a finite set of value ranges or by ranking. Either transformation loses
information. Additionally, as the number of individuals and attributes
grows it is computationally expensive to compute the subsumption lattice.
Finally, subsumption implies necessary but not sufficient conditions, so
FCA alone is not sufficient to generate formal class definitions. Although
none of these limitations appear to be fatal to the use of FCA in ontology
engineering, they do hint that more research is warranted before FCA can
be deployed in a production environment.

10.4.3 Mapping to Classes

From a data-driven subsumption lattice, we now seek to map necessary
relations to formal necessary and sufficient class definitions. We proceed
by examining each class from the FCA subsumption lattice and its shared
properties (attributes). Our goal is to identify those classes that capture
concepts that we value sufficiently so as to name and construct necessary
and sufficient conditions. This may be done manually, or by identify-
ing topological or informationally rich parts of the concept lattice (Bain
2003; Formica 2008). The process is nondestructive (we do not dismantle
the source subsumption lattice); it may be quantitative (e.g., we may use
threshold criteria such as the presence/absence of properties, the size of
class extension, or the position of the class in the lattice), and it may be
qualitative (studying a specific disease drives our relative valuation on
which classes to name). The process may be done statically (once, to pro-
duce an authoritative model of the data) or dynamically (as affected by
specific questions on the data).

10.4.4 Using OWL

Once key concepts are identified, class definition constructs of OWL can
be used to create class restrictions. To create necessary but not sufficient
conditions, we use subsumption, that is,

<owl:Class rdf:about = "&dataOntology;Eukaryota"s>
<rdfs:subClassOf>
<owl:Restriction>
<owl:onProperty rdf:resource =
"&propertyOntology;hasNucleus"/>
<owl:hasValue rdf:datatype =
"gxsd;boolean"strue</owl:hasValues>
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</owl:Restriction>
</rdfs:subClassOf>
</owl:Class>

The above W3C-recommended RDF/XML snippet serialization declares
the class Eukaryota to be a subclass of the anonymous class of all indi-
viduals that have the hasNucleus property with a value of t rue (see the
work of Stevens et al. [2007] for exceptions). Informally, this can be serial-
ized in Notation 3 (N3) without loss of information:

dataOntology:Eukaryota
a owl:Class ;
rdfs:subClassOf [
a owl:Restriction ;
owl :hasValue "true"””"xsd:boolean ;
owl :onProperty propertyOntology:hasNucleus

To create necessary and sufficient conditions (a formal class definition),
we use equivalence:

dataOntology:Eukaryota
a owl:Class ;
owl:equivalentClass [
a owl:Restriction ;
owl :hasValue "true"”*xsd:boolean ;
owl :onProperty propertyOntology:hasNucleus

Some care needs to be exercised when using equivalence because it is
possible that the restrictions will be uncovered by a DL reasoner to be
equivalent to owl : Thing—the top OWL concept to which all concepts,
properties, and individuals belong. Informationally this is redundant,
whereas computationally it can be expensive: equivalency is transitive, and
thus equivalence to owl : Thing can generate excessive statements that
unnecessarily burden computational analysis. Equivalence to owl : Thing
is informationally vacuous and should be removed.

Yet the key motivation for definitions (necessary and sufficient condi-
tions), versus just subsumption (necessary conditions), is that new, unan-
notated data can be assigned to such classes. Thus, one uses an initial set of
experimental data to construct the FCA concept lattice and the resultant
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ontology to annotate new data under the logical requirements for class
extension. At some point, this new data can also be iterated back to the
FCA step to revise the underlying concept lattice.

From just a few named classes, one can define new classes based on log-
ical relations. For example, consider the property hasNucleatedCell,
which is an object property that connects a subject individual to an object
datum—in this case, the representation of a NucleatedCell, thatis, a
cell with a nucleus. Thus, we may define

dataOntology:Eukaryota
a owl:Class ;
owl:equivalentClass [
a owl:Restriction ;
owl :onProperty propertyOntology:has
NucleatedCell ;
owl:someValuesFrom dataOntology:NucleatedCell

1.

The existential quantifier there exists 3 is modeled with OWL con-
struct owl:someValuesFrom. Thus, any individual with the observed
property hasNucleatedCell with a value belonging to the class
NucleatedCell will be assigned to the class Eukaryota; thatis, itisa
eukaryote. We can force the range of hasNucleatedCell to always be
NucleatedCell with the following property definition:

dataOntology:NucleatedCell
a owl:Class.

propertyOntology:hasNucleatedCell
a owl:0bjectProperty ;
rdfs:range dataOntology:NucleatedCell.

The objects of hasNucleatedCell will be inferred to belong to the
class NucleatedCell if they are not already so declared. Axiomatic
assignment to classes can occur on both the range and the domain.
Depending on our data collection quality control, if we want to state
a priori that anything with the hasNucleatedCell property is axi-
omatically a eukaryote then we can enforce this by adding a global
domain:

dataOntology:NucleatedCell
a owl:Class.
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dataOntology:Eukaryota
a owl:Class.

propertyOntology:hasNucleatedCell
a owl:0bjectProperty ;
rdfs:domain dataOntology:Eukaryota ;
rdfs:range dataOntology:NucleatedCell.

Axiomatic domains and ranges should be used judiciously because
they force a reasoner to deduce that a datum belongs to the respective
class regardless of other statements. Alternatively, we may choose to define
eukaryote (and thus its class extension) solely a posteriori, in which case
we would not put a domain on hasNucleatedCell but would add a
universal quantifier for all V to Eukaryota, for example,

dataOntology:Eukaryota
a owl:Class ;
owl:equivalentClass [
a owl:Class ;
owl:intersectionOf ([
a owl:Restriction ;
owl :onProperty propertyOntology:
has NucleatedCell ;
owl :someValuesFrom dataOntology:
NucleatedCell
10
a owl:Restriction ;
owl:allValuesFrom dataOntology:
Nucleated Cell > ;
owl :onProperty propertyOntology:
has NucleatedCell
1)

In this case, onlyindividuals that have one or more hasNucleatedCell
property instances of which all values belong to the class NucleatedCell
would be assigned to the class Eukaryota. Conversely, any individual
assigned to the class Eukaryota is inferred to have at least one instance of
the property hasNucleatedCell, and its value must be a datum belong-
ing to the class NucleatedCell (even if that datum is not identified in the
knowledge base).
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OWL DL reasoning is designed under the open world assumption
(OWA). As such, we cannot syntactically restrict the number of proper-
ties or the number of instances of a property. We can, however, achieve its
logical equivalency with cardinality semantics. For example,

dataOntology:Nucleus
a owl:Class ;
rdfs:subClassOf [
a owl:Restriction ;
owl:cardinality "1"*"xsd:nonNegativeInteger ;
owl :onProperty propertyOntology:hasNucleolus

The earlier discussion states that individuals that belong to the class
Nucleus also belong to the class of all individuals that have at least one
instance of the property hasNucleolus. The cardinality is 1, and thus if
an individual has more than one instance of the property the reasoner will
infer that the various objects that are the values of the property instances are
semantically equivalent, that is, subject to an owl:sameAs relation con-
necting them. This will have cascading inference effects in the knowledge
base. If other data contradict this, then the entire ontological model (knowl-
edge base) is rendered inconsistent. Even if other data does not contradict
this, inferring that two objects (the values of multiple hasNucleolus
instances) are the same may yield surprising results. OWL DLs guarantees
of completeness, validity, and monotonicity mean that factual errors can-
not exist in a consistent knowledge base subject solely to first-order reason-
ing. But they may be uncovered when new data is added, a consequence
that would lead to ontological inconsistency. This disruption is considered
a good thing, because as more data is added and subject to a new round of
ontology engineering, the resulting consistent ontology is a growing sys-
tematic endorsement of a true and consistent model of nature, whereas an
inconsistent ontology forces resolution of the conflicting statements. Thus,
there is a characteristic of convergence toward truth—a characteristic that
is shared by the scientific method, even if it is only imperfectly realized.

Once the formal OWL ontology with named classes is constructed, we
can subject it to tests for redundancy (two or more named classes inferred
to be related by owl :equivalentClass), satisfiability (no class is equiv-
alent to owl:Nothing), and closure (all data is realized to at least one
class). We can use the formal ontology to the exclusion of the subsumption
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lattice, or we can use it as a marginal conceptualization on a subset of data.
If the ontology includes necessary and sufficient conditions, we can use it
to annotate new data or use new data to drive a new subsumption lattice
to drive a new ontology.

Procedurally, the subsumption lattice drives the initial candidate classes
to name and define; subsequent modeling allows us to derive formal named
classes based on observed property conditions. If we do not axiomatically
create classes de novo and assign individuals ex situ of the data, then we
practice pure a posteriori, data-driven engineering. There are cases where
we may value a priori knowledge, especially in cases of a priori synthetic
statements in the Kantian sense (Kant 1787). For example, metadata and
higher order logics may lead us to propose axiomatic classes that exceed
the expressivity of OWL DL. In these cases, we pursue a hybrid of a priori
and a posteriori engineering.

10.4.5 World Is Not First Order

An important caveat is that the success of this approach relies on the
power and applicability of first-order description logics. First-order
description logics are more expressive than the deep, static subsumption
hierarchies so common in biology today. But our broader conceptualiza-
tion of the world is not first order: understanding is reliant on higher order
relations where the world cannot be neatly demarcated into mutually
exclusive and exhaustive entities of individuals, properties, and classes.
Even when given first-order constraints, OWL 1.1 DL has a complexity of
NEXPTIME complete [NEXPTIME stands for nondeterministic expo-
nential time: O(2¢™)] (Cuenca Grau 2007), which is “harder” than NP
complete (NP stands for nondeterministic polynomial time). OWL 2 DL
is exponentially harder still (N2EXPTIME) (Kazakov 2008). Language-
weakening constructs such as OWL 2 EL and OWL 2 QL can guaran-
tee PTIME (polynomial time) complexity, but this comes at a cost (e.g.,
removing expressivity for the inverse relation or the universal quantifier
for all V). Thus, we do not naively claim that FCA + OWL DL a poste-
riori ontology engineering is sufficient for all knowledge representation;
rather, we offer it as an approach with quantifiable tractability for data-
driven science.

10.4.6 Making Ontologies Web Savvy

SSWAP (Gessler et al. 2009) uses OWL ontologies as the foundation of
a semantic web services platform. SSWAP supports the refactoring of
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ontologies into terms with separately dereferenceable URIs, such that
dereferencing terms returns OWL DL statements about each term.*
Current research is moving in two directions: (1) delivering on guar-
antees on completeness (del Vescovo et al. 2011), and (2) establishing a
resolver service so that the original ontologies will not need to be sepa-
rately refactored.

SSWAP is the underlying technology for The iPlant Collaborative’s
semantic web platform.” It addresses limitations discussed in Section
10.2.3 by using ontology terms as resolvable URIs under a semantic
web services protocol. Thus, ontologies—the conceptual constructs that
describe data—are made instrumental in service description, discovery,
invocation, and response. Semantic web services become the engagement
layer for the underlying data and transformations upon them.

iPlant’s semantic web platform uses transaction-time reasoning to
match data types with service requirements, thereby allowing the con-
struction of semantic pipelines of one service to the next. This matching
is achieved with OWL reasoning. The entities of reasoning are service
descriptions and their data, which are described with biological (or any
third-party) ontologies. Thus, biological ontologies are being brought to
bear on semantic web services a very real production environment. The
missing link is that these biological ontologies are not themselves a poste-
riori reflections on data but exist as a priori knowledge management con-
structs. This makes data annotation burdensome and error prone, thus
hindering the recruitment of data into the larger, semantic web service
framework.

10.5 CONCLUSIONS AND THE PATH FORWARD

“Prediction is very difficult, especially about the future” (attributed to
Niels Bohr [1885-1962]). We do not know how knowledge representation
will evolve. We do know that current practices have limitations, and we
discuss an approach to better formalize and quantify scientifically driven
knowledge representation. Data-driven, a posteriori ontology engineering
does not replace the a priori ontological construction of concepts from the
empirical realization of individuals to classes (annotation). Rather, it advo-
cates using measureable properties on individuals to simultaneously drive

* http://sswapmeet.sswap.info.
 http://www.iplantcollaborative.org/discover/semantic-web.
* http://sswap.info.
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the concept space, its topology, and its realization. Challenges remain, in
the implementation of FCA, in its mapping to FOL, and in the ability of
FOL DL to suitably capture the relevant facts and relations. Yet the basic
position of letting the data dictate the knowledge representation has prom-
ising characteristics. The most fundamental is a computationally tractable
monotonicity, such that by adding more data we become increasingly con-
fident that the resultant model gains comprehensive breath. It is a charac-
teristic of the scientific endeavor—the pursuit, explicit or otherwise—of
unifying theories, of a model or set of models that are internally consistent
and that together cover the data-driven concept space with an explanatory
and predictive power.

A litmus test for any knowledge representation is the degree to which
it enables actionable, evidence-based decision making. Data-driven,
a posteriori ontology engineering attempts to enable this by allowing
the data to define the conceptualization, rather than vice versa. One may
posit that when data are rare, deduction is underpowered and induction
is a necessary risk. Today, especially in biology, we are entering the age
of commoditization of data generation: data are not rare. This is espe-
cially evident in areas such as high-throughput DNA sequencing (e.g.,
see the study by Nowrousian [2010]). With data, deduction gains power,
whereas induction and abduction (positing explanatory hypotheses
based on informed analysis of the data) gain focus. Thus, data-driven,
a posteriori ontology engineering is aimed at extracting the signal from
the data, utilizing scientific data and measurements on them to drive a
new understanding of the data’s interconnectedness and ultimately their
integration.
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DL: description logic
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FOL: first-order logic
GO: Gene Ontology
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IRI: international resource identifier

LC: Library of Congress

MeSH: Medical Subject Headings

ORF: open reading frame

OWL: web ontology language

REST: representational state transfer
RDE: resource description framework
RDFS: RDF schema

SSWAP: simple semantic web architecture and protocol
UMLS: Unified Medical Language System
URI: uniform resource identifier

URL: uniform resource locator

W3C: World Wide Web Consortium
XML: extensible markup language

XSD: XML schema definition

REFERENCES

Akand E, Bain M, Temple M. 2007. Learning from ontological annotation: An
application of formal concept analysis to feature construction in the gene
ontology. In: Proceedings of the Third Australasian Ontology Workshop
(AOW-2007), Gold Coast, Australia. CRPIT eds. T. Meyer and A. Nayak,
Vol. 85, 15-23.

Akand E, Bain M, Temple M. 2010. Learning with gene ontology annotation using
feature selection and construction. Applied Artificial Intelligence, 24:5-38.
Alterovitz G, Xiang M, Hill DP, Lomax J, Liu J, Cherkassky M, Dreyfuss J, Mungall C,
Harris MA, Dolan ME, Blake JA, Ramoni ME February 2010. Ontology engi-

neering. Nature Biotechnology, 28(2):128-130. PMID: 20139945.

Antezana E, Egana M, Blondé W, Illarramendi A, Bilbao I, De Baets B, Stevens R,
Mironov V, Kuiper M. 2009. The cell cycle ontology: An application ontol-
ogy for the representation and integrated analysis of the cell cycle process.
Genome Biology, 10:R58. doi:10.1186/gb-2009-10-5-r58.

Aristole. 350 BCE. On the Parts of Animals. Trans. by William Ogle. Kegan Paul,
Trench & Co., London, 1882.




242 m Data-Intensive Science

Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, et al. 2000.
Gene ontology: Tool for the unification biology. Gene Ontology Consortium.
Nature Genetics, 25(1):25-29.

Bada M, Livingston K, Hunter L. 2011. An ontological representation of biomedi-
cal data sources and records. In: Proceedings Bio-Ontologies SIG at ISMB
2011, Vienna, Austria, 75-78.

Bain M. 2002. Structured features from concept lattices for unsupervised learn-
ing and classification. In: AI 2002: Proceedings of the 15th Australian Joint
Conference on Artificial Intelligence, eds. B. McKay and J. Slaney, LNAI 2557,
557-568, Berlin: Springer.

Bain M. 2003. Inductive construction of ontologies from Formal Concept
Analysis. In: AT 2003: Advances in Artificial Intelligence. 16th Australian
Conference on Al, Perth, Australia, December 3-5. Lecture Notes in
Computer Science Volume 2903, http://link.springer.com/chapter/10.1007
%2F978-3-540-24581-0_8, 88-99.

Belleau E Nolin MA, Tourigny N, Rigault P, Morissette J. 2008. Bio2RDF: Towards
a mashup to build bioinformatics knowledge systems. Journal of Biomedical
Informatics, 41:706-716.

Cimiano P, Hotho A, Staab, S. 2005. Learning Concept Hierarchies from Text
Corpora using Formal Concept Analysis. Journal of Artificial Intelligence
Research, 24:305-339.

Corcho O, Fernandez-Lopez M, Gémez-Pérez A. 2007. Ontological Engineering:
What are Ontologies and How Can We Build Them? In: Semantic Web
Services: Theory, Tools and Applications IGI Global, ed. ] Cardoso, 44-70.

Cuenca Grau, B 2007. OWL 1.1 Web Ontology Language. Tractable Fragments.
http://www.webont.org/owl/1.1/tractable.html.

del Vescovo C, Gessler DDG, Klinov P, Parsia B, Sattler U, Schneider T, Winget A.
2011. Decomposition and modular structure of BioPortal ontologies. In:
Proceeding of International Semantic Web Conference ISWC 2011, Bonn,
Germany, LNCS 7031, 130-145.

Fernandez-Lopez M, Gémez-Pérez A, Juristo N. 1997. METHONTOLOGY:
From Ontological Art Towards Ontological Engineering. Spring Sympo-
sium on Ontological Engineering of AAAI, 33-40, Stanford, CA: Stanford
University.

Fernandez-Lopez M, Gomez-Pérez A. 2002. Overview and analysis of methodolo-
gies for building ontologies. The Knowledge Engineering Review, 17:129-156.
doi:10.1017/50269888902000462.

Fielding RT. 2000. Architectural styles and the design of network-based software
architectures. Doctoral dissertation, University of California.

Formica A. 2006. Ontology-based concept similarity in Formal Concept Analysis.
Information Sciences, 176:2624-2641.

Formica A. 2008. Concept similarity in Formal Concept Analysis: An information
content approach. Knowledge-Based Systems, 21:80-87.

Ganter B, Stumme G, Wille R. eds. 2005. Formal Concept Analysis: Foundations
and Applications, Springer-Verlag, Berlin Heidelberg.



A Posteriori Ontology Engineering for Data-Driven Science m 243

Ganter B, Wille R. 1999. Formal Concept Analysis, Springer-Verlag, Berlin
Heidelberg.

Gessler DDG, Schiltz GS, May GD, Avraham S, Town CD, Grant D,
Nelson RT. 2009. SSWAP: A Simple Semantic Web Architecture and
Protocol for semantic web services. BMC Bioinformatics, 10:309.
doi:10.1186/1471-2105-10-309.

Gomez-Pérez A, Fernandez-Lopez M, Corcho, O. 2003. Ontological Engineering.
Springer Verlag, Berlin Heidelberg.

Guo L, Huang E, Li Q, Zhang GQ. 2011. Power contexts and their concept lattices.
Discrete Mathematics, 311(18-19):2049-2063.

Joslyn C, Paulson P, Verspoor KM. 2008. Exploiting term relations for seman-
tic hierarchy construction. In: Proceedings of the International Conference
on Semantic Computing (ICSC 08), 42-49, IEEE Computer Society, Los
Alamitos CA.

Kaiser T, Schmidt S, Joslyn C. 2008a. Concept lattice representations of annotated
taxonomies. Concept Lattices and their Applications, Lecture Notes in Al,
eds. S. B. Yahia, E. M. Nguifo, R. Belohlavek, Vol. 4923, 214-225, Berlin:
Springer-Verlag.

Kaiser T, Schmidt S, Joslyn C. 2008b. Adjusting Annotated Taxonomies.
International Journal of Foundations of Computer Science, 19(2):345-358.

Kant 1. 1787. Critique of Pure Reason. Second edition. Translated by Norman
Kemp Smith. England: Palgrave Macmillan.

Kazakov Y. 2008. RIQ and SROIQ are Harder than SHOIQ. In: Proceedings of
the 21st International Workshop on Description Logics (DL2008), Dresden,
Germany, May 13-16, 2008.

Linné, C. von. 1735. Systema Naturce per Regna Tria Naturce, Secundum Classes,
Ordines, Genera, Species, cum Characteribus Differentiis, Synonymis, Locis
[System of Nature, in Three Kingdoms of Nature, with Classes, Orders,
Types and Species, with Differences of Character, Synonyms, Places] Joannes
Wilhelm de Groot for Theodor Haak, Leiden.

McGuinness DL, van Harmelen F. 2004. OWL Web Ontology Language. Overview.
http://www.w3.org/TR/owl-features.

Nowrousian M. September 2010. Next-generation sequencing techniques for
eukaryotic microorganisms: Sequencing-based solutions to biological prob-
lems. Eukaryotic Cell, 9(9):1300-1310.

Simperl EPB, Tempich C. 2006. Ontology engineering: A reality check.
R. Meersman, Z. Tari et al. (Eds.): OTM 2006, LNCS 4275, Springer-Verlag
Berlin Heidelberg, 836-854.

Sjoblom T, Jones S, Wood LD, Parsons DW, Lin J, Barber TD, Mandelker D,
Leary RJ, Ptak J, Silliman N, Szabo S, Buckhaults P, Farrell C, Meeh P,
Markowitz SD, Willis J, Dawson D, Willson JK, Gazdar AF, Hartigan J, Wu
L, Liu C, Parmigiani G, Park BH, Bachman KE, Papadopoulos N, Vogelstein
B, Kinzler KW, Velculescu VE. 2006. The consensus coding sequences of
human breast and colorectal cancers. Science, 314(5797):268-274. Epub
2006 Sep 7. PubMed ID: 16959974.



244 m Data-Intensive Science

Stevens R, Aranguren ME, Wolstencroft K, Sattler U, Drummond N, Horridge M,
Rector A. 2007. Using OWL to model biological knowledge. International
Journal of Human-Computer Studies, 65:583-594.

Sure Y, Tempich C, Vrandecic D. 2006. Ontology engineering methodologies. In:
Semantic Web Technologies: Trends and Research in Ontology-based Systems,
171-190. eds. ]. Davies, R. Studer and P. Warren, Chichester, UK: John Wiley &
Sons, Ltd.

Whittaker RH. 1969. New concepts of kingdoms of organisms. Science, 163:
150-161.

Woese CR, Balch WE, Magrum L], Fox GE, and Wolfe RS. 1977. An ancient diver-
gence among the bacteria. Journal of Molecular Evolution, 9:305-311.

Woese CR, Kandler O, and Wheelis ML. 1990. Towards a natural system of organ-
isms: Proposal for the domains Archaea, Bacteria, and Eucarya. Proceedings
of the National Academy of Sciences, 87:4576-4579.



CHAPTER 11

Transforming Data into

the Appropriate Context

Bill Howe

CONTENTS

11.1 Problem Overview

11.1.1 Long Tail Science
11.1.2 How Big Is Big?
11.1.3 Problem Summary

11.2 Vision for the Future: Computing with BAGS

11.2.1 Bottom-Up: Inclusive Rather Than Exclusive
11.2.2 Algebraic: Reasoning about Computation

11.2.3 Global: Universal Addressability

11.2.4 Speculative: Proactive Derivation of Data Products

11.3 Relationship to Other Technologies

11.3.1 Cloud Computing

11.3.2 Service-Oriented Architectures
11.3.3 Scientific Workflow

11.3.4 Databases

11.3.5 Dataspaces

11.3.6 Data Integration

11.3.7 Visualization

11.4 State of the Art

11.4.1 SQLShare: Smart Services for Ad Hoc Databases
11.4.1.1 Data Model
11.4.1.2 Automatic Starter Queries

11.4.2 Self-Organizing Dashboards

247
251
252
252
253
254
256
257
259
261
261
262
263
263
264
264
264
264
264
267
268
271

245



246 m Data-Intensive Science

11.5 Conclusions and Path Forward 272
11.5.1 Path Forward 273
References 274

Data acquired from sensors, experiments, or simulations or identified
in external databases must be transformed into the right context to
make discoveries. These transformations rely on establishing a com-
mon structure and semantics tailored for the given task. Top-down
approaches to data integration that rely on establishing universal con-
sensus about the meaning and interpretation of data—global ontologies,
schemas, and metadata standards—are incomplete. At the frontier of
research, such universal consensus is elusive, by definition. If the data
are understood well enough to construct a permanent global schema,
then it would not be the subject of research. We argue that there will
always exist data that are not “born into compliance” with any such
schema or standard. Heterogeneity, ambiguity, and quality issues can-
not be “designed away” and must be tolerated at runtime by any practi-
cal and comprehensive scientific data management system. Consider
search engines: Google and Bing do not refuse to index sources that are
not compliant with W3C standards, and neither can, say, a geo-catalog
service afford to refuse to import data that are not compliant with OGC
standards [1].

In this chapter, we explore these issues, emphasizing bottom-up, “pay-
as-you-go” approaches [2] that can tolerate heterogeneous, nonstandards-
compliant data sources while still exploiting structure, patterns, and
quality metadata when they exist. For example, a dataset may initially be
represented as an opaque file admitting only simple operations: lookup
by name, owner, date, or operations based on file extension. Later, text
may be extracted, affording keyword search as a new operation. Similarly,
a dataset from which rows and columns can be extracted admits struc-
tured query in a suitable language (e.g., SQL). A dataset from which coor-
dinate pairs can be extracted admits basic two-dimensional visualization.
A dataset from which locations on the Earth’s surface can be extracted
(e.g., [latitude, longitude] pairs) admits a mapping service. We advocate
systems that can span this spectrum of capabilities rather than impos-
ing strict format and metadata conditions on all data before admission
into the system. Moreover, such a system should facilitate “upward mobil-
ity” of data, incrementally adding structure and semantics as they become
apparent to admit higher-level services.
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The goal of such systems should be to support transformation when-
ever possible rather than just search and retrieval. By “transformation,”
we intend tools that permit manipulation, restructuring, and semantic
enrichment on-the-fly. For example, computationally expressive query
languages such as SQL, XQuery, or SPARQL can be used to reorganize
tabular, tree, and graph data, respectively, and the OPeNDAP protocol
used in the Earth Sciences [3] can be used to restructure NetCDF files.
In contrast, many scientific data systems settle for a “fetch and compute”
model, requiring users to download data to their local environment before
performing any nontrivial transformation or analysis tasks. As data sizes
grow, this approach cannot scale. Instead, we advocate “pushing the com-
putation to the data” rather than pulling the data to the computation.

This approach requires universal access to significant computing
resources: clusters of computers and appropriate software to apply them to
scientific data transformation and query problems. The advent and rapid
growth of cloud computing plays a critical role in this vision; we will dis-
cuss its role.

Beyond (1) designing services to make fewer assumptions about struc-
ture and semantics and (2) pushing the data to the computation, a critical
bottleneck is to reach a new class of users and allow them to be productive
in this environment. Tools designed for IT professionals need to give way
to tools designed for data analysts and domain experts. Moreover, the rate
at which data is increasing is outpacing “reactive” software that can only
respond to explicit requests by users. Instead, “proactive” software that can
generate candidate results for review by scientists must become the norm.

This chapter is organized as follows. We will give an overview of the
problem through a series of example application scenarios. We then
describe a vision for the future, where data at any scale are universally
accessible and manipulable in a common environment, and the software
assists in focusing user attention. Next we describe relevant techniques
and technologies that serve as “building blocks” in realizing this vision,
followed by a discussion of our recent research on a database-as-a-service
for science that attempts to integrate some of these building blocks. Finally,
we will offer some conclusions and next steps.

11.1 PROBLEM OVERVIEW

Data volumes are doubling every year. While Moore’s law has allowed
capacity and some measures of performance to keep pace with this
growth, the imbalances described by Amdahl’s laws have become serious
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FIGURE 11.1 An illustration of a critical challenge of data-intensive science
developed by Cecilia Aragon. Data volumes grow exponentially, and comput-
ing resources have arguably kept pace. However, human cognition has remained
essentially flat. This gap represents the dominant challenge for data-intensive sci-
ence in the long tail.

bottlenecks [4]. But the most significant bottleneck to data-intensive sci-
ence is not between two levels of the memory hierarchy, but between
the computer and the user. As data and computing grow exponentially,
human cognition has remained essentially flat. Cecilia Aragon illustrates
this idea as a plot similar to Figure 11.1 [5].

The effect of this gap on science is difficult to underestimate. At the
UW eScience Institute, we routinely engage with researchers who tell
a story of the form “In my dissertation, I analyzed N data points over
five years. Last week, I collected 100N data points.” At this scale, it is not
just the algorithms that need to scale. The entire process of science needs
to evolve. Consider the following examples, drawn only from oceanogra-
phy and microbial biology:

Example: Environmental metagenomics: One researcher in environ-
mental microbiology collects water samples by passing ocean water
through a 0.2-pm filter, trapping particulate matter (Figure 11.2). These
filters are then treated chemically and frozen at sea. Back at the lab,
the samples are broken open, heated, and processed using polymerase
chain reaction (PCR), which amplifies the nucleic acid present in the
sample. The amplified samples are then sequenced, and the resulting
reads are analyzed to determine a population profile. This profile helps
answer two questions: “who is there?” and “what are they doing?”—that
is, what organisms are present in the sample and what genes are they
expressing?
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FIGURE 11.2  (See color insert.) Oceanographic metagenomics involves sequenc-
ing entire microbial populations under different environmental conditions. Here,
two samples are collected at different depths in the water column from a sin-
gle cast of a conductivity temperature depth (CTD) sensor package. The sample
near the surface has significantly more particulate matter, as is visible once the
water is passed through a 2-um filter (at right). These samples are frozen at sea,
sequenced on shore, and computationally compared to correlate environmental
conditions with population characteristics. This area of research may involve
significantly more data and more samples than genomics techniques involving a
single organism.

Her dissertation involved the analysis of five such samples, character-
izing a particular organism and its calcium “plates.” The bottleneck to this
work was the cost and time required to sequence the samples, and the
process led to a new understanding of the formation of these plates. In her
work as a postdoc, the cost and time of sequencing had dropped by orders
of magnitude. As a result, there was significant interest in characteriz-
ing entire microbial populations, as opposed to an individual organism,
across a variety of gradients: salinity, temperature, depth, diurnal cycles,
distance from shore, nutrients, oxygen, and more. This kind of science
required an enormous number of samples. Students were recruited to
accompany the scientists on research cruises to help process samples at
sea. Very quickly, and for the first time, the bottleneck became the analysis
of data rather than the acquisition of data. The problem was not (only) one
of computing performance, but one of new “data-intensive” interfaces and
applications. In particular, at the Center for Coastal Margin Observation
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and Prediction [6], the new approach was to build a database and associ-
ated web application to enable students, researchers, and collaborators to
perform ad hoc query and analysis over the data as opposed to relying
on a single researcher to personally (and manually) inspect the sequence
data, search public databases for genes and other features, and prepare
visualizations. Without allowing multiple “sets of eyes” access to the data
and providing access to scalable algorithms for processing it (through a
relational database in this case), the value of the data, per byte collected,
would have approached zero.

Example: In situ microscopy: We encounter similar stories from other
researchers, even in other subfields of oceanography. The images in
Figure 11.3 are acquired by a device called a flowcam [7]. This device
is deployed in situ in the ocean and it automatically acquires images of
(large) microscopic organisms and applies some image analysis tech-
niques to recognize the organism based on its morphology. So the result
of deploying this device is, potentially, a continuous stream of tagged
images of organisms. Previously, acquisition of such images required a
vessel expedition (at a cost of $20,000 per day or more), manual sampling
at sea, and significant lab-based microscopy work after the cruise, all to
collect a handful of images. With the level of automation offered by the
flowcam device, the way in which the data are managed and analyzed is
fundamentally transformed. Researchers draw inferences algorithmically
from huge sets of related images, build three-dimensional reconstructions
of organisms, and search for rare events.

FIGURE 11.3 Images from a flowcam device, which can automatically acquire
and tag images of organisms in situ, replacing a labor-intensive, manual process.
The increase in data acquisition motivates new science as well as new tools.
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Example: Observational oceanography: Multiple groups at the University
of Washington are involved with environmental observation and model-
ing [8]. Datasets in this domain are fields defined over four-dimensional
space-time of the form (x, y, z, t) = (v, vy, ..., v,,). These datasets vary
in which quantities are being measured or simulated, but also in which
dimensions, if any, are fixed and implicit. For example, an immobile buoy
equipped with a conductivity temperature depth (CTD) sensor at 1 m
below the surface has the form (f) — (salinity, temperature, elevation),
since (x, y, z) need not be recorded. A profiling station can move verti-
cally in the water column, but not horizontally, producing datasets of the
form (z, t) — (salinity, temperature, elevation). Autonomous underwater
vehicles (AU Vs) are free to swim in any direction, so all attributes must be
recorded. Simulations may involve one-dimensional, two-dimensional, or
three-dimensional spatial domains. The dependent variables (v, v,, ..., v,)
are also a source of heterogeneity. In the past, each project might focus on
the deployment, maintenance, and data analysis associated with a single
sensor type, often deployed in only a single area. Increasingly, projects are
funded to synthesize measurements across multiple sensor types, across
scales (“river to ocean”), and in multiple regions [6,9]. Individual research-
ers on such projects work with hundreds of data sources when they may
have previously been accustomed to working with one or two.

Having encountered this situation in multiple contexts, we began to
ask researchers how much time they spend “handling data” as opposed to
“doing science.” The mode answer among graduate students and postdocs
has been 9 to 1. This number should give pause: taxpayer money flows
through federal funding agencies to pay researchers to spend 90% of their
time doing something that they do not consider to be science!

11.1.1 Long Tail Science

The problem we have described is especially acute in the long tail of sci-
ence: the small labs and individual researchers who collectively produce
the majority of scientific output. The term was used by Jim Downing in
2008 [10] to differentiate it from “big science,” which is frequently used to
describe the trend toward larger projects involving hundreds of principal
investigators (PIs) and thousands of staff and students (e.g., the Large
Hadron Collider [11]). Typically, big science projects have big I'T budgets.
Such projects are staffed with proficient programmers with access to sig-
nificant computing resources. But in the long tail, researchers may have
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only recently begun using computation as an integral part of their science
and have little support from programmers or system administrators.

The cost to computer scientists in engaging with long tail scientists on
a lab-by-lab basis is prohibitive. Instead, there is a need to understand and
attack only the cross-cutting requirements, while also considering deploy-
ment models that can reach those with a limited technical background.
For example, a database product optimized for an array data model might
be useful for long tail science [12], but the installation, configuration,
schema design, and application development are at least as difficult as they
are with a conventional database, and would therefore have little impact in
the long tail. Instead, a web-based application with the database product
deployed in the back end is more useful in the long tail. In general, there is
a need to build centralized, multi-tenant tools and services that can serve
the needs of hundreds or thousands of labs simultaneously. For example,
myGrid [13], CrowdLabs [14], and the SQLShare system described in this
chapter exhibit these properties.

11.1.2 How Big Is Big?

There is no absolute scale at which the challenges associated with data-
intensive science are triggered. We find that our collaborators may find
it as difficult to move from datasets that fit in memory to datasets that do
not (e.g., 20 MB to 20 GB) as it is to move from a single server to a cluster
of servers (e.g., 20 GB to 20 TB). In the long tail, researchers who need to
“graduate” from files and spreadsheets to scalable databases or rewrite a
script to exploit multicore parallelism are more common than those who
need to manage petabytes. The potential impact of a solution that serves
hundreds of labs is likely greater than the impact of a solution that serves
a single lab with hundreds of times the data.

Michael Franklin, a professor at Berkeley and Director of the AMP Lab
[15], defines “big data” as any size large enough to to make it difficult for
analysts to complete their tasks [16]. For many researchers, this condi-
tion may be encountered at 100s of MB—some statistical techniques are
fundamentally exponential, and even the approximations are high-degree
polynomial (e.g., Markov chain Monte Carlo techniques for molecular
sequence analysis, or de novo assembly of short-read sequences).

11.1.3 Problem Summary

We find that the ratio of time spent on science to the time spent perform-
ing such manipulation is approaching zero. We observe an increasing
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need for individual researchers to manipulate a large number of het-
erogeneous datasets to make discoveries. No assumptions can be made
about the source, format, or semantics of the datasets; these issues must be
addressed as part of the researcher’s task. Any of these datasets may be too
large for processing in main memory, making it difficult to rely on hand-
coded scripts. Furthermore, the researchers we focus on are in the long
tail, where they do not necessarily have access to programming support or
significant computational resources. In this scenario, it is not enough to
assume that data will be discovered, downloaded, and processed locally.
The system must provide server-side, scalable transformation capabilities.
In Section 11.2, we will articulate requirements for a system that addresses
this problem.

11.2 VISION FOR THE FUTURE: COMPUTING WITH BAGS

Having found that our collaborators report spending up to 90% of their
time “handling data” as opposed to “doing science,” our vision for the
future is to reduce this “data overhead” to zero—computing should
never be the bottleneck to discovery. We distill four characteristics of an
effective, comprehensive scientific data management system; the BAGS
requirements:*

1. Bottom-up: There are no preconditions on the format, structure, or
semantics of the data. Any data source may participate in the sys-
tem, but those with richer and more reliable structure and metadata
afford additional services. As additional structure is inferred and
additional metadata attached over time, additional service becomes
available—the system supports “incremental semantic enrichment.”
Datasets can be considered at multiple levels of abstraction simul-
taneously—as a file, as a table, as a time series, and as a trajectory.
This approach is in contrast to top-down approaches that define a
“master” standard or schema to which all data must conform.

2. Algebraic: Whenever possible, operations are composable and expres-
sions are manipulable by the system. The system is free to optimize
and evaluate the expression in any manner it sees fit. User-defined
functions, when they are necessary, can be annotated with alge-
braic properties to afford optimization. Operations are algebraically

* The acronym connotes a loose and permissive structure, which is a hallmark of our approach.
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closed whenever possible—the results of a transformation can be
further transformed by the same operations.

3. Global: All data are addressable, at any granularity. There is no (logi-
cal) distinction between local data and remote data, “inside” and
“outside” the system, or client and cloud. The internal components
of a dataset (i.e., the header, a column, a row, a pixel) are similarly
addressable—no dataset is an opaque stream of bytes.

4. Speculative: With nonzero probability, results are ready before
anyone requests them. With access to all data, and some level of
interoperability achieved, the system is equipped to proactively and
automatically derive new data products for review by researchers. The
choice of which operation f applies to which dataset X is informed
by user preferences, heuristics, and statistical learning. For example,
the system may learn that many users have applied the operation
trim reads (a common transformation of *omics sequences) to
datasets of type fasta (a common file format for sequence data)
and decide to proactively apply the operation to a new fasta data-
set upon upload. Similarly, entire workflows that perform specific
tasks, predefined by analysts for use in one context, can be automati-
cally applied to new datasets in other contexts. We refer to this capa-
bility as semantic speculative execution.

We consider these desiderata in more detail in the following subsections.

11.2.1 Bottom-Up: Inclusive Rather Than Exclusive

An intuitive approach to reducing data heterogeneity is to design and
impose standards on how data can be represented, shared, described, and
manipulated. In practice, such standards are at best incomplete—there
will always be science data “born in the wild” that does not comply with
any given standard. There are several reasons why this should be the case:

+ A standard represents a shared consensus on the structure of seman-
tics of data. But at the frontier of research, such a shared consensus is
elusive by definition: if everyone agreed on a common interpretation
of the data, then it would not be the subject of research.

+ Given a single dataset, no one level of abstraction, and therefore no
one standard, is suitable for all tasks. For example, measurements
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from a CTD sensor may simultaneously be viewed as a file, a table,
a sequence of generic measurements, a sequence of salinity and
temperature measurements, a time series, and many more. In high-
performance simulation, a common problem is the design of an on-
disk representation for snapshot and output files. The format that is
efficient and convenient to write (time-ordered, column-oriented, and
space-partitioned) is not always convenient nor efficient to read dur-
ing analysis (e.g., large-scale multivariate visualization). Mass con-
version of files post hoc is not often feasible, so typically software is
written that can directly manipulate the “inconvenient” formats [17].

The boundary between prototype and production is thin in scien-
tific data analysis. Researchers use custom scripts coupled to third-
party tools to construct new pipelines. Once these pipelines produce
the desired result, there is little incentive to rewrite the application
to produce standards-compliant XML instead of a convenient text
format. It may be tempting to argue that scientists simply need to
be more diligent, but since compliance will never be 100%, there
will always be a need to tolerate this kind of heterogeneity. Also, the
“freedom” to work with data in arbitrary ways using arbitrary tools
is a unique and powerful characteristic of computational science—
chemists cannot typically reengineer a centrifuge to meet new
requirements in the way that a computational chemist can reengi-
neer an algorithm. Policies that constrain this freedom should be
applied conservatively.

Flexible tools that use “lowest common denominator” data models,
and tolerate or even embrace heterogeneity, are pervasive; it is dif-
ficult to ask scientists to give them up. Consider search engines: they
do not refuse to index web content that does not conform to HTML 5.
They attempt to extract whatever text they can to afford keyword
search or attempt to extract geo-coordinates to position the resource
on a map. Filesystems manage data as streams of bytes and sup-
port only read and write operations. Spreadsheets remain extremely
popular in science because of their flexibility—anything that can be
cast as rows and columns is potentially suitable. In contrast, rela-
tional databases impose significant structural constraints on their
input and, unsurprisingly, remain underused in science [4,18,19].
The typical value proposition of a relational database imposes a sig-
nificant barrier to entry: Once you clean, organize, normalize, and
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reformat your data, the database management system (DBMS) is an
appropriate tool to manage it. This precondition is wholly prohibitive
in science applications. In Section 11.4, we consider a different way of
using relational databases that relaxes these constraints.

This argument suggests that the opportunity cost of designing stan-
dards to eliminate heterogeneous data is high, as such standards can never
offer a complete solution. We argue that much of this effort is better spent
on developing new tools (and democratizing existing tools) that can toler-
ate heterogeneity.

11.2.2 Algebraic: Reasoning about Computation

Codd observed in 1970 that the operations offered by all database prod-
ucts at the time could be reduced to compositions of about six different
operations. If these operations could be formalized and made explicit, he
reasoned, most of the work in accessing and manipulating data could be
off-loaded to the database system instead of the programmer. Thirty years
later, relational databases are an $18 billion dollar industry that powers
most of the web.

The key insights of this model are physical and logical data indepen-
dence and algebraic cost-based optimization. Physical data independence
refers to the level of indirection between the physical representation on
disk and the representation presented to the user. Logical data indepen-
dence refers to the ability to present the underlying data through multiple
logical interfaces (i.e., views). As Codd argued [20], “Activities of users at
terminals and most application programs should remain unaffected when
the internal representation of data is changed and even when some aspects
of the external representation are changed.” Algebraic cost-based optimi-
zation refers to the ability of the system to transform the user’s query into
an equivalent expression that is easier to evaluate. The intuition is that the
database, and not the user, is best equipped to evaluate the query.

These techniques have been applied in other contexts besides relational
databases, including stream processing [21-24], trees [25,26], graphs [27,28],
and meshes [29]. More recently, large-scale data-intensive computing sys-
tems designed for sheer scalability and fault-tolerance such as MapReduce/
Hadoop [30,31] have been retrofitted with algebraic reasoning capabilities
[32-34] and data independence features such as views and incremental
type inference [35]. This trend suggests that database features are being
incrementally reincorporated into so-called NoSQL systems.
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Although scientific computations cannot always be distilled into a
composition of simpler operators [36], we find that the “irreducible” com-
ponent of most data processing pipelines is only a small part of the overall
computation. Filtering, joining, grouping, and sorting, operations at which
this algebraic approach excels, tend to dominate the overall computation.

Relational databases, perhaps the most compelling example of these
techniques, still remain remarkably underused in science. In Section 11.4,
we will consider how to deliver this functionality in more effective ways.

11.2.3 Global: Universal Addressability

Artificial technical barriers complicate data sharing. External collabora-
tors do not have access to your laboratory server. Datasets exist only on
your former postdoc’s laptop, which has not been turned on in 6 months.
The data you need exists somewhere on the shared filesystem, but the orga-
nization of the directory structure housing it has been lost. Your inbox is
the safest place to store data, thanks to routine backups and basic search
capabilities.

Consider the requirements for a system that eliminated these barriers.
All data would exist in a common logical namespace that transcended
physical location. New data could be registered with the system easily,
perhaps implicitly as a side effect of handling. Multiple access methods
would be supported: keyword search, lookup by name, browsing by social
network, usage history, popularity, similarity (“more like this”), and more.
Explicit data movement would never be required. Implicit data movement,
initiated by the system automatically in response to user tasks, would be
optimized appropriately; data transfer would be minimized by moving
computation to the data rather than moving data to the computation.

The idea of such a global address space was a primary motivation for the
work that led to the Internet [37], but the fluid movement of both code and
data between any two nodes—automatically in response to user requests—
is not yet realized. Perhaps, the most common modality for data analy-
sis on the Internet might be described as a “fetch-and-compute” model,
where the analyst finds and downloads all relevant data (perhaps through
remote interfaces) and performs the computation locally. Research on web
service composition, orchestration, and choreography [38-40] provides
somewhat more freedom, where data (i.e., the result of a service call) can
be transferred directly between two remote sites. This capability opens
a variety of optimization opportunities that have to be explored in the
literature [38]. But web services are not typically portable; they can only
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be executed on the host that provides them. A third capability, which we
advocate in this chapter, is to move the computation to the data rather
than move the data to the computation.

These three models are illustrated in Figure 11.4. Three datasets, A, B,
and C are located in three different hosts, local, sitel, and site2,
respectively. Each site is also equipped with a set of operations that it can
perform. The host sitel can apply two functions g(*) and h(*) to data,
while both site2 and local can only apply f(*,*). The goal is to compute
f(g(B),C). We are told that the size of g(B) is much larger than the size
of either C or B. Three possible methods of computing the desired result
are labeled (1) Fetch, (2) Web Services, and (3) Cloud. The Fetch
method requires copying C and g(B) to one’s local environment. The Web
Services method affords an optimization: g(B) can be sent directly to
site2 through web service orchestration techniques, avoiding the cost
of sending C to the local environment. Further, site2 is perhaps more
likely than local to have the computing capacity needed to evaluate
f(g(B),C) efficiently. The CIoud method affords another optimization: the
function f(*,*) can be sent to sitel, along with C, and evaluated there.
This mobility of both data and operations is the critical feature we see for
a platform for large-scale data-intensive science.
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FIGURE 11.4 (a) An illustration of three methods of evaluating a distributed
computation. The Fetch method requires all data to be downloaded locally
before performing the computation. (b) The Web Services method affords an
optimization, moving g(B) to site2. (c) The Cloud method moves the compu-
tation f(*¥) to sitel, avoiding any expensive data transfer.
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We labeled the third method to indicate a possible implementation that
relies less on distributed, autonomously administered web services and
more on centralized, scalable, elastic, and generic computing resources.
Under this model, sitel and site2, and possibly even local, can be
considered separate logical environments within a shared physical envi-
ronment such as Amazon Web Services [41]. In this context, movement of
data can be handled automatically by the cloud manager, and it is feasible
to move the computation (embodied as a virtual machine) nearer to the
data. Private, local data that has not been uploaded to the cloud must also
be addressable in a common namespace, but work remains to be done in
the area of “client + cloud” architectures to span the gap between local
and shared contexts [42].

An important source of difficulty in the example in Figure 11.4 is
the binary operation f(**). When a binary operation must be applied to
arguments in different locations, there is no general way to avoid copying
one of the arguments. Such operations are frequently overlooked in many
service-oriented architectures [43] and often among users of NoSQL sys-
tems [44-46]. But as data-intensive science becomes increasingly integra-
tive and comparative, these operations will be the norm rather than the
exception. For example, the inability to conveniently and accurately com-
pare two ocean models (through regridding [29]) is frequently considered
to be a critical roadblock to progress [47]. Approaches to this problem have
typically focused on developing standards for representing the data on
disk along with application programming interfaces (APIs) for extracting
subsets. Although such approaches help make data addressable, compara-
tive operations—a form of spatial join, typically—can only be performed
locally after downloading both datasets. The programming effort involved
in implementing this join locally on a case-by-case is considerable; as a
result, direct comparisons of ocean models are rare.

11.2.4 Speculative: Proactive Derivation of Data Products

As we have argued, the bottleneck to discovery in data-intensive science
is rarely the availability of computational resources, but instead the rela-
tively flat increase of human cognition (Figure 11.1). As data volumes and
processing capacity grow exponentially, the opportunity cost of sitting
idle waiting for the human operator to express the next query becomes
increasingly wasteful. A system that can proactively mine the data, rec-
ommending interesting results for further analysis and review by the
scientists, is becoming necessary. This capability is needed to focus the
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scientist’s attention on the most promising results and thereby optimize
for the limited resource. There simply is not enough time for an individual
to personally scrutinize all the data they collect today (see the examples in
Section 11.1). We refer to this capability as semantic prefetching.

We envision the following four levels of semantic prefetching:

1. Prefetch data that already exist based on a model of the user’s task.
This capability includes ranking results by similarity based on the
user’s recent browsing history (“more like this”), by results of interest
to one’s social network, by global popularity, and by compatibility
with explicit user preferences.

2. Prefetch data that do not yet exist, but could be derived by apply-
ing an operation f to a dataset D. This capability involves ranking
(operation, dataset) pairs using similar techniques as level 1.

3. Prefetch data that could be derived by applying a tree of operations,
where each leaf is a single dataset. This capability is simply the transi-
tive closure of level 2. We differentiate it because the potential search
space is exponentially larger.

4. Prefetch data that cannot be derived from the current holdings, but
could be derived by collecting more data D* and applying some f.
This level requires that data acquisition itself be at least partially
automated.

This last level warrants the following examples.

» Observational oceanographers sometimes make use of the concept
of vessels of opportunity—vessels that are not under direction of the
chief scientist, but that are in the right place at the right time to take
an important measurement or sample. Empowering the system to
automatically identify these opportunities and issue the request
could significantly increase the value of data collected. Currently,
scientists may not identify these situations until it is too late to
exploit them.

« Citizen science projects provide volunteers with enough training
and equipment to collect data on behalf of a research project. For
example, volunteers for the NatureMapping project [48] record
observations of wildlife species in populated areas, dramatically
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improving the quality of the range maps used to inform public pol-
icy. A system that could proactively identify regions and species for
which little data exists and issue standing requests for additional
observations could amplify the effectiveness of these projects and
make the experience more rewarding for the volunteers.

 The term adaptive sampling refers to the capability of some sensors
to receive commands while operating autonomously in the field.
For example, an AUV may adapt its trajectory based on commands
issued from shore, or an atmospheric radar may rotate its antenna to
face an incoming storm [49]. A system that can direct these resources
automatically based not only on current observations but also on the
value of the potential derived products could increase the return on
investment of deployment.

For all four levels, the search space is enormous and cannot be searched
directly. Instead, we need to identify promising results by modeling impor-
tance to the user. While quantifying importance is difficult, a simplifying
factor is that it is not necessarily important that the model is accurate
when first deployed, as long as it is equipped to incorporate human feed-
back and learn statistically what is important and what is not. We envision
an interface where scientists can browse the data products derived the pre-
vious night over their morning coffee, selecting a few for further review
while rejecting the majority. This interaction provides a strong signal on
which to base a ranking algorithm.

11.3 RELATIONSHIP TO OTHER TECHNOLOGIES

The vision we have articulated is not out of reach. The foundational com-
ponents are already emerging. Cloud computing provides a platform for
scalable, ubiquitous, democratized access to arbitrary storage and com-
putational resources. Scientific workflow systems are raising the level of
abstraction for expressing computational pipelines, which affords the
kind of reasoning required to automate their use. Scalable databases and
related data-intensive computing systems are experiencing a renaissance.

11.3.1 Cloud Computing

The cloud offers a compelling alternative to deploying data management
services and applications for use by the long tail. Besides a basic economic
argument stemming from the economy of scale achieved by commercial
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cloud vendors, the cloud offers novel usage modalities for collaboration
and sharing:

 Providing a collaborator with access to your data requires simply
changing the permissions—no data need be moved, no software
exchanged, and no firewalls punched.

o+ A virtualized shared development environment, outside the secu-
rity jurisdiction of any one collaborator’s institution, can be provi-
sioned in a few minutes. This kind of shared environment cannot be
set up without reciprocal exchange of accounts—something system
administrators are typically resistant to.

« Virtualization supplies the code mobility motivated by the example
in Figure 11.4.

« The cloud helps distribute the cost of data hosting among those who
consume the data. Amazon will host a public dataset at no cost if it
generates sufficient traffic. In this way, the cost of hosting an impor-
tant dataset can therefore be shifted to the consumer rather than
the provider. Even ignoring Amazon’s free hosting program, the
data provider need not provision a parallel computational environ-
ment required to operate on large datasets. This cost is borne by the
consumers.

o There is a trend toward developing data markets [50], enabled by
cloud computing. Such a facility may allow scientists to charge
directly for access to their data.

11.3.2 Service-Oriented Architectures

Web services have had a significant impact on the way distributed appli-
cations are architected. The benefits in this context include the potential
for automatic composition, orchestration, and choreography of distrib-
uted computations [38,43,40]. However, current efforts relying on service
oriented architectures (SOAs) for science (c.f., IOOS [43]) over-rely on
top-down standards that are designed primarily for professional software
engineers rather than working scientists. Further, SOAs do not exploit
a critical advantage of scientific data management: it is rarely updated
destructively. This fact allows centralized architectures that copy the data
to a single (large-scale) platform such as the cloud to become feasible.
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11.3.3 Scientific Workflow

Workflow systems propose to raise the level of abstraction for computa-
tional tasks by providing a library of typed, reusable components, some
visual programming interfaces, and a strong emphasis on provenance,
sharing, and reproducibility. Computations are typically modeled as
directed graphs capturing data flow.

The Kepler project [51,52] has provided a foundational platform with
which to study the research and practice of scientific workflow systems
and has enjoyed many users of success.

The myGrid project [13] emphasizes sharing of workflows, but offers no
support for data-intensive (i.e., parallel) computation and does allow seam-
less sharing of data. HubZero [53] is a platform for collaboration and sharing
tools, especially simulations. The “autocompletion” techniques for mashups
[54] and workflows [55] can be used to derive a chain of steps from a corpus,
but assume that precise, accurate metadata exists. HubZero provides com-
munity features such as user ratings and comments, but its primary research
contribution is a mechanism for wrapping a script with a web-based graphical
user interface (GUI). Workflow provenance systems track executions of tasks
for forensic analysis, documentation, and reproducibility [56-60].

We assume that provenance will be captured and stored using these
techniques, but we use the provenance in a novel way—to inform semantic
prefetching (see Section 11.2).

The weakness of current workflow systems is that the data is a sec-
ond class citizen; the systems are designed around the Fetch model we
described in Section 11.2.

11.3.4 Databases

Relational databases offer the algebraic languages and optimization capa-
bilities we seek. However, scalability has historically been limited to a few
nodes (although this is changing due to pressure from Hadoop-based
systems). Large-scale database deployments typically required a full-time
database administrator for reliable operation. Such a resource is prohibi-
tively expensive in the long tail of science. Moreover, relational databases
overemphasize the importance of a fixed, carefully engineered schema for
performance and to ensure data quality. In Section 11.4, we describe a sys-
tem that relaxes this constraint while preserving the use of the relational
model, algebra, and query languages.

Database-as-a-service systems [61-63] are gaining popularity due
to their ability to lower the cost of deploying and managing a database.
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Maintenance tasks and basic server administration are handled by the
cloud provider.

11.3.5 Dataspaces

The concept of dataspaces [64,2,65,28] provided a model for our inter-
est in querying ad hoc data without relying on a predefined schema [28].
However, the incremental, “pay-as-you-go” process for data curation and
knowledge engineering activities emphasized in the dataspace does not
go far enough. In many applications, we find an urgency in extracting
results from ad hoc datasets right now. We therefore emphasize specula-
tive, proactive processing of data to help focus users’ attention and reduce
the end-to-end time to insight.

11.3.6 Data Integration

Data integration techniques (c.f,, [66,67]) will play a significant role in the
proposed vision, but the problem as it is typically formulated overempha-
sizes the existence of well-defined schemas.

11.3.7 Visualization

The VizDeck system (see Section 11.4) builds on seminal work on auto-
matic visualization of relational data using heuristics related to visual
perception and presentation conventions [68,69]. More recent work on
intelligent user interfaces attempts to infer the user’s task from behavior
and use the information to recommend visualizations [70]. Dork et al.
derive coordinated visualizations from web-based data sources [71].
Mashup models have been studied in the database community [54,72,73],
but do not consider visualization ensembles and assume a pre-existing
repository of mashup components.

11.4 STATE OF THE ART

In this section, we describe current work on components of the vision we
have described, focused on leveraging cloud computing to deliver easy and
powerful transformation and visualization capabilities to researchers in
the long tail of science.

11.4.1 SQLShare: Smart Services for Ad Hoc Databases

In the SQLShare project, we consider the management of ad hoc data-
bases. An ad hoc database is a collection of tables with possibly unknown
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relationships gathered to serve a specific, often transient, often urgent,
purpose. Consider the following examples:

» A scientist assembles an ad hoc database of recent experimental
results to prepare a paper or proposal.

« Emergency workers responding to a natural disaster assemble an ad
hoc database from lists of addresses of nearby schools, locations of
resources (e.g., ambulances), and contact information for emergency
workers.

A consulting business analyst assembles an ad hoc database from a
set of financial spreadsheets provided by management for a short-
term engagement.

A paralegal assembles an ad hoc database of call logs, transaction
records, and other potential evidence to prepare for litigation.

Spreadsheets remain more popular than relational databases in such
scenarios, despite advantages of set-based manipulation, declarative
query, and scalability.* But we find that the size and number of datasets
involved in a typical ad hoc database is outgrowing the “manual” interac-
tion modalities offered by spreadsheets. An analyst can comfortably use
copy-and-paste, sorting, and explicit chart creation to manipulate one or
two spreadsheets with O(100) rows each, but these techniques are useless
when working with hundreds of spreadsheets with O(10k) rows each.

We find that the key barriers to relational database management systems
(RDBMS) adoption in this context include the following:

« The costs associated with installation, configuration, and tuning of
commercial database management systems are prohibitive, espe-
cially without access to dedicated IT staff or resources.

« The initial investment required to design and populate a database is
also costly. Developing a definitive database schema for an urgent
project, where knowledge is undergoing daily or hourly revision, is
difficult.

* Enrique Godreau of Voyager Capital estimated that 90% of all business data is maintained in
spreadsheets [74].
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« The corpus of data for a given project accretes over time, with many
versions and variants of the same information and little explicit doc-
umentation about connections between datasets and sensible ways
to query them.

« We corroborate findings that novices can become productive with
SQL without formal training [48,60,75], but we find that these users
need a set of relevant, high-quality example queries to get started.

« Interactive query must be augmented with decision-making tools
such as visualization and statistical tests. We use the term data prod-
uct to refer to any digital artifact derived from data in an ad hoc
database—query recommendations, visualizations, mashups, and
statistical models.

In each of these cases, the scarce resource is user attention. While data
sources have exploded in size and complexity, human cognitive capacity
remains essentially constant. The problem is exacerbated in the context of
an ad hoc database, where time and resources are constrained. As a result,
an ad hoc database management system must seek to eliminate or auto-
mate as many of these tasks as possible—setup, ingest, query synthesis,
and data product creation. For those tasks that cannot be eliminated, the
system must optimize for user attention by proactively creating and rec-
ommending candidate data products for review by the user. We consider
two such services in this section.

Are relational models and languages fundamentally unsuitable for the
requirements of ad hoc databases? We performed a preliminary experi-
ment to answer this question. In the context of a collaboration with micro-
biologists accustomed to working with spreadsheets, we provided a simple
cloud-based service for working with ad hoc databases called SQLShare*
(18] and found it to have a transformative effect.

SQLShare allows users to upload their data and immediately query it
using SQL—no schema design, no reformatting, and no DBAs. Queries
can be named, saved, shared, and commented on—anything you can do
with a YouTube video, you can do with a saved query. Each saved query is
also registered as a view, allowing composition and reuse.

At an early demonstration of our platform, the results of a simple SQL
query written “live” in less than a minute caused a postdoc to exclaim

* http://escience.washington.edu/sqlshare.
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“That took me a week!”—meaning that she had literally spent a week
manually cleaning and pre-filtering a handful of spreadsheets, then using
copy-and-paste to compute what was essentially a join. Within a day, the
same postdoc had derived and saved several new queries. The experience
was not isolated: the director of her lab has contributed several of her
own SQL queries. She has commented that the tool “allows me to do sci-
ence again,” explaining that she felt “locked out” from personal interac-
tion with her data due to technology barriers, relying instead on indirect
requests to students and IT staff. She is not alone—several researchers we
have surveyed informally have reported that the ratio of time they spend
“manipulating data” as opposed to “doing science” is up to 9 to 1.

In the remainder of this section, we sketch our model for ad hoc
databases and two “smart” services aimed at minimizing user attention
through automation and speculative data product generation. We con-
clude with a discussion of the relevant related work that can be applied to
this topic as well as some next steps for our own research.

11.4.1.1 Data Model

We model an ad hoc database as a graph (D U P, X), where D is a collection
of datasets, P is a collection of data products, and edges in X represent a
dependency relationship used to reason about workflow provenance [76].
That is, if a data product p is derived from a dataset d, then (p, d) € X.
A dataset is a triple (R, n, M) where R is a relation, # is the name of the
relation, and M is a set of metadata represented as key-value pairs. We
explicitly include metadata as a part of the model to support services that
intentionally refer to sets of relations—search, permissions, ownership,
download, and annotation. For example, one can download all relations
where source = myworkflow. Similarly, a data product is a triple
(X, n, M), where X is an uninterpreted binary object.

The relations can be queried as usual using SQL. A view Q(D) intro-
duces a new relation into the system as well as a dependency edge for every
relation mentioned in Q. A data product represents (typically) a nonrela-
tional digital artifact such as a visualization, the result of a statistical test,
or a trained model.

No schema: We do not allow CREATE TABLE statements; tables are cre-
ated directly from the columns and types inferred in (or extracted from)
uploaded files. Just as a user may place any file on a filesystem, we intend
for users to put any table into the SQLShare “tablesystem,” not just those
that comply with a predefined schema.
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Tolerance for structural inconsistency: Files with missing column head-
ers, columns with nonhomogeneous types, and rows with irregular num-
bers of columns are all tolerated. We find that data need not be pre-cleaned
for some tasks (e.g., counting records) and that SQL is an adequate lan-
guage for many data cleaning tasks.

Append-only, copy-on-write: We do not allow destructive updates.
Users insert new information by uploading new datasets. These datasets
can be appended to existing datasets if the schemas match. Name conflicts
are handled by versioning—the conflicting dataset is renamed, and the
dependency graph is updated appropriately.

Simplified views: We find views to be underused in practice. We hypoth-
esize that the solution may be as simple as avoiding the awkward CREATE
VIEW syntax. In SQLShare, view creation is a side effect of querying—the
current results can be saved by simply typing a name. This simple user
interface (UI) adjustment appears to be effective—267 views have been
registered in the system from just a handful of users.

Unifying views and tables: Our data model consists of a single entity: the
dataset. Both logical views and physical tables are presented to the user as
datasets. By erasing the distinction, we reserve the ability to choose when
views should be materialized for performance reasons. Since there are no
destructive updates, we can cache view results as aggressively as space will
allow. However, since datasets can be versioned, the semantics of views
must be well defined and presented to the user carefully. We find both
snapshot semantics and refresh semantics to be relevant, depending on
the use case. Currently, we support only refresh semantics.

11.4.1.2 Automatic Starter Queries

Analysts who assemble ad hoc databases frequently do not have significant
SQL expertise, but we find that providing a rich set of examples is suffi-
cient to empower nonexperts to use SQL for data analysis [18]. This finding
should not be surprising: Many public databases include a set of example
queries as part of their documentation [77,78], suggesting that the strategy
is effective. We adopt the term starter query to refer to a database-specific
example query, to distinguish it from an example that merely illustrates
SQL syntax abstractly.

In this context, starter queries must be derived from the data alone—ad
hoc databases have no explicit foreign keys (initially) from which to derive
join relationships [79], and no query logs from which to mine frequent
query patterns [80].
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Analysts use starter queries in several ways. They browse them to learn
basic idioms of SQL (joins, in particular, are often frequently unfamiliar).
They execute them to explore the data itself. They modify them by adding or
removing snippets [81]: predicates in the WHERE-clause, tables in the FROM-
clause, and columns in the SELECT-clause. They compose them to derive
new queries—each saved query is automatically registered as a view and is
referenceable as a table. They share them during collaboration—each query
(and its result) has a unique URL that can be bookmarked or e-mailed to col-
leagues, who can then add comments, derive their own queries, and so on.
Our preliminary results suggest that this query-oriented collaborative analy-
sis is an effective model for working with ad hoc databases. To bootstrap this
model, we need only “seed” the collaboration with a set of starter queries. In
our existing system, these example queries are provided by database experts.

When we first engage a new potential user with our current SQLShare
prototype, we ask them to provide us with (1) their data and (2) a set
of questions, in English, for which they need answers. This approach,
informed by Jim Gray’s “20 questions” requirements-gathering methodol-
ogy for working with scientists [4], has been remarkably successful. Once
the system was seeded with these examples, our users were able to use
them to derive their own queries and become productive with SQL.

Our approach to the problem of automatically deriving starter queries for
an ad hoc database is to (1) define a set of heuristics that characterize “good”
example queries, (2) formalize these heuristics into quantities we can calcu-
late from the data, (3) develop algorithms to compute or approximate these
features from the data efficiently, (4) use examples of “starter queries” from
existing databases to train a model on the relative weights of these features,
(5) evaluate the model on a holdout test set, and (6) deploy the model in the
production SQLShare application. In this context, we are given just the data
itself: In contrast to existing query recommendation approaches, we cannot
assume access to a query log [81], a schema [7], or user preferences [80]. We
explore heuristics for identifying four idioms: union, join, select, and group
by. To illustrate the approach, we describe our method for join.

Detecting joins: To detect join candidates, we derive a scoring function
by combining the following set of heuristics:

1. A foreign key between two columns suggests a join.

2. Two columns that have the same active domain (i.e., the same set
of unique values) but different sizes suggest a 1:N foreign key and a
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good join candidate. For example, a fact table has a large cardinality
and a dimension table has a low cardinality, but the join attribute in
each table will have a similar active domain.

3. More generally, two columns with a high similarity offer evidence in
favor of a join.*

4. If two columns have the same active domain and that active domain
has high entropy (large numbers of distinct values), then this is evi-
dence in favor of a join. Conversely, if both attributes have small
entropy, then this is evidence against a join.

The preceding join heuristics 1 to 4 all involve reasoning about the
union and intersection of the column values and their active domains.
Heuristic 1 identifies foreign key relationships. Given two columns
x and y (modeled as bags), a foreign key relationship relationship exists
if x C y. Heuristic 2 adds the condition that |x| << |y|. Heuristic 3 relaxes
the strict subset condition and invokes Jaccard similarity with bag seman-
tics: ¥, Heuristic 4 sets conditions on the relative sizes of the active

|xUyl

domains: |n(x)| << |x|, where n(x) indicates the set derived by removing
duplicates from x. For example, a fact table has a large cardinality and a
dimension table has a low cardinality, but the join key will typically have a
highly similar active domain. These heuristics can therefore be distilled to
a set of features that can be used to train a model. For each pair of columns
x, y in the ad hoc database, we extract each feature in Table 11.1 for both
set and bag semantics. We extract these features for a training set derived
from examples of starter queries available on the web and then test the
model on a different set.

TABLE 11.1  Features Extracted to Estimate the Joinability

Feature Expression
Max/min cardinality max/min(|x],|y|)
Cardinality difference abs(|x| - |y])
Intersection cardinality [x Nyl
Union cardinality [x Uy
Jaccard similarity lxyl
[xoyl

* An important exception is the case of an “autoincrement” column that is sometimes used as a key
and may have no relationship to another autoincrement column.
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In preliminary experiments, we use an alternating decision tree (ADTree)
[82] on the example queries from the Sloan Digital Sky Survey [78] and then
test the model on the example queries from a completely different database,
the Gene Ontology Database [77]. Our results are promising: We achieved
a recall and precision of over 90% [18].

11.4.2 Self-Organizing Dashboards

To support visual data analytics over ad hoc databases, we are developing
VizDeck, a web-based visualization client that uses a card game metaphor
to assist users in creating interactive visual dashboard applications in sec-
onds with zero programming. VizDeck generates a “hand” of ranked visu-
alizations and UI widgets, and the user plays these “cards” into a dashboard
template, where they are automatically synchronized into a coherent web
application that can be saved and shared with other users (Figure 11.5).

VizDeck
[a]» ||+ |@hltp://vizdeck.:amfuifslowdash.h(ml G:\ ':Q' Bing

VizDeck goto: query analysis table about (@}

Copy this link to clipboard to share: hitpJ//vizdeck.com/vi/dash/198.html|
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FIGURE 11.5 After selecting the desired thumbnails, the user can interact with
the dashboard they have created. In this dashboard, the user can select the type
of microorganism at the upper left and review the effect. In particular, the clus-
ters in the scatter plots at upper right and lower correspond to microorganism
populations.
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By manipulating the hand dealt—playing one’s “good” cards and discard-
ing unwanted cards—the system learns statistically which visualizations
are appropriate for a given dataset, improving the quality of the hand dealt
for future users.

Users are increasingly relying on exploratory visual analytics to quickly
identify patterns and generate hypotheses for deeper investigation. With
our collaborators, we originally proposed to use sophisticated tools such
as Tableau [83], but found that scientists were not able to self-train quickly
and reverted back to simpler tools such as Excel. The reason seems to be a
“blank canvas” effect—even though Tableau and similarly powerful tools
make it easy to craft a complex visualization, the user still has to have a
preformed idea of what they want to see before they begin (which attri-
butes, which chart type, etc.).

We consider a different approach. Informed by the statistical proper-
ties of the underlying dataset, we proactively generate and rank candidate
visualizations (and UI widgets) called vizlets and display them to the user
in a grid. These vizlets can be browsed, discarded, or promoted as part of a
coordinated, interactive, shareable dashboard designed to tell a particular
scientific story. To construct a coordinated dashboard, the user need not
perform any explicit configuration; the constituent vizlets automatically
respond to events triggered by other vizlets.

Dashboards can be saved and shared among collaborators simply by
exchanging URLs. Server-side, a saved dashboard, is represented as a
replay log of the actions a user took to construct it. Besides affording a
useful undo/redo feature, this technique allows a collaborator to review
the steps taken by the original author to create the dashboard, which we
anticipate will improve cross-training and communication between users.

11.5 CONCLUSIONS AND PATH FORWARD

We have discussed problems and future solutions associated with data trans-
formation in the sciences. Observing that the overhead of working with data
dominates the science being done with it, we analyzed the problem in terms
of several examples in oceanography and microbiology. We rejected solu-
tions that rely on top-down global consensus on the structure or semantics
of data, finding that such constructs are too rigid in practice and ignore
the “forward edge” of science data—the data that do not conform to any
accepted model, by definition. However, when such structure and semantics
exist, they should be exploited. We cannot settle for opaque, uninterpreted
files, but nor can we do nothing until comprehensive schemas are defined
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and universally applied. Instead, we need to take the “middle path” that
offers appropriate services across the spectrum of “data maturity.” Luckily,
many of these services already exist. We have powerful tools for working
with documents, tables, trees/XML, graphs, images, and meshes. These
tools need to be offered in a centralized platform and linked together.

We argued that the fetch-based model, where researchers are assumed
to gather all the data they need, download it to their local computing
environments, and process it there, is infeasible. Data sizes are becoming
too large, and researchers do not always possess the programming skill
required to answer their questions. Instead, we must push the computa-
tion closer to the data, implying that both data and computation must be
mobile (Figure 11.4)

We distilled the problem into four desiderata for a comprehensive data
transformation system, represented by the acronym BAGS: Bottom-up,
Algebraic, Global, and Speculative. The data models must be designed
bottom-up so as not to exclude the exceptional datasets that are not well
behaved with respect to any given standard. The interfaces needed to
express these transformations must be algebraic so that they can be com-
posed to express complete pipelines and so the system can evaluate them
in multiple ways, tailoring the execution to the properties of the data and
the current load of the system. The system must support global address-
ing—physical locations must be transparent to users, and importing or
registering data within the system must be automated whenever feasible.
We advocate “client + cloud” approaches that span the gap between the
two platforms [42]. Finally, we argued that scientists’ attention is the lim-
iting resource, rather than computational power. This “attention gap”
(Figure 11.1) is a prominent concern—there is an acute need to offload
more work to the computer to make up the gap. The vision is one of scien-
tists reviewing hypotheses and candidate results found by the computer,
selecting promising leads for further analysis and eventual publication.

11.5.1 Path Forward

The components of the proposed vision are already emerging. Cloud com-
puting has been proven in the marketplace and is here to stay. In 10 years,
it will seem like a quaint idea to purchase one’s own hardware. This trend
will enable new usage modalities and drive costs down. More importantly,
this trend will increasingly lead to data being “born” in the cloud. There
will no longer be a discussion of how, when, and whether to migrate one’s
data to the cloud; it will already be there. As a result, the data will never
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move; computations, represented as virtual machines, will be launched
near to the data, operate on it to derive new results, and then shut down.
This trend is already under way: In China, an enormous sequencing cen-
ter is simultaneously building a state-of-the-art data center, recognizing
that the data acquisition and data management can no longer afford to be
separate activities [84].
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12.1 INTRODUCTION

Technologicaladvancements such as the World Wide Web brought together
business, engineering, and scientific communities, creating collaborative

opportunities that were previously unimaginable. This was due to the
novel ways technology enabled users to share information that would
otherwise not be available. For science in particular, this means that data
and software that previously could not be discovered without direct contact
with data or software creators can now be downloaded with the click of a
mouse button, and the same products can now outlive the life span of their
research projects. While in many ways these technological advancements
provide benefit to collaborating scientists, a critical producer-consumer
knowledge gap is created when collaborating scientists rely solely on web
sites, web browsers, or similar technology to exchange services, software,
and data. Without some provided context from producers, collaborating
scientific consumers have no inherent way to trust the results or other
products being shared, and producers have no way to convey their scien-
tific credibility.

Provenance originates from the French term provenir (to come from),
which is used to describe the curation process of artwork as art is passed
from owner to owner. Data provenance, in a similar way, allows producers
to pass data context to consumers by providing vocabularies and method-
ologies for collaborators to share the origin of anything, both digital and
nondigital. Peter Buneman [BUN2001] was one of the first in the database
community to coin the term data provenance as it pertained to describ-
ing the origin of microbiology data being shared on the web. Yet in some
ways, many years later through all the advances of provenance, evidence
of this knowledge gap continues to persist creating many exciting prov-
enance contribution opportunities for both the researcher and the domain
practitioner. For science, provenance can fill the knowledge gap by
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« Answering questions about the methodologies used to arrive at a
result along with the expected level of imprecision

« Establishing credibility by citing the credentials of who published
the results

« Documenting the lineage of sources used to generate a particular
product, or providing a timeline of what took place.

For datasets, the scientific producers may be anyone who created them
or modified their contents. It is assumed that the producers fully under-
stand what they produced because they chose the methods and created
the context that was used to derive the data and software. Using data as an
example, the producer created the process for data creation, controlled the
precision used to collect the results, and knew of any uncertainty that are nat-
urally a part of any scientific result. During dataset creation/modification,
the producers hopefully took careful ledger notes, performed instrument/
sensor calibration, and recorded any observations about inaccuracies
introduced during the experimental or computational process. The pro-
ducers need to encode this knowledge as provenance so that consumer
communities understand and thus accept the scientific results.

12.2 CLIMATE SCIENCE PROVENANCE EXAMPLE

The following example shows how provenance is used to bridge the knowl-

edge gap between climate scientists performing atmospheric simulation
studies to identify levels of uncertainty based on parameter settings and
collaborating researchers who use these published datasets to rank levels
of uncertainty against their own simulation results.

12.2.1 Background

Atmospheric climate researchers rely on models such as the Climate
Atmosphere Model (CAM) [CAM] to perform research such as air tem-
perature and precipitation variability studies (Figure 12.1).

Scientists found that changes of one physical input parameter can
potentially have significant impact on the overall results. Identifying,
understanding, and ranking sources of uncertainty is a vital part the
knowledge scientists need to convey when sharing their results with the
research community. To perform uncertainty quantification (UQ) studies
on CAM, aresearcher prepares hundreds or thousands of CAM simulation
runs for their particular study. The UQ study uses a range of values to alter
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FIGURE 12.1 Visualization and analysis of temperature variability in CAM UQ
study. https:/str.llnl.gov/JulAugl0/klein.html.

a parameter value for each simulation run. After the runs are complete,
scientists use visualization and analytical techniques to comparatively
assess the different levels of uncertainty experienced across all the
simulation runs. The earth sciences communities have developed grids
where scientists can upload their results and share them with researchers
worldwide. Without provenance, a knowledge gap exists between the UQ
study producer and anyone wanting to access those same results.

To convey knowledge about the UQ study, the scientist producing it is
faced with some decisions about what to convey to the prospective collab-
orators. The following scenario summarizes “Bob” the scientist’s knowl-
edge about the study.

Bob is an atmospheric scientist at the Pacific Northwest National
Laboratory (PNNL) working with a team of National Center for Atmospheric
Research (NCAR) climate researchers performing an UQ study on the CAM
version 3.0. His fellow climate researchers request Bob to benchmark changes
in the results due to setting parameter A in the CAM input deck to minimum,
average, and maximum values. Bob runs each CAM job. Each CAM job
produces a dataset in the form of netCDF files along with a CAM historical
log recording native provenance. Bob merges the results of all three CAM
simulations and publishes them as a new dataset to an earth system grid data
node. Bob writes an article based on his UQ results in a climate journal.

12.2.2 Scoping Provenance by Consumer Provenance Questions

To convey knowledge, Bob needs to have some understanding of commu-
nities accessing his data and what types of provenance-related questions
they will have. Fortunately, Bob has an active collaboration with climate
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scientists Jun and Candis and, drawing on past interactions, knows the
following provenance-related questions are typical inquiries:

 Jun wants additional background material on the UQ study. His
question is: “Who provided the UQ study criteria to Bob, and what
were the criteria?”

« Candis wants to know: “What parameter did Bob alter in his UQ
study to produce his published dataset?”

For provenance to bridge knowledge gaps between collaborators, it
needs to answer who-, what-, when-, where-, which-, why-, and how-
related questions. Jun poses two who- and why-related questions driving
the UQ study. Candis poses a what-related question.

12.2.3 Building Consumer-Oriented Provenance

The producer, Bob, must construct answers to what-, why-, and who-related
questions to support his user community—Jun and Candis. Provenance
vocabularies, such as W3C PROV [PROV2012], provide many capabilities
that might seem overwhelming at first. To overcome this concern, W3C
PROV provides a core set of terms that do not require a steep learning curve
providing users a means to start modeling quickly. Once the user become
confident with the core vocabulary terms, it is easy to incorporate more
sophisticated parts of the language. Using PROV, the provenance model
can be built using only the vocabulary terms: Entities, Activities, Plans, and
Agents (Figure 12.2). Entities are any physical, digital, or conceptual thing
and can answer what, where, and/or which questions. Activities create
entities and modify the attributes of existing entities to create new ones.

Activity Q Agent
O Entity
c

FIGURE 12.2 Legend used to graphically model provenance. Directional arrows
that convey relationships between model terms are not shown: wasGeneratedBy
describes something produced by an Activity, used describes input to an Activity
or Agent, wasAssociatedWith and actedOnBehalfOf correspond to Agents.

Plan
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FIGURE 12.3  Provenance model depicting with whom Bob was collaborating to
determine the UQ Study Criteria.

They can answer how and/or when questions. Agent is a person, instrument,
organization, or piece of software and can answer who and/or what ques-
tions. Finally, Plan is a specialized entity that is needed to answer why.

Jun’s question “Who provided the UQ study criteria to Bob and what
were the criteria?” requires knowledge related to Figure 12.3 (which depicts
the relationships between the UQ study, the collaborators, and Bob conduct-
ing the study) based on these two paraphrased knowledge statements:

1. Bob is a PNNL atmospheric scientist working with a team of NCAR
climate researchers.

2. The joint PNNL-NCAR team is performing a UQ study.

Candis’ question “What parameter did Bob alter in his UQ study to pro-
duce his published dataset?” requires that Bob convey knowledge related
to these three paraphrased knowledge statements:

1. Bob merges the results of all three CAM simulations and publishes
them as a new dataset (Figure 12.4a), each CAM job produces a
dataset in the form of netCDF files along with a CAM historical log
recording native provenance.

2. To perform the UQ study, Bob must prepare and schedule each CAM
job (Figure 12.4b).

3. Bob sets parameter A in each CAM input deck to minimum, mean,
and maximum values (Figure 12.4c).
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FIGURE 12.4 (a) Provenance model depicting a grid node administrator acting-
OnBehalfof Bob to publish his UQ dataset. (b) Provenance model depicting part of
the pipeline producing the UQ dataset that is generated from CAM results. The CAM
jobs, activities, and simulation dataset entities for the minimum and mean values Bob
also used in the study are not depicted. (c) Provenance model depicting part of the
pipeline showing parameter A being modified by the set activity for the max CAM
input entity. Similar activities and input decks generated for the minimum and mean
values Bob also needed to use in the study are not depicted.
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The provenance model developed so far covers the basics of the knowl-
edge statement Bob provided about his UQ study. It is consumer-oriented
in part because it only conveys the knowledge Bob’s collaborators require.
To make it more scientifically oriented, Bob will need to extend the prov-
enance model with additional details to the climate community. PROV
provides support by allowing users to add customized knowledge to the
provenance model. This knowledge can be in the form of simple key value
attributes to provide names and directory locations of files, start and end
date/time stamps for activities, or more elaborate structures such as spe-
cializations of entities, or attributes providing additional details such as a
journal article citation using the Dublin Core element set, or details of the
UQ study plan.

Once Bob defines his provenance model, the model needs to be saved
in a persistent form either in an XML or in an OWL document, or within
a database so he can make the knowledge available for Jun and Candis to
browse, search, or use derivation to find answers to their questions.

12.2.4 Answering Provenance Questions

Because Bob relied on a publically available formal provenance vocabu-
lary, he provides Jun and Candis a standard representation that describes
the origins of his dataset. For Jun to get answers to his questions, he real-
izes that his questions are regarding who, inferring use of Agents. One
obvious Agent is Bob, of whom Jun is already aware, but Jun needs to
know who collaborated with Bob. Searching the PROV relation actedOn-
BehalfOf between Bob and climate science collaboration provides Jun
with this answer. Performing a second search on the Agent climate science
collaboration, we find this Agent has a PROV relation hadPlan that points
to a UQ study criteria plan.

Because the input deck is not published with the UQ study, Candis
cannot determine which parameter was being varied and studied. Candis
asks a more complex question: “What parameter did Bob alter in his UQ
study to produce his published dataset?” With a provenance model, her
question relies first on performing a search for the entity UQ dataset and
then on walking the relations wasGeneratedBy/used back through the prov-
enance until she finds entity max CAM input deck and examines the activ-
ity associated with the wasGeneratedBy relation activity set queries that
traverse provenance of cited UQ studies by traversing wasGeneratedBy/
used edges back to the input deck of each CAM run.
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Relying on a formal provenance vocabulary allows users who store
their provenance in a database to search across provenance collected from
multiple studies. This is useful if Candis, after examining the entity input
deck, finds an error in the file invalidating the study findings. She could
then search across her provenance store for any other entity CAM simula-
tion run or plan UQ study that relied on the same input deck to alert the
producers of this error.

12.3 BRIEF HISTORY OF RECORDING
SCIENTIFIC HISTORY

Although the style of recording provenance might be new to a scientist
working through the previous provenance example, from a scientific per-
spective the discipline of recording knowledge on the origin or history of
scientific results has been a practice put into place for millennia. Findings
were recorded and procedures described in scrolls and logbooks, and cal-
ibration records were kept on analog instruments. Before the existence
of a provenance research community, there have been many different
efforts to capture provenance in different forms. Some were community
based, but most were native forms of provenance using native vocabulary
representations.

Evidence of different efforts to make provenance available has been
found as early as the late 1980s [GRA1988] when historical informa-
tion was needed to describe geospatial dataset origin and history. In
the 1990s, data provenance was first explored using XML documents
[BUN2001] that could trace and convey the processing history of the
origin of molecular biology data. The Dublin Core Metadata Initiative
(DCMI) [DCMI] emerged as a widely adopted standardized metadata
vocabulary. The DCMI had wide appeal in the scientific community to
cite data sources. The Collaboratory for Multiscale Chemical Science
(CMCS) [MYE2005] was an early adopter of the DCMI and used it to
describe shared scientific resources. However with the exception of
DCMI, most attempts by scientific projects to record knowledge in data-

bases and on the World Wide Web relied on local terms and structures
that supported the data producers, leaving data consumers with the task
of interpreting its meaning.

The era of scientific workflows ushered in new interest by scientists seek-
ing to tie together many disparate applications and data sources and have a
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record of what transpired during the workflow execution. Today many dif-
ferent workflow products exist; these include Kepler [BOW2006], MeDICi
[GOR2008], and VisTrails [CAL2006]. While workflows were originally
conceived for managing business processes, workflows were increasingly
valued to run complex computational and experimental pipelines. Because
workflows were adaptable and reconfigurable, they were used to perform
complex analyses by coupling together geographically distributed disparate
data sources and applications. Listeners were added to collect provenance
based on logged workflow events, and the provenance was represented in a
form native to the workflow engine.

While native forms of provenance provided certain benefit, consumers
often found themselves in a bit of a quandary when attempting to inte-
grate different native forms of provenance.

Without standard provenance vocabulary terms, sharing results and
databases became difficult because it was cumbersome to distinguish
between provenance-related knowledge and any other metadata or ref-
erential information. Even when provenance was distinguishable, each
community had their own formats, used their own local structures and
conventions, and needed to be expressive based on their particular needs
making any hope for settling on one standard impractical. The lack of
formalization also led to another issue of trust. Without a formalized
approach, it was difficult for scientists to claim they had a complete under-
standing of what transpired or what scientific protocols were followed.

12.4 PROVENANCE COMMUNITY CONTRIBUTIONS

Universities made many initial contributions to the theory and applica-
tion of provenance [SIM2005]. Inference Web [INF] provided a seman-
tic provenance language, Application Programming Interface (API) and
tools supporting interoperable explanation of sources, assumptions, and

learned information and answers as an enabler for trust between col-
laborators. The International Provenance and Annotation Workshop
(IPAW) [MOR2008] began a series of challenges to explore how differ-
ent native forms of provenance could be exchanged or integrated. Many
of the initial workshop participants were scientists and computer scien-
tists wanting to better support E-Science. By 2008, the Open Provenance
Model (OPM) interchange language [MOR2011] was developed by IPAW
participants so users with their own native provenance could have a
common format to compare and exchange provenance with one another.
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In 2009, the W3C launched an incubator group composed of univer-
sities, industry partners, and research institutions along with members
of IPAW and Inference Web. They documented many of the noteworthy
provenance efforts [INC2010]. Based on the findings in 2011, the W3C
established a Provenance Working Group [PROV2012] to develop a new
W3C provenance interchange language.

12.4.1 Provenance Representation

There are many different ongoing provenance efforts; a comprehensive list
of known provenance vocabularies is identified [INC2010] by the W3C
Incubator Group. This section shares three provenance representations:
Proof Markup Language (PML), OPM, and PROV.

Inference Web is a consortium of researchers who developed PML
[PIN2006]. It is a semantic web-based representation for exchanging
explanations, including provenance information— annotating the sources
of knowledge, justification information—annotating the steps for deriv-
ing the conclusions or executing workflows, and trust information—and
annotating trustworthiness assertions about knowledge and sources. PML
was initially developed in 2002 in response to multiple government proj-
ects including DARPA Agent Markup Language (DAML), DARPA Rapid
Knowledge Formation, and ARDA Aquaint (http://kdi.pnnl.gov/projects
/kani.stm). PMLs initial purpose was to explain results from hybrid theo-
rem provers, for example, Stanford’s JTP (Java Theorem Prover) and SRI’s
SNARK (SRI’'s New Automated Reasoning Kit), in support of the Inference
Web, a web-based question-answering architecture [MCG2004]. PML
supports arbitrary logical data and inference steps including extraction of
data from nonlogical sources, conversion to logical forms, classification,
and first-order inferences. The work described in the DARPA proposal
used PML because of its ability to explicitly represent alternative justi-
fications for a conclusion. In 2004, PML classes were fully implemented
as part of the World Wide Web Consortium’s standard Ontology Web
Language [SM12004], and PML data are therefore expressible in the RDF/
XML syntax. PML was split into three modules, which are referred to as
PML2 [MCG2007] to reduce maintenance and reuse cost. PML is used
to build OWL documents representing both proofs and proof provenance
information.

OPM [MOR?2011] is a product developed by IPAW. It is a stable and
viable solution expressed both as an XML schema and in OWL. The
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original intent of OPM was to be an interchange language between
two different provenance representations. OPM is also an open model
providing extensibility so users can add their own customized attributes
and specialization classes to further describe provenance being exchanged.
The OPM community also provides java APIs supporting XML and RDF
representations.

The W3C Provenance Working Group [PROV2012] is developing a
language “that defines a language for exchanging provenance information”
about web documents, data, and resources between applications. It cur-
rently is working on five specifications including: PROV Primer [PRI2012],
PROV Ontology (PROV-O), PROV Data Model (PROV-DM), PROV
Notation (PROV-N), PROV Constraints, PROV Access, and Query. The
working group draws on many standard bodies of work [CTF2011] and
existing provenance vocabularies. These vocabularies include Dublin Core,
PML, and OPM.

12.4.2 E-Science Provenance Software and Architectures

To make provenance a more viable commodity to users and software
developers, the provenance community performed extensive work writing
provenance vocabulary APIs; defined approaches to storing provenance;
developed methodologies for browsing, querying, and using derivation;
and created new approaches to using provenance for visualization and
analysis.

Provenance implementations will vary greatly based on the projects’
needs. For any provenance architecture, the basic elements needed to sup-
port the four phases in the provenance lifecycle are creation, recording,
querying, and managing. The requirements matrices listed in Table 12.1
can be used to scope infrastructure needs. For some users, adopting
an existing provenance vocabulary for their standard representation,
incorporating a provenance vocabulary API, and leveraging a database
(e.g., RDF triple store) for provenance storage may suffice. For team
or enterprise solutions, a more substantial provenance architecture is
needed (Figure 12.5) and described in Miles et al. [MIL2007]. A tech-
nical report on RDF-based Provenance stores can be found in Paulson
et al. [PAU2008].
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FIGURE 12.5 Conceptual provenance architecture of creation, recording,
management, and access.

12.5 SCIENCE PROVENANCE CHALLENGES AND
FUTURE PROVENANCE SCIENCE SOLUTIONS

Data-intensive science offers provenance some new challenges in terms of
the need for richer adaptation to the sciences as well as scalability to meet
exascale computing challenges. Conversely, some challenging aspects of
data-intensive science can potentially be answered through provenance
solutions. This presents many opportunities for the science and prove-
nance communities to contribute to each other’s future successes.

12.5.1 Science Provenance Challenges

Many opportunities exist for the scientific community to extend or develop
new provenance capabilities, including extending provenance languages
with scientific knowledge, contributing new approaches for organizing
provenance information, and introducing compressed formats to support
extreme scales.

12.5.1.1 Linking Scientific Knowledge to Provenance

The provenance community offers the scientific community tremendous
capabilities to bridge the knowledge gap between producers and consum-
ers. Currently, PML, OPM, and PROV provenance languages offer their



Bridging the Gap between Scientific Data Producers and Consumers m 293

own conventions for allowing users to add their own specializations of
provenance vocabulary attributes and classes. Inference Web identified a
layer called knowledge provenance [MCG2009] that tied domain-specific
semantic knowledge to PML. Within Inference Web, The University
of Texas El Paso has developed a tool, WDO-IT [TRU]. Based on the
knowledge provenance concept, it allows scientists to define their own
customized provenance vocabulary as a layer on PML where provenance
is recorded in a representation that is recognizable to the end user.
WDO-IT provides the Workflow-Driven Ontology (WDO) and Semantic
Abstraction Workflow ontology layers [PIN2010] allowing scientists to
define workflow components using their own customized vocabulary.
Once the specification is complete, the WDO-IT provides users with sup-
port to export APIs called Data Annotators that record the user’s prov-
enance using their customized vocabulary.

The DCMI Provenance Task Group [DCP] is also investigating ways
to map their DCM vocabulary to PROV. The Mapping Primer draft
[DCPP] provides methodologies for simple vocabulary term map-
pings and more complex language mappings between Dublin Core to
PROV. As the Primer matures, it could potentially serve as a template
and methodology for future mappings between scientific ontologies and
provenance languages.

A technique used by some scientific communities is to embed prov-
enance within an existing scientific vocabulary or ontology. ISO 19115
[ISO2003] geographic metadata standard provides some provenance sup-
portwithinits vocabulary. The Chemical Information Ontology [HAS2011]
introduces information entities to ensure the accurate exchange of biomo-
lecular chemical information.

12.5.1.2 Innovative Organizational Structures

Another science provenance challenge is to innovate provenance rep-
resentation in extreme scale computing and large-scale data repositories
efficiently to represent and communicate provenance. An example approach
successfully demonstrated was designing provenance in different tiers called
multi-tier provenance inspired by Bruno Courcelle’s ordered sequence of
unranked subtrees [COU] and tree automata theory [COM1997]. Multi-tier
provenance [STE2010] can simply be thought of as a way to divide up
the provenance model into different submodels, or as in the case of the
Atmospheric Radiation Measurement [ARM] program, organize the prov-
enance to reflect different levels of resolution of detail. The more detailed
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layers can infer context from their parent tiers providing summary levels of
metadata throughout the hierarchy.

12.5.1.3 Efficient Formats

To support exascale, computing provenance also needs to be recorded and
stored in more efficient formats. Currently, the provenance community
is relying on tagged languages such as XML, RDF, and OWL. While rich
in their expressiveness, they can be a hindrance, especially if used as text
representations at runtime as earlier described. Within HPC communities
and large-scale data repositories, a common practice has been to use
byte arrays to encode flags or other simple indicators. As part of our
previous research on multi-tier provenance, we investigated the use of
creating a reduced form of the provenance language and then created two-
dimensional matrices by making the nodes “things” and any relationship
between the nodes “edges.” Once this is done, adjacency matrices or
perhaps other combinatory analysis techniques could be used to monitor,
assess, and report behavior. Another expansion on this idea is the use of
Javascript Object Notation (JSON) or a more compressed Binary JSON as
a way to more efficiently convey provenance.

12.5.2 Future Science Solutions

Due to either the lack of awareness of provenance or the perception that
provenance representation is inefficient, the provenance community has
not made a large impact on the data-intensive community. However, the
use of provenance could help data-intensive science overcome current bar-
riers experienced by the HPC community.

12.5.2.1 Intermediate Result Reproducibility
Scientists could use provenance knowledge that enables consumers to
reproduce a portion of intermediate results from experiments and simula-
tions. Scientists conducting large-scale studies, such as sensitivity anal-
ysis (SA) and UQ, are increasingly relying on archives or data grids to
save results so fellow researchers can later access, analyze, and, if needed,
reproduce the results. We recognize that most documented provenance
knowledge including scientific publications lacks a full disclosure of hid-
den parameters used at run time, a list of files that can be easily repro-
duced, and methods used to recreate those files.

To do this, scientists need to identify which processes are respon-
sible for generating intermediate and final files within each simulation
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run, the estimated work that it takes to regenerate these files, and what
needs to be captured that describes the steps it takes to reproduce the
results.

In a real-world example, we have seen evidence that at times, depending
on the model, even small studies are capable of overwhelming the inode
table of petascale storage systems because the studies rely on numerous
intermediate small files. In a recent example, a 1 PB Lustre data system
at a U.S. university was temporarily disabled when the 250 million inode
table was overwhelmed by the many small files generated by a land use
model. This is not an isolated incident. Standard archival procedures on
the PNNL Environmental Molecular Science Laboratory require datasets
to be archived in compressed tar and zip files.

Sharing and accessing large-scale UQ and SA resources becomes
restricted depending on the network bandwidth of collaborators. To
resolve issues like the one just described, administrators have to log in as
users to remove temporary files or tar bundle the user’s data. Although
this solves the resource issues on the archival system, it creates one more
obstacle for researchers wanting to later examine the results. This is
because the results need to be extracted and it may be currently impracti-
cal to analyze some large SA or UQ studies if all results extracted over-
whelm a given system. Currently, no facilities exist to reproduce such
files. Network bandwidth is also a concern. The Climate Science for a
Sustainable Energy Future (CSSEF) project [CSS] is generating rela-
tively small 15 TB UQ datasets and sharing these on the ESGF grid.
Transmitting this size unfortunately restricts the user community to
those with high bandwidth.

12.5.2.2 Resiliency Support
Scientists need provenance tools to better support resiliency. Fault detec-
tion, fault information propagation, fault tolerance and resilience, and fault
prediction are critical to the successful and effective utilization of exascale
systems. The CSSEF project investigated the required infrastructure that
uses a new approach to resilience, selecting appropriate strategies for fault
tolerance and mitigation, based on real-time information on application
execution and fault detection status, and captured in provenance records
available throughout the software stack.

Currently, a number of resilience and fault mitigation strategies are
under development at PNNL, including NWChem [VAL2010] molecular
dynamics parallel codes. As an example an NWChem simulation might
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decide to terminate if too many errors have occurred that have affected
its accuracy. Moreover, the system scheduler might decide to flag a node
or core for maintenance if too many faults have been detected. In this
case, the system would no longer schedule any tasks to the affected system
region until the problem has been resolved.

12.5.2.3 Provenance Life Span

Extreme scale computers, emerging global cloud and grid services, and
high resource demand simulations, such as sensitivity analysis and UQ;
create challenges for the provenance research community. Ideally, any
provenance connected to a digital object, including auxiliary knowledge,
would be captured and made available in perpetuity to enable maximum
usage of the resulting data and data products. However, the amount of
effort and resources required would be prohibitive, and so it is necessary
to carefully consider the trade-offs between the value of the knowledge, its
usage, and its life span.

Unlike current practices, provenance for data-intensive computing is
recorded for different purposes based on different kinds of client needs.
Clients may include code developers, data producers, data curators, and
data consumers (domain scientists or software services) to name a few.
For HPC and data-intensive applications, a growing interest will be to use
provenance at runtime and as a result will never be archived. Other prov-
enance captured in the run used for post-processing and analysis may need
to be kept indefinitely.

12.6 CONCLUSIONS

Despite the methodical and painstaking efforts made by scientists to

record their scientific findings and protocols, a knowledge gap problem
continues to persist today between producers of scientific results and con-
sumers because technology is performing the exchange of data as opposed
to scientists making direct contact. Provenance is a means to formalize
how this knowledge is transferred. However, for it to be meaningful to
scientists, the provenance research community needs continued contribu-
tions from the scientific community to extend and leverage provenance-
based vocabularies and technology from the provenance community.
Going forward, the provenance community must also be vigilant to meet
scalability needs of data-intensive science.
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13.1 INTRODUCTION

Petascale simulations utilize the massive computational power available

from supercomputers to simulate scientific phenomena at previously
unseen levels of detail. Resulting from simulations being performed at
such a scale is the ability to easily generate several terabytes of a data in
a single day. Unfortunately, the rate at which data are generated across
simulations exceeds the bandwidth available to ingest data into exter-
nal storage devices. This disparity oftentimes leads to simulations being
delayed while waiting for input/output (I/O) operations to complete.

For example, the computational capability of leadership computing
facilities grew from 14 TFlops to 1.8 PFlops (the Cray Jaguar at Oak Ridge
National Laboratory) from 2004 to 2009, an increase of over 100X [27]. This
trend is likely to continue into the exascale, and in 2011, the K computer
in Japan has reached 10.51 PFlops. On the other hand, from 2004 to 2009,



In Situ Exploratory Data Analysis for Scientific Discovery m 303

the aggregate I/O rate on leadership computing facilities has only increased
from 140 GB/s (the ASC Purple at LLNL) to 200 GB/s (the Cray Jaguar) [27],
through the support of high-performance parallel file systems, such as IBM
general parallel file system [57], parallel virtual file system [9], and Lustre
[58]. At these performance trajectories, leadership-class facilities will
quickly hit a performance ceiling, where increases in computational capa-
bility will go unutilized due to the much slower increases in I/O. Thus, it is
imperative that we remove or at least lessen the severity of I/O limitations.

There are many ways to help address I/O performance limitations,
including developing new storage technologies such as solid-state drives
(SSDs), optimizing parallel file system implementations to provide peak
disk bandwidth, and overlapping I/O and computation. However, more
to the point of this chapter, we can rather exploit this gap in performance
by using the otherwise idle CPU cycles on other meaningful computation.
This allows us to not only make use of the computational resources avail-
able, but also perform operations on the data previously considered to be
post-processing, while the original data are still in memory.

This process of operating on data in memory at simulation time is
called in situ processing. Although technically any parallel algorithm that
can be inserted into a simulation code can be considered in situ, there
are a number of optimization goals particular to the high-performance
computing field.

1. First and foremost, in situ algorithms must minimize the time added
to the simulation as a whole. Project budgets are typically strict about
computational time allocated.

2. Related to the first point, in situ algorithms should minimize or avoid
global communication, opting for local communication or even
being communication free. Requiring idling while waiting for net-
work operations to complete (e.g., global communication) defeats the
purpose of performing in situ computations.

3. In situ algorithms should also leave a minimal memory footprint. In
systems with hundreds of thousands of cores, available memory per
core is limited, with simulation codes using the majority of it.

There are a number of ways that in situ methods can satisty these goals,
but they are, of course, application dependent. This brings us to another
question: what kinds of computation are applicable for performing in situ?
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To answer this question, it is useful to review the categories of data pro-
duced by applications:

Checkpoint and restart (C & R) data: These data are written out by sim-

ulations at routine intervals (e.g., every hour) so that simulations can
avoid having to restart from scratch in the case of any execution fail-
ure. These data, which are usually voluminous, can benefit from the
application of lossless compression techniques to reduce the burden
on I/O.

Analysis and visualization data (A): These data are often written in more

frequent intervals than C & R data and are repeatedly accessed by
visualization and analysis routines. Unlike C & R data, the data used
for analysis are inherently lossy as scientists typically sample data on
some fixed timestep interval to keep the data size within manageable
proportions. Although lossless compression techniques can be applied
to these data, it usually requires repeated access and could benefit from
lossy compression algorithms that can provide higher compression
ratios, as long as the loss is within an acceptable bound. These data
are mined for exploration and analysis, leading to scientific discovery.
Some simulations treat the checkpointed and analysis data the same.

Verification and validation data (V): These data are written out every

few timesteps to check the sanity of the running simulation. These
data are usually small, amounting to a few megabytes every timestep.

Table 13.1 shows example statistics on each type of data generated by
the GTS [70] simulation, a particle-based simulation for studying plasma
microturbulence in the core of magnetically confined fusion plasmas of

toroidal devices simulation.
From these types of data, there are two broad types of computations appli-

cable

for in situ computation, which we focus on in this chapter. One is data

TABLE 13.1  Summary of GTS Output Data by Different Categories

Category Write Freq. Read Access  Total Size In Situ Algorithms
C&R 1-2 hours Once or never ~TBs Data reduction
A 10th timestep ~ Many times ~TBs Data reduction

V&V

Transformation, analysis,
and visualization

2nd timestep A few times ~GBs Analysis
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analysis, performed on analysis and visualization data. There are two sides to
this coin: one involves analyzing the data for specific phenomena without user
interaction, computable through data mining algorithms (see Section 13.2).
For example, feature extraction, where the definition of a feature is dependent
on the application domain (such as vortices in a fluid-flow simulation), can
be performed in situ and without user guidance. The other side of the coin
instead requires user interaction and resides in the space of database optimi-
zation. That is, the data can be prepared for user-defined query processing-
the retrieval of data given constraints in the spatio-temporal domain as well
as on variable values. Query processing on the data in situ is a complex prob-
lem, one that would require running queries on data that might or might
not exist in the simulation working set and one that produces a number of
interesting research directions, such as simulation steering, validation, and
diagnostics at simulation time. A more clear-cut goal is to build the global
database in situ, performing data reorganization, indexing, reduction, and so
on to optimize post-simulation query processing, rather than doing all these
data-intensive operations from disk. This is described in Section 13.5.

The second type of computation applicable is data transformation,
which overlaps with the (future) analysis portion through data reorgani-
zation, which prepares the data for efficient future access, and data reduc-
tion, through saving only the analysis results, such as features obtained
from feature extraction. However, there is another important class of
reorganization that is not addressed in the analysis space: compression.
Compression not only has the potential of reducing the overall data
footprint and thus the overall I/O cost, but it also exploits the growing
compute-I/O performance gap. Therefore, with some appropriate level of
overlap, compression (lossy or lossless), obviously in situ-capable, has the
potential of improving overall application performance. This is discussed
in Section 13.3.

Finally, an important question for system designers to answer is: where
in the software stack should in situ computation be enabled? Scientific
codes can reach into the hundreds of thousands of lines: a naive inclusion
of in situ computation would require an enormous programming effort
from the application designers to include the computation and efficiently
handle compute, network, and I/O resource utilization to allow efficiency.
Obviously, this is unacceptable. Furthermore, without the ability to
decouple the computation of simulations and their corresponding I/0O, in
situ algorithms will only add to the overall simulation time, rather than
be properly overlapped. Therefore, we must enable in situ computations at
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varying subsystems of the scientific code, so that we can allow the scien-
tific code itself to incur minimal changes, while allowing for a large degree
of flexibility and resource utilization. The following subsystems need to be
looked at in greater detail to allow this enabling to occur:

High-level I/O APIs: APIs such as adaptive I/O system (ADIOS) [37] are
highly extensible, allowing for the definition of custom operations to
occur while the data are “in-flight,” or on their way to disk. Libraries
such as these represent the entry point of in situ codes, plugging in
libraries and frameworks that can include in situ algorithms.

I/0O optimizing middleware: A popular I/O optimization is to dedicate
a subset of nodes in a compute cluster to be responsible for all I/O in
the system and even an additional layer of nodes to control resource
scheduling; this way, compute nodes send data, often asynchro-
nously, across a higher-bandwidth network rather than directly to
disk, reducing idle time and enabling efficient overlap. In situ code
can be enabled in these middlewares, hooked into the high-level I/O
APIs, so that the compute nodes need not incorporate the additional
code nor perform the actual in situ computation, leading to the low-
latency, transparent integration of in situ algorithms.

Section 13.4 discusses both the high-level I/O APIs that many scientific
applications use and the enabling middleware technologies.

The benefits of answering these questions and providing robust, effi-
cient in situ computation will not only benefit high-performance comput-
ing, but also find much benefit for other “big data” application domains
and online/streaming analysis scenarios. For example, the ever-increasing
sample rate of sensor data in both the climate and physics domains neces-
sitates the usage of analysis methods that can analyze and process data in
real time [18]. Although the conditions by which the data are generated
may be different, the components necessary to work with distributed data
before outputting to storage share numerous similarities with the in situ
processes and frameworks discussed in this chapter.

13.2 IN SITU DATA MINING

In any scientific simulation, the application scientist is looking to under-
stand certain phenomena (or patterns) that may not be easy to analyze in
the physical world. An example of such a pattern is the vortex of a fluid
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flow, including fluids such as liquid, gas, and plasma. Vortices are spinning
flows of fluids that are typically turbulent. Vortices have certain physi-
cal properties; for instance, their speed and rate of rotation is the highest
in the center and gradually decreases when moving away from the cen-
ter and they exhibit a minimum fluid pressure in the center. Scientists
may be interested in the vortices themselves, which in climatology signify
cyclones or hurricanes, or in more generic patterns such as regions with
abnormally high temperature or low pressure, where low pressure systems
may signify a coming storm.

Scientific simulations not only help to understand a physical phenome-
non but also provide information that will help replicate the phenomenon
under controlled settings. One example is thermo-nuclear fusion, widely
considered the “Holy Grail” of renewable energy generation. Fusion energy
production could provide an alternative, environmentally friendly, and
renewable energy source for our planet, but it is an extremely complex
problem in the realm of physics and chemistry. The technical challenge
for fusion energy production is stabilizing the flow of heated plasma in
magnetic fields inside a fusion energy reactor—scientifically, this problem
is oriented towards controlling plasma instability or turbulence. Scientists
have conducted simulations for several years now to model fusion reac-
tions, but lacked appropriate technology to find the onsets of turbulence
(called fronts) from analysis data [59].

Using some known properties of the physical patterns, analysis and
visualization data produced by a simulation can be mined for regions or
volumes that satisfy these properties, known as features. The process of
identifying these features is called feature extraction. In simple terms, fea-
ture extraction is the process of separating the important regions from
the background [63]. Traditionally, this analysis is performed as a post-
processing step. However, the ability to perform these in situ would have
numerous benefits. First, features in many cases are the only important
data scientists wish to analyze, so storing only the features results in huge
data reduction [38,79]. Second, feature extraction done at simulation time
allows real-time analysis of features, that is, analysis of the data while the
simulation is running. This is especially important for simulations with
running times in the order of days and weeks or for future applications
that allow scientists to steer or verify the simulation as the simulation is
running.

Scientific simulations deal with dynamic phenomena, that is, phenom-
ena that change over time. Hence, performing feature extraction alone is
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not sufficient. We also need to be able to study the changes the features
undergo over time. This process is called feature tracking. Typically both
feature extraction and tracking are performed to better understand the
simulation.

Feature tracking involves looking for the following events [54,63] illus-
trated in Figure 13.1:

Continuation: A feature identified in timestep ¢ — 1 exists in timestep ¢.
Creation: A new feature appears in timestep t.

Dissipation: A feature from timestep ¢t — 1 is no longer present in
timestep .

Bifurcation: A feature from timestep t — 1 separates into two more
features in ¢.

Amalgamation: Two or more features from timestep ¢ — 1 merge into
one feature in timestep t.

13.2.1 Property-Based Methods

Features could be defined as volumes in the data that satisfy a thresh-
old for certain attributes (e.g., pressure, temperature). The region of inter-
est may be constrained by a single attribute or a combination of several
attributes. There are two strategies that are typically deployed for feature
extraction, similar to density-based clustering techniques that separate
the useful regions from noise.

Region growing (or filling) [63] is an iterative method that uses certain
data points (data cells, voxels, pixels, or particles) in the current timestep

@ Continuation @

Creation @
O Dissipation
l:, Bifurcation |:| |:|
:<> Amalgamation <§>

Timestep ¢t — 1 Timestep ¢

FIGURE 13.1 Feature tracking events.
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as seeds, and the feature is “grown” by utilizing the neighboring points
until the value of the attribute falls below (or rises above) a certain thresh-
old. Seed points are typically defined as points with simulation-specific
extreme values. For example, in combustion simulations to identify high-
temperature regions, the simulation points with the highest temperatures
are chosen as seeds and the feature is grown using the neighbors of the
seeds, stopping when the temperature falls below a certain user-defined
threshold.

Connected Components [76] is a method where all data points that sat-
isty certain criteria (e.g., pressure below a threshold) are identified, fol-
lowed by grouping neighboring points into one feature. Neighboring
points here are defined as those not separated by other data that do not
satisfy the criteria.

Once the features are identified in some timestep, they need to be
tracked in the following timesteps. As discussed, this involves looking
for any of the five events defined. Feature extraction takes place at each
timestep and then the lists from the current and previous timesteps are
correlated. This is called the correspondence problem. A brute-force method
would be to compare each feature identified in the previous timestep with
all features and all combinations of features (bifurcation event) in the cur-
rent timestep [63]. The comparison is based on certain domain-specific
attributes. Because the brute-force method must perform comparisons on
all subsets of the feature set, the number of comparisons is exponential,
which is certainly not applicable for in situ computation. A more reason-
able method is to split the correspondence into two steps. The first step is
to look for those feature pairs that overlap [54,63], as shown in Figure 13.2.
An efficient way to perform this overlap is to sort the feature lists into

Timestep £ — 1 O Q}Q

Timestep ¢ e ) §
3 \

Overlap @;’ l{h[/i:): ‘l:‘ &:_.7

FIGURE 13.2  Feature tracking using overlap.
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two consecutive timesteps and then merge the two lists [10-12]. Using this
method, the amount of overlap between a pair of features can more eas-
ily be determined. This gives us candidates for corresponding features.
The second step is to identify for each feature the best-matched feature
pair. This can be done by calculating the normalized correspondence met-
ric (NCM) [63,64], originally defined for overlapping volumes. Let f; and f;
be features occupying a volume in space. The NCM for the pair is given by

Volume(f; N f;)

NCM(f, f;)= JVolume(;) - Volume(f)

(13.1)

In the sorting-based strategy, the entire list of features from each
timestep has to be calculated before the feature is tracked by solving the
correspondence problem. This requires us to analyze all the data produced
in every timestep. In reality, only a few features out of the entire list will
be of interest. Therefore, instead of segmenting the entire data in the cur-
rent timestep, a more efficient method would be to take advantage of the
feature information from the previous timestep(s) to predict the position
of the feature in the current timestep [43].

This problem can be mathematically modeled using one of three varia-
tions (Figure 13.3). The direct method merely performs direct projection
of the same feature in the previous timestep to obtain the feature in the

t t+1
Linear
Timestep
t where
prediction
i1 occurs
t+2
Quadratic
t
t+1
t+2

t+3

FIGURE 13.3 Feature prediction in the current timestep utilizing information
from previous timesteps.
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current timestep. However, this does not account for features migrating
during simulations. To predict the current position of a feature more accu-
rately, two additional methods can be used. The linear method uses the
projection of the feature in the previous frame, but the position is offset
using the difference in centers of the feature’s region in the previous two
timesteps using a linear model. The quadratic method also uses the pro-
jection of the feature in the previous frame, but the position is offset by
modeling a quadratic curve that passes through the centers of the same
feature in the previous three timesteps. From the description, it is fairly
clear that feature tracking using the direct method can begin in the sec-
ond timestep, the linear can begin only in the third timestep, and the qua-
dratic can begin only in the fourth timestep.

A drawback for these kinds of predictions is that they only consider
motion with respect to the feature centers, ignoring other parameters such
as angular motion, change in volume, or the merge or split that can occur
in subsequent timesteps. Furthermore, these projection-based methods
cannot identify new features in the current timestep.

The prediction made is only an estimate; to identify the actual feature,
an additional step called region morphing is performed. Region morph-
ing is similar to region growing but includes both boundary growing and
shrinking. It uses a simple breadth-first search strategy to include neigh-
boring data points that satisty the attribute thresholds and excludes those
data points from the feature that do not satisfy the attribute thresholds.
The search begins with a seed point in the feature region.

The algorithms discussed in this section so far deal with identifying
features based on some attribute value. There are also some application-
specific features that may not be dependent on the attribute value but only
on the distance or location with respect to other particles. In dark mat-
ter cosmological simulations, one particular phenomenon of interest is the
evolution of dark matter halos. These halos are of great importance because
it is said that almost all the mass in the universe ends up in these halos,
which are objects with dynamical equilibrium. These also have the property
that smaller halos over time merge to form larger halos. Objects like the gal-
axies are said to form and evolve in these halos [32]. However, not much is
known or understood about these, except that they are clusters of particles
in space where all particles are within a certain threshold distance from all
the other particles in the halo. This threshold is known as the linking length.

The implementation to identify these features uses a friend-of-friend
(FOF) algorithm, which employs these linking lengths to identify halos.
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A friend of a particle is a particle within the linking length. It is sufficient
to identify the halos by then comparing friends of the friends and cluster-
ing them together. This lends itself to an efficient parallel implementation
[3,4,74], where the overall space is partitioned among the processes (wWhen
in situ, this is predetermined), and spatial overlap is utilized to minimize
local communication, only needing to update particle locations after each
timestep. This is similar to stencil computation, which defines a set of ghost
cells on array boundaries, which are updated each step in the computa-
tion. In addition to the identification, the halos are also further classified
based on the number of particles they contain. The light halo has about
10-40 particles, the medium halo has about 41-300 particles, the heavy
halo has about 301-2500 particles, and the extra heavy halo has more than
2500 particles [3]. The data reduction by storing only the halos is signifi-
cant: up to 50% of the nonhalo data can be thrown out.

13.2.2 State Change Detection

In the previous section, we identified salient features by analyzing some
specific attribute values. There are other feature extraction algorithms
where the features represent specific significant events that take place
within the system and, in some cases, it represents the system moving
from one state to another. For example, in the lifted ethylene jet flame
simulation, the extinction and reignition events are important and com-
plementary. The flame may get extinguished because the heat release
rate cannot keep up with the heat losses, and if the extinguished regions
continue obtaining a supply of fuel and oxygen, the flame could reignite.
These events are important and require further analysis [33].

The regions in each timestep in the Lifted Ethylene Jet Flame Simulation
can be characterized by some subset of chemical species that is present in
the input. Each timestep is divided into data blocks and principle compo-
nent analysis (PCA) is performed on each block [69]. The eigenvalues and
eigenvectors provide enough information to understand the chemical spe-
cies that the block correlates with. This information, when taken over the
entire simulation, can characterize the various possible events that have
taken place during the simulation. However, the number of such states
may be very large; hence, some local clustering using the chemical spe-
cies as attributes is used to provide a more abstracted view. This view can
also help understand the timesteps where the ignition or extinction events
took place. To reduce the dimensionality of the data block, PCA is used
to project the data onto a lower dimensional space by removing highly
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correlated dimensions. However, instead of performing it per block, the
global (per timestep) PCA is calculated using the local covariance matri-
ces of each block combined using an update function [51]. The global pro-
jection is then applied to each data block. This reduces the problem to
performing one single PCA.

Another example of a feature representing the underlying system’s
state change is a front. Fronts, as discussed in the introduction, signify the
beginning of a turbulence. Thus, there is a change in the state of the system,
which needs to be captured. An algorithm has been developed that enables
automatic turbulent front detection and is able to track and quantify front
propagation over spatiotemporal regions [59]. Mathematically, fronts tend
to occur at points during the simulation where the potential energy func-
tion reaches maximum curvature. However, calculating curvature numer-
ically (via second derivative) is unreliable and ineffective, as it produces
noisy patterns that challenge finding the points of interest. Thus, because
of the inherent complexity of the simulation data, automated detection of
fronts calls for a statistically robust and productive method.

The front detection method is shown in Figure 13.4. The method first
smooths raw simulation data to reduce noise and make analysis more

Data preprocessing steps

Simulation (a) Convoluted linear (b) Sliding window  (c) Slope and intercept
data filter linear approx. anti-correlation

Front detection and tracking steps

Efficient run
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FIGURE 13.4 (See color insert.) An end-to-end, multistep analytical pipeline
for spatiotemporal turbulent front detection and tracking.
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manageable (Figure 13.4a). The smoothing technique uses a convoluted lin-
ear filtering algorithm, where values of the smoothed function are depen-
dent on the weighted average of surrounding values. Next, the data are
traversed in a sliding fashion and linear regression is applied on each win-
dow of points (Figure 13.4b). The slope and intercept values are collected and
normalized to the [-1,1] range because of their varying magnitudes. The col-
lected values suggest that slope and intercept values over the windows will
be anticorrelated—a positive slope likely results in a negative intercept and
vice versa (Figure 13.4¢). This strongly anticorrelated pattern suggests that
multiplying these slope and intercept values to create a SIP (slope-intercept—
product) “signal” could effectively enable identification of the curvature
points of interest. This signal is made entirely positive to further amplify
the differences in the data’s direction and magnitude. Next, a low (T = 0.01)
threshold is applied for all such signals over varying timesteps (Figure 13.4d).
The theoretical justification behind this process is that points of curvature
will be found where the data change from having a slope parallel to the y-axis
to the x-axis and vice versa. At these points, the slope will be near 0, and thus
the product will also be near 0. The thresholding operation converts all the
SIP signals to matrices of Boolean TRUE/FALSE values, where TRUE corre-
sponds to signal values v, v > T, and FALSE represents values for which v < T.
Finally, a two-color heatmap is constructed, representing TRUE and FALSE,
respectively (Figure 13.4e). The heatmap clearly depicts propagations of tur-
bulent fronts over data. This analysis technique also enables users to specify
regions of interest and accordingly calculates the direction, duration, and
speed of propagation of fronts located within that region. This entire process
is simply parallelized over different timesteps using the pRapply software.

13.2.3 Importance-Driven Feature Extraction

A strategy for feature extraction that is different from those previously
defined is to quantify the various regions in the data based on the amount
of information they convey. An information-theoretic method quantifies
the significance of a feature based on the amount of information it con-
veys by itself and the amount of information it conveys in comparison to
the same feature in a previous timestep [71]. Each timestep is divided into
spatial data blocks corresponding to processors at simulation time. Each
data block is characterized by a set of attributes, for example, pressure,
temperature, and so on, which is used to build a multidimensional histo-
gram for each block. Each bin in the histogram contains the data (voxels,
pixels, particles) that satisfy a certain combination of attribute values. This
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histogram is used to calculate the entropy that will quantify the amount
of information a data block holds on its own. A high entropy value signi-
fies a more important block. The mutual information is used to quantify
the amount of information a data block has with respect to the block in
the same spatial location but in the previous timestep. This is calculated
by building a joint feature temporal histogram. A low mutual information
value signifies a more important block. The normalized heights of each
bin in the histogram provide the required probabilities to calculate both
mutual information and entropy. The importance of a timestep is calcu-
lated as a function of the importance of each data block it contains.

This method helps separate out regions that offer significant informa-
tion. Additionally, this method helps bring to attention the abnormal
events that took place in the spatiotemporal simulation. It helps the ques-
tions of when and where the abnormal (or interesting) events happened in
the simulation. The timesteps with the highest importance scores answer
the when question. Within this timestep, the data blocks with the highest
significance values answer the where question.

13.2.4 Communication Strategies

An important optimization goal of in situ analysis techniques is to mini-
mize the amount of interprocess communication at simulation time.
Interprocess communication is required to analyze features spanning mul-
tiple processors. In the worst case, these features could span every proces-
sor. There are three general interprocess communication strategies found
in the literature. In the complete merge [10-12] strategy (Figure 13.5), each
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FIGURE 13.5 Complete merge strategy.
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processor identifies its local set of features and then communicates the
information to all the other processors, using all-to-all communication
methods. Using tree-based communication algorithms, logarithmic com-
munication steps are needed for the all-to-all communication, relative to
the processor count. At the end of this communication, all processors have
the global feature table with correlated information. Obviously, this is highly
communication-intensive, which is undesirable for in situ computations.

In the partial merge [10-12] strategy, each processor communicates only
the feature information with its immediate neighbors (Figure 13.6). At this
stage, the partially merged feature tables are sent to another server (called
viz-accumulator) that takes care of the merging. This server may then pass on
the globally merged feature table back to each processor or to a visualization
system. The communication is much less intensive, though it still requires
global communication. Both the complete and the partial merge strategies
have been deployed by the algorithms [10-12] discussed in Section 13.2.1.

The third strategy is called no merge. In this strategy, each processor
identifies the features at each timestep but no merging takes place during
the simulation run. As a post-processing step, the entire simulation fea-
ture set is analyzed and merging takes place. This maintains simulation
speed, but as a result moves the problem of merging elsewhere, so using no
merge will be application-dependent.

In conclusion, we find that in situ data mining is an intelligent way of
extracting useful information from the raw simulation data. The features
identified characterize important physical patterns and provide a way to
analyze and understand them better. Apart from the techniques discussed
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in this section, parallel implementations for several existing data mining
algorithms [13,31,36,40,44-46,48,60-62,72,73] could potentially be trans-
lated for in situ data analysis.

13.3 IN SITU COMPRESSION OF SCIENTIFIC DATA

Thelast decade in the high performance computing realm has witnessed an
increasing imbalance between computational power and file system band-
width. As this imbalance is expected to grow even further in the exascale
era, data compression becomes a necessity rather than an option. With
compression being co-located with the simulation process, idle CPU cycles
can be utilized to bridge the gap between data generation and ingestion.

However, compression of single and double-precision spatiotemporal
scientific data has proven to be a challenge due to its inherent complexity
and high entropy associated with the values. General lossless compres-
sion libraries, such as BZIP2 and ZLIB, tend to fare poorly on such scien-
tific datasets, offering less than 10% reduction in data size in majority of
the simulation data [56]. To alleviate this problem, several compression
techniques have been proposed, both in the lossless and lossy front, spe-
cifically designed to work on data from scientific simulations. Although
suitable for compressing in the post-processing phase for archival and
storage, some of the techniques are inefficient for in situ application. In
this section, we evaluate the effectiveness of some of the existing lossy and
lossless compression techniques and analyze the applicability of compres-
sion algorithms in in situ processing environments.

13.3.1 Lossless Compression

Lossless compression of floating-point data is the only applicable type of
compression in C & R data, since the copy of the data must be exact for
reproducibility. Lossless compression is also applicable to high-fidelity
simulation data or for analysis methods sensitive to noise, such as Fourier
analysis. However, lossless compression requires a more complex process-
ing scheme that general purpose compressors traditionally do not exploit.
To understand what makes floating-point compression hard, one can look
at the bit-level probability distribution values on scientific datasets. An
ideal distribution on a bit for compression would be every bit position in
the data holding the same value (0 or 1), while the least ideal distribution
would be equal occurrences of each bit. Highly repeating values, repre-
sented by higher probability distribution values closer to 1, can be eas-
ily predicted and compressed. However, an equal probability distribution
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(closer to 0.5) makes the bits unpredictable and hence hard-to-compress
(HTC). Of course, other properties, such as spatiotemporal correlations
in bit probabilities, may be present. Compressors can take advantage of
these properties, though property discovery for general-purpose compres-
sion is a nontrivial problem, and least significant bits in double-precision
variables tend to have nearly no correlation of any kind with each other.

Figure 13.7 shows the bit-level probability distribution patterns for a
typical floating-point variable in scientific datasets (the one given is from
FLASH astrophysics simulation code [5]). Widely used general purpose
compressors like ZLIB and BZIP2 are oblivious to this fact and perform
poorly as a result. In this section, we study some of the state-of-the-art
compression utilities, namely FPC [7], FPzip [34], and ISOBAR [56], and
their applicability in in situ processing environments. A summary of the
strategies behind these algorithms is given in Table 13.2.

Bit probability distribution
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FIGURE 13.7  Plot of probability distribution of each bit position from the gamc
variable in FLASH simulation data.

TABLE 13.2  Summary of Different Compression Algorithms

Compression Lossless? Strategy

ISOBAR Yes Frequency analyzer, black-box compressor
FPC Yes FCM/DFCM predictor

FPzip Yes Lorenzo predictor, arithmetic encoder
BZIP2 Yes Burrows-Wheeler transform

ZLIB Yes LZ77 and Huffman encoder

Wavelets No Wavelet transform

ISABELA No Sort preconditioner, B-Spline reduction
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13.3.1.1 ISOBAR

The in situ orthogonal byte aggregate reduction (ISOBAR) compression
utilizes a preconditioner to extricate compressible data from HTC datasets.
ISOBAR is composed of two main components to provide improved com-
pression efficiency:

1. The ISOBAR-analyzer, which identifies the portions of the data that
can be compressed by an entropy-based encoder versus the portions
that cannot.

2. The ISOBAR-partitioner, which reorganizes the compressible and
incompressible portions of the input data identified by the analyzer.

ISOBAR-compress is highly flexible in that varying compression
libraries such as ZLIB or BZIP2 or even FPC and FPzip can be utilized
to encode compressible bytes, based on user preferences (compression
ratio vs. speed). The overall workflow of ISOBAR compression is shown
in Figure 13.8.

ISOBAR-analyzer: The objective of ISOBAR-analyzer is to identify byte
column clusters in the floating-point dataset that are ineffective when com-
pressed. That is, in a double precision dataset, each significant byte in all
doubles in the stream is considered for compression together, rather than
compressing on a double-by-double basis. ISOBAR-analyzer works on a
byte-level granularity to efficiently identify high-entropic byte columns
that cannot be efficiently compressed. The ensuing ISOBAR-compress
operation reorders the compressible and incompressible portions and
pipelines them to be used by general purpose compressors. This byte-level
ordering ensures better compression ratios with entropy encoding.
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FIGURE 13.8 ISOBAR-compress preconditioner workflow.
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To ascertain which bytes are compressible, ISOBAR-analyzer first
transforms an n-dimensional input data into a linearized stream of floats
and then generates a frequency distribution for each byte column in the
set of floats. For example, consider the case when ISOBAR-analyzer works
on a one-dimensional (1D) dataset of N elements of w bytes each (w = 8 for
double-precision, w = 4 for single-precision float). The analyzer starts with
the initialization of a frequency counter array of length w, with zeroes. The
data are scanned through, and the frequency counter is updated to calcu-
late the distribution of each of the possible 28 = 256 unique bit patterns for
every byte column. When this value is less than N/256, ISOBAR consid-
ers the column-based dataset to negatively affect the overall compressibil-
ity. Removing this set of bytes in the compression phase would invariably
result in both better compression ratios and throughput.

ISOBAR-partitioner: Once the compressible byte columns are identi-
fied by ISOBAR-analyzer, the ISOBAR-partitioner determines whether
the column would contribute to improved compression ratios. Columns
identified as improvable are subsequently passed to the compress phase
after repartitioning. In some cases, it is possible that the analyzer con-
cludes that either none or all the columns in the dataset are compressible.
When this happens, during the analyzer phase, the partitioner classifies
the compressibility type of the dataset to be undetermined and passes the
entire dataset to the compressor.

The ISOBAR-partitioner essentially converts the input data into two
segments. One is the compressible byte columns that are packed together
and fed to the underlying compression library. The other is the set of
incompressible bytes that are stored as-is. In this phase, different lineariza-
tion strategies can be employed like row-order or Hilbert or Z-order map-
ping (see Section 13.5.1.3) before passing the data on to the compressors.

The partitioner realigns the data, as determined by the linearization
strategy. For example, suppose ISOBAR-analyzer returns that columns
1, 2, and 4 are compressible, and row-major linearization order is used.
The ISOBAR-partitioner would cluster all 1st byte values belonging to the
N input elements and reorganize them in row-major order. These data
would then be appended with the 2nd column, followed by the 4th. So, in
this case, only 3 X N bytes are passed to the compression process (a ratio
of 3/w), guaranteeing an improvement in both throughput by compressing
less, and compression performance by keeping high-entropy content out
of the compression algorithm.
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13.3.1.2 FPC

FPC is a fast lossless floating-point compression algorithm for 64-bit
double precision data. Unlike other compression algorithms like ZLIB
and BZIP2, FPC is a single-pass linear-time algorithm that is designed to
deliver high-throughput on both compression and decompression. One
important characteristic of the FPC algorithm is that it does not depend
on the underlying structure of the data. FPC compresses a linear sequence
of doubles by predicting each encountered value and storing the XOR dif-
ference between the predicted and the actual value. The leading zeros in
the difference are then encoded to achieve compression.

The prediction algorithm used in FPC is a variant of the FCM [78] and
DFCM [19] predictors, using finite context models of order » to predict
the next occurrence in a stream of values based on the preceding n occur-
rences. For example, a five-order FCM would predict an element using
the previous five values. In the case of a differential model, the context is
modeled as the difference between successive occurrences. The FCM and
DFCM predictors have shown accurate performance in predicting and
prefetching instructions, thus eliminating dependencies and improving
parallel execution. With FPC, this concept is extended to predict bit pat-
terns of the first two significant bytes of floating-point numbers containing
the sign bit, exponent bits, and top 4 mantissa bits in an efficient manner.
FPC, for each prediction, uses both FCM and DFCM and selects the best
predicting one, using an additional bit per prediction to store the choice.
The primary feature of FPC is its efficient implementation that results in
high compression throughputs. To accomplish this, FPC is cache-aware,
bounding the memory needed by the hash functions of FCM and DFCM
to store the recent m contexts (where m < 26 and user specified) to fit
within the cache. Because difference coding is used, FPC can fail to pro-
vide adequate compression performance on data from petascale simula-
tion application that contain little or no repeating values or those without
much point-to-point correlation.

13.3.1.3 FPzip

The FPzip compression utility was designed to compress values from
2D- and 3D-structured grids, fields, and unstructured meshes. FPzip
compression processes data in a coherent fashion and employs a Lorenzo
predictor to predict values, and the difference between the predicted and
the actual values is encoded using a high speed entropy encoder.
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The Lorenzo predictor [24], used in FPzip, is a generalization of par-
allelogram prediction algorithms to an arbitrary number of dimensions.
The prediction algorithm relies on the values of its neighbors in a grid
to predict the current value. This is in contrast to FPC, which implicitly
uses only spatial correlation in its prediction, if the linearization scheme
captures it. For example, with a 2D Lorenzo predictor, a point (x,y) whose
value is given by f(x,y) is predicted as

f'(x,y)=f(x,y—=1)— f(x=Ly)+ f(x—1,y-1) (13.2)

For an n-dimensional grid, an (n — 1)-dimension slice must be main-
tained in memory. Since the addition and subtraction of a large number
of floating-point numbers might lead to overflow and underflow, the
floating-point values are monotonically mapped to unsigned integers and
extra care is taken to identify the propagation of the carry bit. In the case
a lossy compression is desired, FPzip allows some of the least significant
bits to be discarded during the mapping phase. FPzip exploits an inherent
characteristic of data where exponent values can be correlated with neigh-
boring values, and with a light-weight metadata for the predictor, FPzip
performs effectively on several datasets.

13.3.2 Lossy Compression

Lossy compression techniques are irreversible operations that trade some
form of loss in information or precision to achieve significant reduction in
data sizes. Some of the common forms of reduction include quantization,
histogram binning, subsampling, and transform-based techniques like
wavelet transform and discrete cosine transform (DCT) [39]. The advan-
tage of lossy compression techniques over lossless ones is the ability to
provide multifold reduction even on HTC datasets. In cases where domain
knowledge about the generated data can be utilized, reduction by over an
order of magnitude space is not uncommon. Additionally, space savings
can be incorporated when it is known apriori that the data will be used for
visualization and analysis routines that do not require high fidelity or full
precision data. This amounts to considerable savings in data storage and
time otherwise spent in expensive data movement.

13.3.2.1 Subsampling
Subsampling in the spatial or temporal resolution is a common method
employed by application scientists to achieve data reduction. For example,
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in the case of fusion simulations such as GTS [70], the data that are used
for analysis are saved to storage only every 10th timestep. In the case of
astronomical simulations like Supernova, this number can be as high as
100. Although skipping timesteps help keep the output data within man-
ageable proportions and alleviate the bottleneck on I/O, this technique is
not scalable. Skipping a large number of timesteps can result in extreme
events or features being missed from identification during the analysis
phase.

13.3.2.2 Quantization

Quantization in its simplest form can be defined as a process that maps
a set of values representing a large, possibly infinite, range into a smaller
range of values. The smaller range of values is called a codebook vector, and
each individual value is called a code word. Although converting the val-
ues into codewords results in loss of information, its subsequent encoding
results in data compression. The design of the quantizer function deter-
mines the amount of compression achieved and information loss that is
incurred. The simplest form of quantization is the scalar quantization,
which applies a quantizer function to each input value, individually. An
example scalar quantizer is a function round() that maps values in the real
domain to integral domain. Encoding the values in the integral domain
provides better compression ratios than its original form.

Scalar quantization techniques are usually easy to apply, and its fast
operation makes it an attractive technique for in situ processing. The quan-
tizer function can be further classified as either uniform or nonuniform.
Uniform quantization uses the same number of bits to encode every value
in the input. This can lead to varying error rates, with regions in the input
value that have low entropy incurring a higher penalty. Therefore, a non-
uniform quantization can be applied that can adapt to different levels of
compression in regions with varying information content, thus leading to
more accurate approximation. While nonuniform quantization requires
additional metadata to reflect the level of compression, superior quantiza-
tion performance usually justifies the trade-off. Methods like the Lloyd-
Max method [22], which ensures the quantizer boundaries are changed to
match the data statistics, or adaptive scalar quantization that selects quan-
tization boundaries “on the fly” to reflect data statistics in local context are
effective examples of nonuniform quantization.

An extension of scalar quantization in higher dimensions is vec-
tor quantization, which has been shown to be a promising approach
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for compression. The principle behind vector quantization (VQ) is the
fact that coding blocks of spatially correlated values provide more com-
pression than when coding individual values. The overhead involved in
sampling and training the input data to generate the codebook vector is
nontrivial. To overcome this overhead, some variants of this technique
employ no codebook training and adapt the codebook based on local sta-
tistics. In either case, while compression rates provided by VQ are usually
high, the slow convergence nature of the algorithm, along with issues in
precision of computation, complicates its deployment as an in situ pro-
cessing method.

13.3.2.3 Discrete Transforms: Cosine and Wavelet

The DCT and discrete wavelet transform (DWT), namely Haar and
Daubechies [14], are two extensively used techniques in visualization
and multimedia routines to achieve high compression ratios. DCT works
by subdividing the input data into blocks and traversing the values in a
coherent order, such as zigzag (to take advantage of spatial correlation),
and then converting the values in each block in its spatial domain to its
frequency domain. The resulting compact representation stores a large
amount of information in a small number of coefficients. Coeflicients
with lower values can be eliminated by thresholding, and the remain-
ing few coeflicients are optionally quantized and encoded, thus achieving
high compression rates. The decoder part reads the frequency values and
applies the inverse transform to obtain the data in its original form. Since
the majority of the information is contained in a smaller number of coef-
ficients, the decompression results in data that exhibit good visual fidelity
compared to the original.

DWT differs from DCT, in which the transformation occurs from the
spatial domain to the time—frequency domain. With DWT, the transform
allows good localization in both the time and spatial frequency domains,
which enables DWT to achieve high compression rates. Wavelets are pre-
dominantly used for multiresolution analysis where wavelet transfor-
mation can be applied recursively within each block. The compression
properties still hold at higher resolutions, and visualization functions take
advantage of these properties by allowing different levels of detail to be
selected during runtime. Both transform-based compression techniques
are ideally suited for in situ data reduction since they offer high compres-
sion throughput.
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13.3.2.4 Transform Preconditioners: ISABELA

The core idea behind applying DWT and DCT is that the transformation
from the spatial domain to a more natural frequency-based domain yields
values that are highly compact in its representation. The coefficients (values
in the transformed domain) are clustered together, leading to an ideally opti-
mal encoding. Unfortunately, because of inherent high-entropy content in
many scientific datasets, the transformations generate a scattered represen-
tation, which lowers the compression rate that can be achieved. This means
that existing transform-based reduction methods are effective in their natu-
ral form only when they can exploit spatial and temporal correlation in the
underlying data. To circumvent this problem, new methods have emerged
that apply a preconditioner to the data before domain transformation, lead-
ing to a more natural, high compressible representation upon doing so.

Preconditioners are known to be effective tools to tackle a large number
of problems in linear algebra. For example, to calculate the determinant
of a large matrix, a transform may be applied to convert it to a lower or
upper-diagonal form, thus simplifying the problem into an easier task of
multiplying diagonal elements.

In the case of data reduction, what would be an ideal preconditioner
that transforms the high-entropy spatiotemporal data into a function of
high global regularity? One example of a state-of-the-art lossy compres-
sor using preconditioners is ISABELA [28], which is capable of providing
high-accuracy compression with multifold reduction of scientific data.
ISABELA uses a sorting preconditioner that sorts the noisy original input
signal into a monotonically increasing curve. The exponent values in sci-
entific floating-point datasets exhibit low entropy, as seen in Figure 13.7,
thereby producing a gradually increasing smooth curve of high regularity
upon sorting. This global regularity leads to rapidly vanishing moments
in the transformed space, and compared to the data approximation with-
out the above preconditioner, the transformed signal can now be modeled
with high precision using a smaller number of coeflicients.

ISABELA Methodology: The core methodology behind ISABELA is quite
similar to DWT- and DCT-based encoding. The data from the input signal
are divided into smaller chunks, transformed, and subsequently quantized
and encoded. With ISABELA, a sorting preconditioner is applied to the
input data, which produces a curve whose rate of change in values is the
slowest. A smooth curve of this sort can be approximated efficiently using
curve fitting techniques. ISABELA compression utilizes cubic B-splines,
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which are piecewise-polynomial functions, to approximate the sorted
curve. In contrast to higher-order nonlinear polynomial functions,
B-splines model complex curves by dividing the curve into piecewise
parametric curves of lower order, and hence, the shape of the curve can
be controlled locally without affecting the other parts of a curve. Since
cubic B-splines use only a third-order polynomial function, they are fairly
efficient in the time taken for both curve approximation and interpolation.

Compared to DCT-based reduction, which performs well on smaller
chunks that exhibit a large degree of spatial correlation (neighboring pix-
els in an image usually have little variation in intensity values), precon-
ditioning a larger chunk ensures a larger number of spatially clustered
values. This results in the need to store only a few B-spline coefficients
to model the entire data accurately. Thus, the ideal scenario for accurate
modeling is when the entire data are sorted. However, the overhead intro-
duced to maintain a large index that tracks the position from the original
to the sorted signal eliminates any gain in compression achieved by using a
smaller number of coeflicients. To balance between the compression ratio
and the accuracy levels, ISABELA divides the data into smaller chunks,
or windows, of fixed sizes. Within each window, a sorting preconditioner
is applied, and the curve is then reduced to a set of B-spline coefficients.

The total storage used by ISABELA is the sum of a heavy-weight index
(I) and a significantly reduced number of constant coeflicients (C), which
is light-weight. The index I = {i},i,,...,iy} is a bijective mapping that trans-
lates the position in the input array to the new location in the sorted array,
where N is the number of elements. Since the range of values in I is a
permutation of numbers from 1 to N, each value in the index can be repre-
sented using log,(N) bits. Clearly, the storage taken up by I is determined
by the number of elements in a compression window W. Using the com-
pression ratio metric of original data size divided by compressed data size,
the compression ratio of a 64-bit double precision dataset in each window
(and hence the entire data) is given by

~ W x 64
W xlog,(W)+Cx 64

(13.3)

An optimal choice of window size is one that balances the storage taken
up by I and incorporates a sufficient number of elements to generate a
smooth curve when conditioned. Therefore, to balance the compression
ratio and accuracy, the ideal strategy for choice of the input parameters
would be to choose the smallest window size.
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13.4 MIDDLEWARE FOR IN SITU PROCESSING

As noted, in situ processing is best performed below the application level

of the scientific software stack for numerous reasons. Efficiently adding in
situ capabilities to scientific codes relies on a few I/O-related optimizations:

o First, compute nodes in current HPC architectures perform I/O
Forwarding [47]; rather than directly interacting with parallel file
systems and causing costly disk and metadata server contention, the
data are sent to a smaller number of dedicated I/O nodes across a
much faster network interconnect. This not only simplifies super-
computer architectures by cutting down on the number of nodes
connected to the I/O hardware, but opportunities exist for allow-
ing the I/O nodes to coordinate and optimize file reading/writing.
Compute nodes can then initiate I/O requests which, from the com-
pute node point of view, finish much more quickly compared to
direct disk interaction. Using an asynchronous interface, the com-
pute nodes may also move on with their computation, providing a
higher degree of autonomy.

 Although I/O forwarding provides numerous advantages, it still
cannot increase the aggregate throughput restricted by the I/O
architecture. Furthermore, I/O patterns of the applications may still
cause problems in the I/O forwarding pipeline, such as resource
exhaustion on the I/O nodes. Therefore, while it mitigates much
of the problems in allowing thousands or more nodes unrestricted
access to the file system, the sheer size and scope of the data make
I/O prohibitively expensive and the use of a smaller number of I/O
nodes introduces unintended consequences. Therefore, large gains
in efficiency can be made by adding a layer of staging nodes [1]
between the compute and I/O nodes. The benefits here are twofold.
First, more advanced resource management protocols can be used
to minimize the effect of undesirable I/O patterns on compute node
stalling. Second, these nodes can additionally perform analytics and
visualization “in-flight,” while the data are still in memory, reducing
the I/O pressure on post-processing scenarios on the data, an espe-
cially important task when working with petabyte datasets. A large
degree of operators on the data can be performed here, such as those
discussed in the previous sections and can be pipelined with applica-
tion computation and I/O.
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To take advantage of these hardware capabilities, efficient abstractions
must be provided that both allow transparency of the particular architec-
ture to the user and allow flexibility in allowing users to use the underlying
hardware in interesting and efficient ways and not restricting them to an
overly concise set of functionalities. For instance, it would be unacceptable
to force application designers to perform manual bookkeeping across each
layer of nodes; instead, an I/O operation should look like an I/O operation
from the compute node point of view. At the same time, users who have
prior knowledge about their application demands should be able to use the
same libraries in a fashion optimal for their application. These software
abstractions are called middleware, and this section describes numerous
aspects of middleware, such as system design, interface to the application
designer, challenges in bridging the gap between simplicity and optimal-
ity, and so on. These technologies allow application designers to tap into
current-and-future generation hardware capabilities, while avoiding the
high development costs of writing optimal code directly targeting the
hardware.

Before a discussion on middleware ensues, it is important to describe
some enabling technologies, technologies that the middlewares rely on to
provide their functionality to application designers. These are described
in the next section. Once we have a brief familiarity with these software
codes, we move on to middleware implementing the I/O forwarding and
built on top of these enabling technologies and finally discuss staging mid-
dleware. These are described in Sections 13.4.2 and 13.4.3, respectively.

13.4.1 Enabling Technologies

13.4.1.1 Collaborative I/O with MPI-IO

MPI-1O [23] is a set of portable I/O APIs that are specifically designed for
high-performance parallel MPI programs. It incorporates MPI features,
such as interprocess communication and synchronization, into its I/O
routines for cooperative reading and writing among a large number of
processes. It applies collective I/O to group small noncontiguous accesses
to improve data access performance. It is also optimized for parallel file
systems to achieve high-throughput parallel data access. MPI-IO usually
refers to the interface; there are a number of implementations. One in
particular, ROMIO [68], is a high-performance and portable implementa-
tion of MPI-IO. It is optimized for noncontiguous data access patterns by
data sieving and collective I/O [67]. For multiple read requests, instead
of reading each piece separately, ROMIO reads a contiguous chunk of
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data, which starts from the first requested byte until the last requested
byte into a temporary memory buffer. It then extracts the portions the
user requested from the temporary buffer and copies them to the user’s
buffer. ROMIO has been included as part of MPICH2 and MPICH-1 MPI
implementations.

13.4.1.2 Hardware-Agnostic I/O Optimization with ADIOS

Existing I/O routines used in scientific codes vary from the standard
POSIX I/0O and MPI-IO interfaces to higher-level I/O libraries, providing
advanced data layout functionality. Two examples of advanced data for-
matting are HDF-5 [17] and parallel netCDF [30], which provide a set of
tools and libraries to help users create, organize, and manage high-volume
complex datasets using their data models and formats. They support and
optimize for various I/O and storage systems and are portable across dif-
ferent platforms. Different optimization techniques are applied based on
the I/O libraries and file systems used. When running the same scientific
code in different environments, different I/O routines and configurations
need to be applied to achieve optimal performance, which could require
significant changes to the application code.

The ADIOS [37] allows us to handle all these differing architecture and
configuration environments gracefully. Figure 13.9 shows the architec-
ture of ADIOS and its interaction with scientific codes and I/O libraries.
ADIOS provides a set of standard I/O routines, which can be dynamically
configured by XML configuration files, without the need to rewrite and
recompile the code. Through this design, ADIOS provides extreme flex-
ibility in allowing application scientists to tailor their code to a particular
I/O optimization technique without modifying their source code, as well
as achieve optimal performance on different platforms through dynamic
configurations.

—» Posix I/O File
system
ADIOS —>»MPI1/O
Scientific XML library » HDE-5 : .
computing —» config > — V
code file —>» pnetCDF
Buffering —>» Data tap
-1
Schedule L—» Visualization ———""2y
7

FIGURE 13.9 ADIOS architecture.
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More importantly, for staging and in situ analytics middleware,
ADIOS is extensible to include various auxiliary tools, such as analytic
and monitoring codes, which provide a framework for in situ data analy-
sis and processing. These analytics functions can be embedded within
the I/O calls themselves to provide transparent in situ analytics and
metadata generation to applications, again without requiring source
code changes.

ADIOS accomplishes this by describing data in the BP file format, a
portable format compatible with popular scientific file formats such as
HDE-5 and netCDEF. The BP file format is designed to support delayed
consistency (performing synchronization operations only at the start and
end of each I/O operation to reduce synchronization delay and improve
1/0O throughput), lightweight in situ data characterization, and resilience.
Each process writes its own output into a process group slot. These slots
are variably sized based on the amount of data required by each process.
Data characteristics for the variables, such as user-defined analytics, are
included in process output. These slots can be padded to parallel file sys-
tem stripe sizes to improve access performance.

13.4.1.3 Resource Overlap with Asynchronous Operations

Regardless of I/O forwarding or data staging, synchronizing I/O requests,
even just for transfers from compute to I/O nodes, produces idle times for
the compute nodes, something which must be avoided in peta- and exascale
applications. Therefore, asynchronous communication and I/O are of
paramount importance for efficient large-scale applications. Underlying
the need for asynchronous I/O and communication requests is the desire
to utilize all resources concurrently and minimize resource-to-resource
dependencies. In the context of computing, this means to overlap transfers
on the network and to disk with computation that further advances the
application.

In hardware, the mechanism of separating the requirement of CPU
involvement in memory transactions is called direct memory access (DMA).
DMA-enabled hardware subsystems (such as disk controllers and network
cards) can access memory independently of the CPU state, though
cache coherence on DMA-enabled systems becomes more complicated.
Expanding the concept of DMA across computational units, remote direct
memory access (RDMA), enables devices on one node (in particular, the
network adapter) to access the memory on another node, without CPU
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involvement. RDMA enables zero-copy, high-throughput, and low-latency
networking for high-performance parallel compute clusters. Examples of
modern RDMA infrastructures in supercomputing environments include
InfiniBand, iWarp, Quadrics Elan, IBM BlueGene Interconnect, and Cray
SeaStar [1].

To test the benefits of asynchronous operations in empirical terms, a
detailed evaluation was conducted to study strategies of resource overlap
in MPI-IO [50]. Different strategies are considered and evaluated for the
overlap of I/O with computation and communication to show the per-
formance benefits of asynchronous operations in a distributed context.
Specifically, the following overlap strategies are presented and experimen-
tally evaluated: (1) overlapping I/O and communication; (2) overlapping
I/0 and computation; (3) overlapping computation and communication;
and (4) overlapping I/O, communication, and computation. Experiments
show that all these techniques are effective and bring performance
improvements averaging 25% or greater on a number of applications and
maxing out at 85% or greater, parameterized by buffer sizes and number
of processors.

13.4.2 1/0O Forwarding Middleware

As mentioned, I/O forwarding replaces direct disk access from compute
nodes with transfers over the network to dedicated I/O nodes, where the
data are subsequently read/written. Typically, as in the Blue-Gene archi-
tectures, there is a static compute-to-I/O node mapping. Thus, the pri-
mary goal of middleware implementing I/O forwarding is to make the
operations as transparent as possible, as well as to supply users with com-
mon optimizations such as asynchronous operators. In other words, the
user should be able to issue I/O commands from compute nodes as if the
nodes had direct connections to the file system and without knowledge of
where the data go en-route to/from the disk. A number of questions arise
from these relatively simple goals:

1. Given the static compute-to-I/O node mapping, what is the best
way to schedule the transfer of data to I/O nodes in collective 1/O
requests?

2. What opportunities exist for I/O nodes to optimize collective I/O
from an arbitrary collection of compute nodes to arbitrary locations
in disk?
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3. What are some I/O specific optimizations (such as prefetching) that
I/0 nodes can perform to minimize I/O request completion time?

4. What application-specific phenomena, such as bursty I/O patterns
that typically occur in scientific applications [41], can lead to prob-
lems such as exhausting memory resources in the pipeline? How
does I/O forwarding handle these phenomena?

One example of a software implementation of I/O forwarding is the I/O
delegate cache system (IODC) [47]. Figure 13.10 shows the architecture
of the IODC system. The IODC divides system cores into two categories,
application nodes and I/O delegate nodes (IOD nodes), using ROMIO
[68] as its backend. IODC intercepts all I/O requests initiated by appli-
cations running on application nodes and redirects them to IOD nodes.
These nodes store data in a collective cache system that aggregates small
redirects into larger ones for higher throughput. The IOD nodes run a
request detector, intercepting I/O requests from application nodes. Upon
interception, the IODs update their in-memory cache using MPI collec-
tive communication between themselves and perform the redirect opera-
tion. To simplify cache coherence, the caching system partitions files into
pages corresponding to the file system block size and only holds a single
cached copy of files among the nodes. The IODC system is embedded in
MPI-IO, allowing an abstraction of the underlying parallel file system and
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FIGURE 13.10 IODC architecture.
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all redirection/cache operations to the application nodes. Therefore, any
application using MPI-IO requires no changes to the source code.

13.4.3 Data Staging Middleware

The I/O forwarding mechanisms provide an efficient method of handling
data coming to or from disk, while minimizing idle time for compute
nodes. In this sense, the addition of data staging nodes represents an evo-
lution of I/O forwarding into a model with a higher degree of flexibility,
allowing more complex operations on the data as it makes its way to disk.
Part of the expressive power of data staging includes the ability to allow
users to define functionality on the staging nodes, opting for in-flight
operations such as data analytics, reduction, and reorganization.

However, with this added flexibility comes an added responsibility for
an application designer, as well as concerns for library developers. Note
that many characteristics of data staging coincide with I/O forwarding, so
the questions presented in Section 13.4.2 apply here as well. A sampling of
concerns specific to data staging includes the following:

1. How much additional effort must application designers expend to
make efficient use of the staging nodes, both on compute nodes (data
packaging or preprocessing for staging operators) and staging nodes
(custom staging operators)?

2. What are optimal ways of taking arbitrary input from compute
nodes, load-balancing the staging operator workload among mul-
tiple staging nodes, and utilizing I/O forwarding efficiently and in a
pipelined manner?

The simplest staging middlewares exist to combat issues that come
up in scientific application I/O patterns such as bursty I/O behavior.
Decoupled and asynchronous remote transfers (DART) [15] is an example
framework to improve I/O through staging that consists of three compo-
nents: the client layer, streaming server, and receiver. The client layer runs
on compute nodes and links with the application. It notifies the stream-
ing server when the application has data ready to transfer. The streaming
server runs on service nodes and extracts data from compute nodes after
receiving notification. It then transfers the data to the receiver running on
remote nodes. It can also directly write data to local storage if the receiver
is not specified. Using an additional layer between compute and I/O nodes
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allows DART to control in a finer-grain manner how to transfer data from
the compute nodes to the I/O nodes, leading to smoother access patterns
and resource utilization. A similar system is PDIO (portals direct I/O)
[66], which adopts the three-tier architecture and supports wide-area net-
work (WAN) data transfer. PDIO runs daemons on externally connected
I/0 nodes. The daemons receive messages and data from the clients on the
compute nodes, aggregate them into memory buffers with optimal size,
and asynchronously send them to remote receivers over the WAN via par-
allel TCP/IP data streams.

DataStager [1] provides an extensible framework for staging and I/O
forwarding, providing mechanisms for scheduling and load-balancing
transfers as well as allowing user-defined computation. The staging nodes
serve as another layer to forward I/O for compute nodes and also perform
in situ data capture and analysis for visualization [16] and metadata gen-
eration. DataStager leverages RDMA-based network infrastructures and
enables the staging area to take charge of data processing jobs that require
high throughput, including synchronization, aggregation, collective pro-
cessing, and data validation. The processing results can be used as input
to a variety of extensible service pipelines such as data storage on disk,
visualization, and data mining.

DataStager has two components: a library called DataTap and a par-
allel staging service called DataStager. DataTap is a client-side library
co-located with the compute application. It is implemented with the
ADIOS API to support asynchronous I/O and keeps application code
changes to a minimum. DataTap uses an efficient, self-describing binary
format, FES [8], to mark up its binary data. The FFS format makes it pos-
sible for binary data to be analyzed and modified in transit and enables
the graph-structured data processing overlays, termed I/OGraphs [2].
The overlays can be customized for a rich set of backend uses, including
in situ processing, online data visualization, data storage, and transfer to
remote sites.

The staging service, DataStager, is composed of server-side processes
to actively read data from DataTap clients using RDMA techniques. It
applies server-directed I/O for asynchronous communication to fetch
data from compute nodes. Server-directed I/O lets the I/O nodes control
the data transfers and hence the resources based on their capacity, which
allows for smoother access patterns. In addition, the server-controlled
data transfer causes minimal runtime impact by allowing the application
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to progress without actively pushing the data out. The server-directed I/O
is particularly useful in HPC environments where a small partition of I/O
nodes serves a large number of compute nodes. The disparity in the sizes
of the partitions, accompanied with the bursty behavior of most scien-
tific application I/O [41], can exhaust memory and I/O resources on the
I/O nodes. DataStager uses resource-aware schedulers to select I/O opera-
tions to carry out. The selection of an operation is based on the memory
space on I/O nodes and the status of the application nodes and schedulers
(e.g., idle vs. nonidle). If all schedulers agree to issue a transfer request, an
RDMA read request is issued to the originating application node. Multiple
requests may be serviced simultaneously if resources permit. Once the
RDMA read is completed, the staging handler is notified and will then
process the message according to the configuration. It can direct write
data to disk, forward data to network, query and analyze data online,
and so on.

Based on DataStager, an in situ data processing middleware called
preparatory data analytics (PreDatA) [80] has been built. PreDatA is an
approach for preparing and characterizing data produced by the large-
scale simulations running on petascale machines in an in situ manner. It
exploits the computational power of staging nodes and provides a plug-
gable framework for executing user-defined operations such as data reor-
ganization, real-time data characterization, filtering and reduction, and
select analysis. Data can be treated as streams and the operations can be
specified in ways natural to the “streaming” context, so that streaming
data processing techniques can be applied in PreDatA with little addi-
tional porting effort.

PreDatA middleware can be placed in both the compute nodes and the
staging nodes. Data analysis and operations can be plugged and hosted
in either location. When application performs I/O operations, PreDatA
acquires output data through ADIOS and stages data from compute nodes
to staging nodes. In-transit data processing is performed along the data
flow. PreDatA schedules asynchronous data movement from compute
nodes to staging nodes to minimize interference with the simulation.
PreDatA supports user-defined data operations such as buffer manage-
ment, scheduling, data indexing and query, and data exchange and syn-
chronization across staging nodes. It also provides a pluggable framework
for end users to specity, deploy, and debug data processing and analysis
functions.
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13.5 IN SITU DATA LAYOUT OPTIMIZATION

The data staging model provides opportunities for in situ data process-
ing and analysis, which provides huge benefits for understanding the
data without performing costly disk reads over the raw data for analytics.
However, in situ data processing has its limits. For instance, there simply
is not enough memory available for analysis in a global context, which is
essential for exploratory data analytics. Therefore, it is infeasible to per-
form all data analysis at simulation time, and the data may have to be read
multiple times for post-simulation analytics in a global context.

With this requirement in mind, there are a number of ways we can
accelerate future analytics operations. Preferably in the staging process,
applicationscanusedatareorganization to optimize future post-processing.
One scenario for this occurs in scientific databases, emphasizing query
processing with heterogeneous constraints.

Scientific database technologies, especially when considering in situ
computation, involve a number of considerations. First, what types of
queries and data access patterns are these database systems optimized for
(Section 13.5.1.1)? Second, what optimization techniques do databases cur-
rently apply for different access patterns (Sections 13.5.1.2 and 13.5.1.3)?

13.5.1 Basic Layout Optimization Techniques

Scientific simulation codes usually generate multidimensional spatio-
temporal data, which is quite different from structured data stored in
traditional relational databases, and thus requires different optimization
techniques. Data accesses are usually accompanied by value and spatial
constraints. For example, for a climate dataset, the user might want to
know what regions within certain latitudinal and longitudinal ranges
have abnormally high temperature values.

Different query types lead to different data access patterns, but con-
tiguous access patterns are the most efficient. Thus, the goal of data lay-
out optimization is to store data based on potential access patterns to
achieve more contiguous access patterns in queries. But first, a discussion
of the access patterns themselves, defined by query semantics, must be
discussed.

13.5.1.1 Query Types and Data Access Patterns
We summarize common query types and data access patterns on scientific
spatiotemporal data as follows:
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Value-constrained: Queries that request spatial regions and/or their
corresponding variable values, subject to constraints on those or
other variable values. For example, what (latitude, longitude) pairs
at some time in a simulation have an abnormally high temperature?
What are those temperature values? These queries are also known as
range queries.

Region-constrained: Queries that request spatial regions and/or their
corresponding variable values, subject to regional constraints. For
example, what are the temperature values within North Carolina at
some time?

Value- and region-constrained: Queries that request spatial regions
and/or their corresponding variable values, subjects to constraints
on both the regions as well as the variable values. For example,
what regions within North Carolina have an abnormally high
temperature?

Besides the query types listed above, multivariate and multiresolution
data access should also be considered. In multivariate data access, mul-
tiple variables may be accessed with constraints on different variables.
In multiresolution data access, only part of the data in certain resolu-
tion is accessed to satisfy coarse-grained analytic requirements. These
are also common access patterns for scientific spatiotemporal data and
require different layout optimization techniques to achieve best access
performance.

13.5.1.2 Optimization for Value-Constrained Queries

To optimize the data layout for value-constrained access, points with
similar values should be stored together to achieve more contiguous data
access. Data can be partitioned into bins, where each bin represents a set of
similar values. Value-constrained binning is applied to assign data points
in different bins based on their values, and data points within the same
bins are stored together on the storage space to achieve contiguous data
access patterns for value-constrained access.

A database popularized by fast value-constrained query performance is
FastBit [75], a state-of-the-art bitmap indexing scheme, which applies dif-
ferent binning techniques to optimize for range queries. Bitmap indexing
techniques traditionally employ any combination of three tasks: binning,
encoding, and index compression. FastBit binning maps variables to bins
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so that variables of a similar property or value are co-located for quick
lookup. For example, given a bin B that represents a range [0,5), for each
record, a bit is used to represent whether the record falls into a bin or not.
A bitmap vector is encoded using this technique for each defined bin. Since
the space taken up by the bitmap vectors becomes unmanageable for large
datasets, FastBit employs a word-aligned-hybrid compression scheme [77],
based on run-length encoding, to reduce the index size. To support and
optimize for multivariate queries, FastBit applies fast bitmap operations
such as AND and OR among bitmaps of different variables to achieve fast
selection. However, building the bitmap indexes is an expensive operation,
lowering the capability for performing it in situ. Furthermore, the storage
requirements for the indexes are on the order of the dataset size, adding
significantly to I/O and storage costs.

ISABELA-QA [52] is a query engine based on ISABELA-compressed
data (see Section 13.3.2.4), designed to occupy far less space than exist-
ing database technologies and indexes. Similar to FastBit, ISABELA-QA
employs binning of values to cluster data with similar values. However,
ISABELA-QA, rather than building bitmaps to identify particular val-
ues with bins, co-locates the ISABELA-generated permuted indices for
each window on a per-bin basis, taking advantage of the sorted nature of
the windows to minimize the ensuing metadata. When processing que-
ries, bin metadata is fetched, compression windows are identified, and
the B-spline coefficients and permuted indices are read. One particular
advantage of this setup is that data points can be interpolated indepen-
dently of one another, so only a subset of the window need to be decom-
pressed. Furthermore, the storage footprint is nearly the same as a linear
organization of the compression windows, occurring additional storage
costs only for the metadata.

In a similar vein, ALACRI?TY [25] fuses lossless compression and data-
base indexing to produce a lightweight data and index representation. The
method relies on the representation of floating-point data in memory, con-
sisting of a fractional mantissa component exponentiated by an exponent
component and given an explicit sign bit. The most significant bytes, con-
taining the sign, exponent, and most significant mantissa components, are
removed from the dataset and unique value encoding is used to compress
them. These unique values then form the bin edges, and data are reorga-
nized into bins corresponding to their high-order bytes. An inverted index
map bins to record IDs to maintain the original mapping.
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13.5.1.3 Optimization for Region-Constrained Queries
Region-constrained queries usually access subvolumes of multidimen-
sional data, in which the points are spatially contiguous. However, multi-
dimensional data need to be linearized before being written to disks since
storage space is 1D. If data are linearized as they are stored in memory
(e.g., row-major order for 2D data), there will be high performance dispar-
ity when accessing data along different dimensions. Thus, the key chal-
lenge is how to linearize data to achieve better spatial locality.

One common technique is to divide multidimensional data into
chunks. The chunking technique divides each dimensions into equal- or
variate-sized partitions. The SciDB system [6] is a distributed spatial data-
base system, which applies chunking techniques to optimize for spatial-
constrained queries [65]. Chunks are distributed over multiple nodes to
achieve parallel data access. SciDB includes special optimizations for
sparse matrices and introduces overlapping areas to optimize for certain
calculations.

A more fine-grained optimization is to use space-filling curves (SFC)
[53] to linearize data on disks to improve spatial locality. Rather than
storing data blocks in row-major or column-major order, data are reor-
ganized in SFC order. The SFC order helps to ensure that spatially con-
tiguous points in multidimensional space are also placed contiguously on
disks, thus reducing potential seek operations in queries accessing certain
spatial regions. Popular SFCs include Hilbert SFC, Z-order SFC, Moore
SFC, and so on. An illustration of these is shown in Figure 13.11. Among
all SFCs, Hilbert SFC has been demonstrated to have best preservation of
spatial locality properties. A detailed analysis and comparisons of cluster-
ing achieved by Hilbert curves, Z-order curves, and Gray code curves are
presented in Moon et al. [42] The Hilbert curve reduces the number of
clusters by 50% compared with Z-order curve and Grey code curve for 2D
square and sphere access. For 3D cube access, Hilbert curve reduces the
number of clusters by 45%, and for sphere access, it reduces the number of
clusters by 30% compared to the other space-filling curves.

Since space-filling curves are usually defined in a recursive manner,
some SFCs can additionally be thought of as a hierarchical representation
to support multiresolution data access. A hierarchical indexing scheme
based on Z-order SFCs [49] has been introduced. For each level of reso-
lution, a subset of points is stored together in Z-order, and lower levels
of resolution contain fewer points than the higher resolutions. Higher
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FIGURE 13.11  The first three iterations of Hilbert/Z-order/Moore space-filling
curves.

resolution access can be always achieved by fetching data that are contigu-
ously located on storage space.

13.5.2 Toward Heterogeneous Access Patterns

One major drawback of existing storage layout techniques is that they
primarily focus on optimizations for a particular access pattern(s). For
example, the SFCs mentioned in the previous section only improve per-
formance for access patterns induced by spatial constraints on subplanes/
subvolumes of the data space. For value-constrained access patterns,
the entire dataset must be scanned to select qualified points. Similarly,
FastBit and ISABELA-QA are optimized only for value-constrained
accesses and cannot handle spatially constrained accesses efficiently. A
naive approach to support multiple access patterns would be creating
copies of dataset that favor different access patterns. However, the ever-
increasing sizes of simulation data make multiple replications infeasible
at extreme scale.
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One potential way to address these challenges is to utilize multiple value-
constraint-optimizing and region-constraint-optimizing techniques. One
example of this is in a configurable, layered layout optimization technique,
which iteratively applies SFC and ISABELA-compression to provide query
processing performance improvements for numerous access patterns
[20]. The layout scheme combines Hilbert space-filling curves and value-
constrained binning, through ISABELA-QA, together. It divides data into
blocks and interleaves these blocks across value-constrained bins along
Hilbert space-filling curves to optimize for both value and region queries
with both value and spatial constraints. Based on this scheme, MLOC,
a flexible multilevel framework, has been presented [21]. MLOC applies
a flexible, hierarchical multilevel architecture. Multiple fine-grained
optimization techniques can be flexibly placed within the framework to
achieve optimizations for multiple access patterns in user-defined prior-
ity. Users can specify the order of the optimization techniques within the
framework to generate a different layout on storage based on the frequency
of access patterns induced by real queries.

13.6 LIMITATIONS AND FUTURE DIRECTIONS

Although there is a large amount of pioneering work being performed to

bring robust, efficient in situ processing to reality, the problems neces-
sitating in situ processing, namely I/O bottlenecks in large-scale systems,
remains far from being solved. Specifically, there are a number of limita-
tions with the current state of the art that must be improved upon in the
coming years as compute capability continues to scale at a faster rate than
1/O capability.

13.6.1 Data Analysis

In situ data analysis methods, some of which are identified in this chapter,
have shown impressive progress in taking advantage of large-scale data
resident in memory to accelerate knowledge discovery. In spite of this, it is
infeasible to perform all data analytics at simulation write time, especially
for interactive processes such as query processing. Furthermore, the act of
aligning simulation code and staging architectures with scalable analytics
kernels is a nontrivial problem.

For data analysis methods that are feasible to perform in situ, it is cru-
cial to continue advancing the state of the art, developing and optimizing
scalable, robust analysis algorithms, especially for increasingly complex
simulation datasets and analytics scenarios.
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13.6.2 Data Reduction

Recent compression algorithms, focused on scientific data, have advanced
both compression speed and compression ratio for hard-to-compress
double-precision datasets, which scientific simulations predominantly
use for accurate computation. However, it has been observed that average
lossless data reduction rates for these datasets, so far, fall in the range of
30% [56]. While this degree of reduction is significant for datasets in the
terabytes, petabytes, and beyond, it does not come close to bridging the
performance trends gap of compute and I/O. While lossy compression
can be a solution to this, with far higher data reduction rates, the loss
of precision may not be acceptable to application scientists, simulations
requiring pristine data for checkpointing, and analysis functions sensi-
tive to changes in precision.

To achieve higher compression ratios, it is necessary to exploit all pos-
sible relationships in the data, creating a context-sensitive approach to
lossless compression. For example, FPzip takes advantage of spatial cor-
relations between data points for prediction, and ISOBAR takes advantage
of similarities in the double-precision data representation for compres-
sion. These techniques are a good start, but more research taking advan-
tage of these and other characteristics need to be performed. For instance,
is it possible to use temporal relationships in compression, and if so, how
to maintain the necessary information between simulation timesteps
within a staging framework? Are there correlations between grid nodes
of a particular level of resolution in adaptive mesh refinement (AMR)
simulations?

For lossy compression, it is crucial that the loss of precision be able to
be quantified and bounded so that application scientists can reason about
the trade-offs between data accuracy, analysis accuracy, and data reduc-
tion. For instance, ISABELA provides such a bound at compression time
through error encoding, trading oft additional storage cost for guaran-
teed accuracy bounds [29]. As with lossless compression, increasing the
context-sensitivity of compression techniques is necessary to see huge
reductions of data without suffering too much loss of precision.

Furthermore, compression methodologies must be compatible with
staging architectures in order for the benefits of data reduction to trans-
late into I/O cost reductions. Effective pipelining of compression and I/O
operations is a necessity to hide compression costs in terms of CPU time.
Initial work, for example, has been done pipelining ISOBAR-compression
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of byte columns with I/O operations using ADIOS [55], resulting in both
reduced storage footprints and write times. The trick behind the perfor-
mance seen in the ISOBAR pipelining method is the semantic division
of tasks (e.g., multiple compression streams for both compressible and
incompressible byte streams).

13.6.3 Architecture

The march of new hardware trends is a constant in the computing world,
and heterogeneity is increasing in HPC systems as a result. Nearly all
compute clusters are comprised of multicore processors, and alternative
computing hardware such as GPUs and FPGAs are highly active in the
research community as a method to achieve a high computation rate with
lower relative power consumption. There are a number of implications for
in situ computation as a result. First, how do we best utilize and integrate
emerging hardware architectures, such as GPUs and SSDs, within a robust
in situ framework? Second, access to CPU main memory is required for
network and I/O operations, memory transfer to co-processors (such as
GPUs, with discrete main memory), not to mention the simulation com-
putations themselves. With so many competing resources for main mem-
ory, how does one additionally include in situ operations in such a way as
to not be bottlenecked by memory bandwidth and to optimize multicore/
memory hierarchy usage?

On an intranode level, the increasing complexity of multicore pro-
cessors requires new ways of thinking about how computation maps to
resources and how to best utilize the cache hierarchy, which can be per-
formed at both the application and compiler levels [26,35]. In situ pro-
cessing techniques must take advantage of these architectural advances
and utilize richer forms of inter- and intranode parallelism (e.g., MPI and
OpenMP).

On an off-chip level, new technologies such as SSDs, GPUs, and so on
pave the way toward new and exciting in situ capabilities. SSDs, while
being more expensive and having less data density than traditional HDDs,
have low power consumption and far better random I/O rates, making
them well suited for local disk caches on compute nodes. These would
allow for in situ computations and analysis requiring too much memory
to be performed in memory alongside simulation data. GPUs provide the
possibility to accelerate compute-intensive in situ operations and allow
CPUs to instead perform data management tasks.
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CONCLUSION

It is highly unlikely that there will be a “silver bullet” solution to the grow-
ing disparity between computational capability and I/O bandwidth. This
means that new programming paradigms must be adopted to continue the
phenomenal increases in the ability to simulate, solve, and/or analyze larger
and more complex problems into the exascale. In situ processing of data is
a strong first step in this direction. Rather than cutting corners to allow sci-
entific codes to complete in a reasonable amount of time, in situ algorithms
can exploit the far superior compute performance to allow meaningful com-
putation at simulation time, eliminating the need for costly post-processing.

There are many such cases where in situ computation makes sense in
the data analysis realm, which have been presented here; the take-away
point is that we get insightful analysis of data at minimal cost by perform-
ing the operations while waiting on I/O. Furthermore, we can prepare the
data in situ for future analyses, which is essential for efficient database
operations such as query processing. Rather than incurring the enormous
cost of reorganizing the whole database from disk, the data can be shuftled
at write time for a far more efficient database construction methodology.
Finally, we can directly optimize the application on multiple fronts using
in situ compression techniques: lossless (and especially lossy) compression
reduces the I/O pressure and storage costs, while making use of the huge
aggregate throughput of compute clusters.

Given the number of operations we can perform in situ, we can ensure
that, when I/O becomes rate-limiting for scientific codes, there are ways
in which we can enable maximum utilization of the underlying hard-
ware and continue the relentless pace of scientific discovery provided by
supercomputing.
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14.1 INTRODUCTION

Driven by the continued increase in available computing resources,
scientists are simulating ever more complex phenomena, at higher spatial
and temporal resolutions. The resulting massive datasets are increasingly
difficult to handle, and consequently, advanced data management, analy-
sis, and visualization techniques are becoming mandatory to gain new
scientific insights. This indicates a shift in overall priorities that has the
potential to reshape the landscape of scientific computing.

In the past, the focus of scientific computing as a whole had been on data
creation to produce more accurate simulations of natural phenomena. The
subsequent analysis could often be restricted to global or local averages and
profiles or comparatively straightforward creation of conditional distribu-
tions. Similarly, the visualization problem could often be addressed through
sufficiently powerful secondary computing resources dedicated to extremely
parallel visualization packages [1]. However, as simulations are becoming
more detailed, scientists are increasingly interested in answering questions
about more complex, and often intermittent, phenomena. For example,
instead of a global flame profile, one may be interested in individual ignition
or extinction kernels, or instead of an average entropy or density in a mixing
simulation, one may like to study the nature of individual pockets of mate-
rial. These questions require a more detailed analysis of the data with respect
to some features of interest, which raises new challenges, such as—how to
define the features in a scientifically meaningful and mathematically correct
manner; how to develop robust and efficient algorithms to extract and subse-
quently study the features; how to determine the characteristic parameters,
for example, iso-values or threshold? Simultaneously, the data have grown to
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the point where permanently storing it is becoming a challenge and the cost
of file I/O is often preventing scientists from saving all the desired data. Even
ifa copy of the data exists, the act of reading through a dataset can take days
or even weeks without extremely parallel resources, which makes a repeated
analysis, for example, for parameter studies, difficult.

Asaresult, new paradigms for data analysis and visualization are neces-
sary that are more tightly integrated with simulations and/or provide more
efficient and flexible means to explore and analyze the resulting data. The
former is often referred to as in situ processing [2], in which the data are
handled on the fly, circumventing the need for any file I/O while allowing
for a much more detailed (especially, in time) analysis. The latter typically
relies on multiresolution techniques and/or intelligent preprocessing that
allow the user to quickly extract an overview of the data, and subsequently
zoom into regions of interest. In this chapter, we discuss two classes of tech-
niques aimed at addressing the challenges discussed earlier using some of
the biggest simulations performed to date as case studies. For example, the
hydrodynamic instability simulations performed at Lawrence Livermore
National Laboratory a decade ago [3,4] already produced several tens of
terabytes of data (see Figure 14.1a). Data generation at this scale or higher
is now becoming mainstream with high-performance computing codes,
such as the adaptive mesh refinement (AMR) combustion simulations of
low-swirl hydrogen flames that burn at low temperature with high fuel
efficiency and low emission [5,6], the S3D simulations of non-premixed
hydrogen flames with accurate representation of extinction and reigni-
tion phenomena [7], or the use of molecular dynamics simulations of the
impact of a dense grain on low-density foam [8] (see Figure 14.1b-d).

These data must be visualized and analyzed to verify and validate
the underlying model, to understand the phenomenon in detail, and to
develop new insights into fundamental physics. Both data visualization
and data analysis are vibrant research areas and much effort is being put to
developing advanced, new techniques to process the massive amounts of
data produced by scientists.

In this chapter, we focus on two key components that aid the visualiza-
tion and analysis process: (1) multiresolution data layouts that provide the
ability for quick access of coarse-to-fine resolutions of massive amounts of
data, and (2) robust topological analysis techniques that provide the abil-
ity to detect and quantify features in data at multiple scales.

To provide context, we highlight these two components in a typical
visualization and analysis pipeline in Figure 14.2. We assume that raw
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(a) (b)

FIGURE 14.1  (Seecolor insert.) Examples of simulations producing routinely mas-
sive amounts of data. (a) Miranda hydrodynamic instabilities. (b) AMR combus-
tion simulation of low-swirl hydrogen flames. (c) S3D simulation of non-premixed
hydrogen flames with extinction and reignition phenomena. (d) Molecular dynam-
ics simulations of the impact of a dense grain into low-density foam.
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data from simulations are available as real-valued, regular samples of
space-time. Due to the large size of datasets, we emphasize that the data
samples cannot all be loaded in main memory. As a result, it is not feasible
to use standard implementations of visualization and analysis algorithms
on commodity hardware.

Reordering this raw data into a suitable multiresolution data layout can
improve the efficiency of both visualization and analysis. Multiresolution
layouts enable interactive visualization by allowing the user to first load
the data at a coarse level, then progressively refine it by adding more sam-
ples to obtain a more detailed view. Classical schemes, for example, those
based on bricking or chunking, do not readily support the type of data
access required for progressive or multiresolution techniques.

In the following sections, we first describe a hierarchical Z-order data
layout scheme. It builds on the coherent layout provided by the Z-order
space-filling curve by incorporating a coarse-to-fine hierarchy on the
ordering. The resulting system forms a versatile core technology that is
simple to implement and has been applied to a variety of visualization
algorithms, such as slicing, isosurfacing, and volume rendering on mas-
sive amounts of scientific simulation data.

Subsequently, we describe topology-based techniques that rather than
providing access to the entire raw data allow an analysis and explora-
tion of specific features, such as bubbles in turbulent mixing [9], burning
cells in combustion [10], or filament structures in material science [11].
In our discussion, we show the practical use of these techniques in differ-
ent scientific simulations. We underscore both their relevance in enabling
specific scientific insight while retaining the generic character needed for
their application on a variety of domains.

The contents of this section are a summary of several publications and
prior research. For a more detailed description on the data layout scheme,
see Refs. [12-14]; for topology-based analysis, see Refs. [15-20]; and for
application of these techniques to the analysis of simulation data, see Refs.
[9-11,21-23].

14.2 HIERARCHICAL INDEXING FOR

OUT-OF-CORE DATA ACCESS
Out-of-core computing [24] specifically addresses the issues of algorithm
redesign and data layout restructuring that are necessary to enable data
access patterns having minimal out-of-core processing performance
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degradation. Research in this area is also valuable in parallel and distrib-
uted computing, where one has to deal with a similar issue of balancing
the processing time with the time required for data access and movement
among elements of a distributed or parallel application.

The solution to the out-of-core processing problem is typically divided
into two parts: (1) algorithm analysis, to understand data access patterns
and, when possible, redesign to maximize data locality; (2) storage of data
in secondary memory using a layout consistent with the access patterns
of the algorithm, amortizing the cost of individual I/O operations over
several memory access operations.

In the case of hierarchical visualization algorithms for volumetric data,
the 3D input hierarchy is traversed from a coarse grid to the fine grid levels
to build derived geometric models having adaptive levels of detail. The
shape of the output models are then modified dynamically with incremen-
tal updates of their level of detail. The parameters that govern this con-
tinuous modification of the output geometry are dependent on runtime
user interaction, making it impossible to determine, a priori, what levels
of detail will be constructed. For example, the parameters can be external,
such as the viewpoint of the current display window, or internal, such as
the isovalue of a contour or the position of a slice plane. The general struc-
ture of the access pattern can be summarized in two main points: (1) the
input hierarchy is traversed from coarse-to-fine and level by level so that
data in the same level of resolution are accessed at the same time, and
(2) within each level of resolution, the regions that are in close geometric
proximity are stored as much as possible in close memory locations and
also traversed at the same time.

In this section, we describe a static indexing scheme that induces a data
layout satisfying both requirements (1) and (2) for the hierarchical tra-
versal of n-dimensional regular grids. The scheme has three key features
that make it particularly attractive. First, the order of the data is indepen-
dent of the out-of-core block structure so that its use in different settings
(e.g., local disk access or transmission over a network) does not require
any large data reorganization. Second, conversion from the Z-order index-
ing [25] used in classical database approaches to this indexing scheme
can be implemented with a simple sequence of bit-string manipulations,
making it appealing for a possible hardware implementation. Third, since
there is no data replication, it avoids the performance penalties associated
with dynamic updates as well as increased storage requirements typically
associated with most hierarchical and out-of-core schemes.
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Beyond the theoretical interest in developing hierarchical index-
ing schemes for n-dimensional space-filling curves, this approach tar-
gets practical applications in out-of-core visualization algorithms. For
details on related work, algorithmic analysis, and experimental results,
see Ref. [13].

14.2.1 Hierarchical Subsampling Framework

This section discusses the general framework for an efficient definition of
a hierarchy over the samples of a dataset.

Consider a set S of n elements decomposed into a hierarchy H of k levels
of resolution H={S,,S;...,S;_;} such that S, c S, c---c §,_, =S, where S,
is said to be coarser than §; if i < j. The order of the elements in § is defined
by a cardinality function I: § 5{0...n — 1}. This means that the following
identity always holds S[I(s)] = s, where square brackets are used to index
an element in a set.

One can define a derived sequence H’ of sets S/ as follows: S/ =S\S,
i=0,...,k—1, where formally, S_, =;. The sequence H ={S;,S,...,S;_,} is a
partitioning of S. A derived cardinality function I": S >{0...n — 1} can be
defined on the basis of the following two properties: (1) Vs,t€S/: I'(s) <
I'(t)o I(s)<I(t)and (2) Vse §,Vte S :i<j=1"(s)<I'(t).

If the original function I has strong locality properties when restricted
to any level of resolution S, then the cardinality function I’ generates the
desired global index for hierarchical and out-of-core traversals. The scheme
has strong locality if elements with close indices are also close in geometric
position. These locality properties are studied in detail in Ref. [26].

The function I’ can be constructed as follows: (1) determine the num-
ber of elements in each derived set S/, and (2) determine a cardinality
function I/=T’| 5 Testriction of I' to each set §/. In particular, if ¢; is the
number of elements of S, one can predetermine the starting index of the
elements in a given level of resolution by building the sequence of con-
stants C,, ..., C, _, with

i1
C=)c (14.1)
=0

i j*

J

Next, one must determine a set of local cardinality functions
I".§] —1{0...c;—1} so that

1 1

Vse S :I'(s)=C,+I(s). (14.2)
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The computation of the constants C; can be performed in a prepro-
cessing stage so that the computation of I’ is reduced to the following
two steps:

1. Given s, determine its level of resolution i (i.e., the i such that s € ;).

2. Compute I/(s) and add it to C,.

These two steps must be performed very efficiently as they will be exe-
cuted repeatedly at run-time. The following section reports a practical
realization of this scheme for rectilinear cube grids in any dimension.

14.2.2 Binary Trees and the Lebesgue Space-Filling Curve

This section reports the details on how to derive the local cardinality func-
tions I;” for a binary tree hierarchy in any dimension from the Z-order
space-filling curve and their remapping to the new index I".

14.2.2.1 Indexing the Lebesgue Space-Filling Curve

The Lebesgue space-filling curve, also called Z-order space-filling curve
for its shape in the 2D case, is depicted in Figure 14.3a—e. The Z-order
space-filling curve can be defined inductively by a Z-shaped base of size 1
(Figure 14.3a), that is, by the vertices of a square of side 1 that are connected
along a Z pattern. Such vertices can then be replaced each by a Z shape of
size 1, as in Figure 14.3b. The vertices obtained in this way are then replaced

FIGURE 14.3 (a—e) The first five levels of resolution of the 2D Lebesgue’s space-
filling curve. (f=j) The first five levels of resolution of the 3D Lebesgue’s space-
filling curve.
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by Z shapes of size 1, as in Figure 14.3c, and so on. In general, the i level
of resolution is defined as the curve obtained by replacing the vertices of
the (i — 1)" level of resolution with Z shapes of size ZL The 3D version of this
space-filling curve has the same hierarchical structure, with the only differ-
ence being that the basic Z shape is replaced by a connected pair of Z shapes
lying on the opposite faces of a cube, as shown in Figure 14.3f. Figure 14.3f-j
show five successive refinements of the 3D Lebesgue space-filling curve. The
d-dimensional version of the space-filling curve also has the same hierar-
chical structure, where the basic shape (the Z of the 2D case) is defined as
a connected pair of (d— 1)-dimensional basic shapes lying on the opposite
faces of a d-dimensional cube.

The property that makes the Lebesgue’s space-filling curve particularly
attractive is the easy conversion from the d indices of a d-dimensional
matrix to the 1D index along the curve. If one element e has d-dimensional
reference (i, ..., i), its 1D reference is built by interleaving the bits of the
binaryrepresentations of theindicesiy, ..., i,. In particular, ifi;isrepresented
by the string of & bits b}b} . -b]’.‘ (withj=1, ..., d), then the 1D reference I of
e is represented by the string of hd bits I =“b}b}---bibb?---b3---bl'bl---blt”.

The 1D order can be structured in a binary tree by considering the ele-
ments of level i, those that have the last i bits all equal to 0. This yields a
hierarchy where each level of resolution has twice as many points as the
previous level. From a geometric point of view, this means that the density
of the points in the d-dimensional grid is doubled, alternating along each
coordinate axis. Figure 14.4 shows the binary hierarchy in the 2D case

® Coarser data
(even samples)

® New level data
(odd samples)

FIGURE 14.4 The nine levels of resolution of the binary tree hierarchy defined by
the 2D space-filling curve applied on 16 X 16 rectilinear grid. The coarsest level
of resolution (a) is a single point. The number of points that belong to the curve at
any level of resolution (b) to (i) is double the number of points of the previous level.
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where the resolution of the space-filling curve is doubled alternately along
the x and y axis. The coarsest level (a) is a single point, the second level
(b) has two points, the third level (c) has four points (forming the Z shape),
and so on.

14.2.2.2 Index Remapping
The cardinality function discussed in Section 14.2.1 for the binary tree case
has the structure shown in Table 14.1. Note that this is a general structure
suitable for out-of-core storage of static binary trees. It is independent of
the dimension d of the grid of points or of the Z-order space-filling curve.
The structure of the binary tree defined on the Z-order space-filling
curve allows one to easily determine the three elements necessary for
the computation of the cardinality. They are: (1) the level i of an element,
(2) the constants C; of Equation 14.1, and (3) the local indices I/”. Here,

i—if the binary tree hierarchy has k levels, then the element of
Z-order index j in the Z-order belongs to the level k—h, where h is
the number of trailing zeros in the binary representation of j;

C,—the total number of elements in the levels coarser than i, with
i>0,is C,= 2" with C, = 0;

I”—if an element has index j and belongs to the set S/, then sz must
be an odd number, by definition of i. Its local index is then:

V7 ]
()= {2k—i+l J

TABLE 14.1  Structure of the Hierarchical Indexing Scheme for Binary Tree
Combined with the Order Defined by the Lebesgue Space-Filling Curve

Level 0o 1 2 3 4

Z-orderindex 0 1

(2 levels)

Z-orderindex 0 2 1 3

(3 levels)

Z-orderindex 0 4 2 6 1 3 5 7

(4 levels)

Z-orderindex 0 8 4 12 2 6 10 14 1 3 5 7 9 11 13 15
(5 levels)

Hierarchical 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
index
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The computation of the local index I;” can be explained easily by look-
ing at the bottom right part of Table 14.1, where the sequence of indices
(1,3,5,7 9 11, 13, 15) needs to be remapped to the local index (0, 1, 2, 3,
4, 5, 6, 7). The original sequence is made of a consecutive series of odd
numbers. A right shift of one bit (or rounded division by two) turns them
to the desired index.

These three elements can be put together to build an efficient algorithm
that computes the hierarchical index I’(s)=C, +I/(s) in the two steps
shown in Figure 14.5:

1. Set the bit in position k + 1 to 1.

2. Shift to the right until a 1 comes out of the bit-string.

This algorithm could have a very simple and efficient hardware imple-
mentation. The software C++ version can be implemented as follows:

inline adhocindex remap (register adhocindex i) {

i | = last_bit mask;//set leftmost one
i/= i&-1i; //remove trailing zeros
return (i>>1); //remove rightmost one

This code would work only on machines with two’s complement repre-
sentation of numbers where a negative numbers is represented by the two’s
complement of its absolute value. In a more portable version, one needs to
replace i/= 1&-1 withi/= 1&(("1)+1).

Step 1: Shift right with incoming bit set to 1
Incoming bit Shift

o Outgoing bit
t 0010110100
P O I O I > 10010110100

L While th b 0100101101—-0
oop: ile the outgoing bit is zero
shift right with incoming bit set to 0 00100101101
Shift 0010010110

v

@ (b)

FIGURE 14.5 (a) Diagram of the algorithm for index remapping from Z-order
to the hierarchical out-of-core binary tree order. (b) Example of the sequence
of shift operations necessary to remap an index. The top element is the original
index and the bottom is the remapped, output index
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FIGURE 14.6 Data layout obtained for a 2D matrix reorganized using the index
I' (1D array at the top). The 2D image of each block in the decomposition of the
1D array is shown below. Each gray region (odd blocks dark gray, even blocks
light gray) shows where the block of data is distributed in the 2D array. In par-
ticular, the first block is the set of coarsest levels of the data distributed uniformly
on the 2D array. The next block is the next level of resolution still covering the
entire matrix. The next two levels are finer data covering each half of the array.
The subsequent blocks represent finer resolution data distributed with increasing
locality in the 2D array.

Figure 14.6 shows the data layout obtained for a 2D matrix when its
elements are reordered following the index I'. The data are stored in this
order and divided into blocks of constant size. The 2D image of such
decomposition has the first block corresponding to the coarsest level of
data resolution. The subsequent blocks correspond to finer and finer data
resolution, which is distributed more and more locally.

14.2.3 Performance

In this section, we describe the experimental results for a simple, funda-
mental visualization technique—the orthogonal slicing of a 3D rectilinear
grid. Slices can be at different resolutions to allow interactivity—as the user
manipulates the slice parameters, we compute and display a coarse reso-
lution slice, then refine it progressively. We compare this layout with two
common array layouts—row major, and h X h X h brick decomposition.

14.2.3.1 Data I/O Requirements

As we shall see, the amount of data required to be read from the disk
varies substantially from one array layout to another. By way of example,
consider the case of an 8GB dataset (a 2K* mesh of unsigned char data
values). An orthogonal slice of this mesh consists of 4M points/bytes. In
this example, disk pages are 32KB in size (see Figure 14.7a). For the brick
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FIGURE 14.7 Comparison of static analysis and real performance in different
conditions. For an 8GB dataset, (a) compares the amount of data loaded from disk
(vertical axis) per slice while varying the level of subsampling and using two differ-
ent access patterns/storage layouts—Z-order remapping and brick decomposition.
The values on the vertical axis are reported using a logarithmic scale to high-
light the performance difference—orders of magnitude—at any level of resolution.
(b-c) Two comparisons of slice computations times (log scale) of four different data
layout schemes with slices parallel to the (j,k) plane (orthogonal to the x axis). The
horizontal axis is the level of subsampling of the slicing scheme, where values on
the left are of finer resolution. Note how the practical performance of the Z-order
versus brick layout is predicted very well by the static analysis. The only layout that
can compete with the hierarchical Z-order is the row-major array layout optimized
for (j,k) slices (orthogonal to the x axis). Of course, the row-major layout performs
poorly for (j,i) slices (orthogonal to the z axis), while the hierarchical Z-order lay-
out would maintain the same performance for access at any orientation.

decomposition case, one would use 32 X 32 X 32 blocks of 32KB for the
entire dataset. The data loaded from the disk for a slice is 32 times larger
than the output, or 128 MB bytes. As the subsampling increases up to a
value of 32 (one sample out of 32), the amount of data loaded does not
decrease because each 32 X 32 X 32 brick needs to be completely loaded.
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At lower subsampling rates, the data overhead remains the same—the
data loaded are 32,768 times larger than the data needed. In the binary
tree with Z-order remapping, the data layout is equivalent to a KD-tree,
constructing the same subdivision as an octree. For a 2D slice, the KD-tree
mapping is equivalent to a quadtree layout. The data loaded are grouped
into blocks along the hierarchy that gives an overhead factor in number of
blocks of 144+ 4+ +--- <2 (as for one added to a geometric series), while
each block is 32 KB.

14.2.3.2 Tests with Memory Mapped Files

A series of basic tests was performed to verify the performance of the
approach using a general purpose paging system. The out-of-core com-
ponent of the scheme was implemented simply by mapping a 1D array of
data to a file on disk using the mmap function. In this way, the I/O layer
is implemented by the operating system virtual memory subsystem, pag-
ing in and out a portion of the data array, as needed. No multithreaded
component is used to avoid blocking the application while retrieving
the data. The blocks of data defined by the system are typically 4KB.
Figure 14.7b shows the performance tests executed on a Pentium III lap-
top. The proposed scheme shows the best scalability in performance. The
brick decomposition scheme with 16* chunks of regular grids shows the
next best performance. The (i,j,k) row-major storage scheme has the worst
performance because of its dependency on the slicing direction—best for
(j.k) plane slices and worst for (j,i) plane slices. Figure 14.7c shows the per-
formance results for a test on a larger, 8 GB dataset, run on an SGI Octane.
The results are similar.

14.2.3.3 Parallel Write

The multiresolution data layout outlined earlier is a progressive, linear
format, and therefore has a write routine that is inherently serial. Aslarge
simulations run, it would be ideal for in situ visualization for each node
in the large supercomputer to be able to write out its piece of the simula-
tion data directly in this layout. Therefore, a parallel write strategy must
be employed. Figure 14.8 illustrates different possible parallel strategies.
As shown in Figure 14.8a, each process can naively write its own data
directly to the underlying binary file. This is inefficient due to the large
number of small file accesses. As data get large, they become disadvan-
tageous to store the entire dataset as a single, large file and, typically,
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FIGURE 14.8 (a) Naive parallel strategy where each process writes its piece of
the overall dataset into the underlying file, (b) Each process transmits each con-
tiguous data segment to an intermediate aggregator. Once the aggregator’s buf-
fer is complete, the data are written to disk, (c) Several noncontiguous memory
accesses are bundled into a single message to decrease communication overhead.

the entire dataset is partitioned into a series of smaller, more manage-
able files. This disjointedness can be used by a parallel write routine. As
each simulation process produces simulation data, it can store its piece of
the overall dataset locally and pass the data on to an aggregator process.
These aggregator processes can be used to gather the individual pieces
and composite the entire dataset. In Figure 14.8b, each process transmits
each contiguous data segment to an intermediate aggregator. Once the
aggregators buffer is complete, the data are written to disk using a single
large I/O operation. Figure 14.8¢ illustrates a strategy where several non-
contiguous memory accesses from each process are bundled into a single
message. This approach reduces the number of small network messages
needed to transfer data to the aggregators. This last strategy has been
shown to exhibit good throughput performance and weak scaling for
S3D combustion simulation applications when compared to a standard
Fortran I/O benchmark [12,27].

14.2.3.4 On-Demand, Stream Processing

Even simple manipulations can be overly expensive if they are to be
applied to each variable in a large dataset. For data of this size, it would
be ideal to process the data as requested and pushed to a user and, most
ideally, only operate on the portion of the data needed for display. The
multiresolution data layout outlined earlier enables the efficient access
of a subset of a large dataset. Moreover, these data will be accessed in a
progressive hierarchy. Operations such as binning, clustering, or rescaling
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are trivial to implement on this hierarchy, given some known statistics
on the data, such as the function value range, and so on. These operators
can be applied to the data stream as-is while the data are moving to the
user, progressively refining the operation as more data arrives. Much more
complex operations can be reformulated to work well using the hierar-
chy. For instance, using the layout for a two-dimensional image, the data
produce a hierarchy that is identical to a subsampled image pyramid on
the data. Moreover, as data are requested, the progressivity of the transfer
will traverse this pyramid in a coarse-to-fine manner. Techniques such
as gradient-domain image editing can be reformulated to use this pro-
gressive stream and produce visually acceptable solutions [14,28]. These
adaptive, progressive solutions allow the user to explore a full resolution
solution as if it was fully available, without its expensive computation.

Therefore, the hierarchical Z-order is the layout of choice for efficient
data management for visualizing and analyzing large-scale scientific sim-
ulation data. In the next section, we describe some of the fundamental
mathematical techniques that we use for interactive exploration of such
datasets.

14.3 FEATURE-BASED EXPLORATION AND
ANALYSIS OF LARGE SCALE DATA

As the resolution of simulations increases, scientists are becoming more
interested in relatively smaller scale phenomena. Rather than global sta-
tistical analysis or visualization, the focus is often on highly localized fea-
tures corresponding to some region of interest, for example, material core
lines [11], extinction regions [23], or burning cells [10]. Traditionally, such
features are analyzed by extracting them in an (often costly) postprocess-
ing step, and subsequently characterizing them through various statis-
tics, for example, number of features, size, and/or conditional statistics.
However, typically, the feature definition depends on multiple parameters
and thresholds which, depending on the application area, are picked more
or less ad hoc. This introduces problems in the analysis as the outcomes
might depend heavily on the choice of input parameters; yet, few or only
one input parameter is ever explored due to computational costs. Instead,
we present alternative techniques to represent entire feature families for a
wide range of parameters based on topological feature definitions. These
techniques encode a wide range of threshold- and gradient-based features
in a parameter-independent manner. Furthermore, various additional
attributes can be computed for all features, such as characteristic length
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scales [21] and descriptive statistics [10]. In the following section, we will
first describe some theoretical concepts of Morse theory that are used to
define and represent features, and subsequently discuss various applica-
tions of the theory.

14.3.1 Morse Theory for Robust, Multi-Scale Feature Analysis

To begin, we present some background from Morse theory [29,30] and
from combinatorial and algebraic topology [31,32].

14.3.1.1 Smooth Maps on Manifolds

Let MR be a smooth map. A point x € M is a critical point of f if the
gradient of f vanishes at x, and the value f(x) is a critical value. Noncritical
points and noncritical values are called regular points and regular values,
respectively. A critical point x is nondegenerate if the Hessian (matrix of
second-order partial derivatives) at x is nonsingular. The index of a critical
point x is the number of negative eigen values of the Hessian. For d = 3, there
are four types of nondegenerate critical points—the minima (index 0), the
I-saddles (index 1), the 2-saddles (index 2), and the maxima (index 3). A func-
tion fis Morse if all critical points are nondegenerate with distinct values.

14.3.1.2 Morse-Smale Complex

An integral line is a path on M whose tangent vectors are parallel to the
gradient of f. The stable manifold of a critical point x is the union of x and
all integral lines that end at x. The unstable manifold of x is defined sym-
metrically as the union of a critical point x and all integral lines that start
at x. One can superimpose the stable and unstable manifolds of all critical
points to create the Morse-Smale complex (or MS-complex) of f [16,18];
see Figure 14.9a-d. The nodes of this complex are the critical points of f,

4 v A - v
Critical points Ascending Descending Morse-smale Simplification
mainfolds mainfolds cells

(@ (b) (© () ()

FIGURE 14.9 MS-complex construction, simplification, and topologically valid
approximation: (a) Morse function with critical points shown; (b) Stable mani-
folds; (c) Unstable manifolds; (d) MS-complex; (¢) MS-complex and manifold
after simplification. Maxima are solid black, minima are solid white and saddles
are black and white.
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its arcs are integral lines starting or ending at the saddles and its regions
are the nonempty intersections of stable and unstable 2-manifolds. More
details on the definition of the MS-complex on the 2-manifold triangle
meshes and algorithms to compute it are given by Bremer et al. [16].

14.3.1.3 Simplification

It is often useful to simplify an MS-complex to remove noise and to per-
form multi-scale function analysis. Following [16], cancellations of arc-
connected maximum-saddle and minimum-saddle critical point pairs are
performed to simplify an MS-complex. Cancellations are ranked by their
persistence, the absolute difference in function value between the canceled
critical point pair. Figures 14.9¢e and f show an example of a topological
simplification and a corresponding approximation of f.

14.3.1.4 Computation

Conceptually, computing the MS-complex is simple. The boundaries
of the regions are defined by integral lines/surfaces that start or end at
saddles, and thus, the complex can be constructed by tracing these lines/
surfaces. In practice, however, directly tracing these boundaries is costly
and numerically unstable. As a result straightforward implementations
typically result in invalid complexes that violate the fundamental invari-
ants that make, for example, simplification possible. Instead, both piece-
wise linear and discrete equivalents of smooth Morse theory have been
developed [16,18,33] that do not rely on any numerical calculations and
guarantee valid results. In the piece-wise linear case, these are based on
tracing the steepest lines while carefully maintaining consistency through
local validity checks [16,18,34]. The discrete approach uses a region-
growing paradigm instead, which has the advantage of being extensible to
any dimensions [33]. In both cases, the ability to formally guarantee the
consistency of the results enables the application of these algorithms to
massive and highly complex datasets since no parameter tuning or other
application-specific adaptations are necessary.

14.3.2 Analysis of Turbulent Mixing in

Hydrodynamic Instabilities
Understanding the turbulent mixing of fluids is one of the fundamental
research problems in the area of fluid dynamics. Turbulent mixing occurs
in a broad spectrum of phenomena, ranging from boiling water to astro-
physics and nuclear fusion. Rayleigh-Taylor instability (RTI) occurs when
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FIGURE 14.10 (See color insert.) An overview of the 11523 simulation (peri-
odic in x and y) of the Rayleigh-Taylor instability at start (t = 0), early (t = 200),
middle (t = 400), and late (t = 700) time. The light fluid has a density of 1.0, the
heavy fluid has a density of 3.0. Two envelope surfaces (at densities 1.02 and 2.98)
capture the mixing region. The boundaries of the box show the density field in
pseudo-color. The upper envelope is analyzed to study bubble structures and the
midplanes to study mixing trends.

two fluids of different density are accelerated opposite the mean den-
sity gradient. That is, a heavier fluid is accelerated against a lighter fluid.
Figure 14.10 shows the mixing layers and the progression of the mixing
process for the canonical case of a heavy fluid on top of a light fluid being
accelerated by gravity. The heavy fluid accelerates downward, forming
spikes, while the light fluid moves upward forming bubbles. The bubbles
and spikes are thought to be one way to characterize the large-scale behav-
ior of the mixing process. Scientists analyzing these simulations are partic-
ularly interested in the number of bubbles (and spikes) and their respective
evolution. Large-scale models have been proposed based on bubble dynam-
ics in which bubble growth, movement, and interaction are modeled [35].
Topology-based analysis is performed on the envelope surfaces, describ-
ing the boundary between undisturbed and mixed fluids. The techniques
described in Section 14.2 are used for efficient data management and those
described in Section 14.3.1 are used for the analysis. The Rayleigh-Taylor
simulations were developed at Lawrence Livermore National Laboratory
[3,4], and a detailed analysis is described by Laney et al. [9].

14.3.2.1 Segmentation of Bubbles

One of the challenges in analyzing mixing behavior is that there exists no
prevalent mathematical definition for what constitutes a bubble/spike. In
general, a bubble can be understood as a three-dimensional feature com-
posed of lighter density fluid moving upwards (in the Z-direction) into
a heavier density fluid. One can use the topological concepts introduced
in Section 14.3.1 to define bubbles, spikes, and other features of interest.
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Consider the images of the segmented mixing envelope surface at different
times shown to the left, bottom, and right of the plot in Figure 14.11. During
early time steps (Figure 14.11 upper left and middle left), it is natural to
consider the mixing envelope as a time-varying functional surface defined
over the XY-plane (i.e., a function with a single value per XY coordinate,
such as in a terrain) and to associate local maxima with bubbles. This anal-
ogy fails at later time steps because the surface becomes nonfunctional.

However, it is possible to generalize this approach by treating the enve-
lope surface as the domain of a function whose value at a point x is the
Z-coordinate of x. It is natural to connect the maxima of this function to
bubbles and compute the stable manifold of each maximum as a segmen-
tation of the surface into bubbles. As can be seen in Figure 14.11, this seg-
mentation corresponds very well to the notion of a bubble. Symmetrically,
one can define spikes using the unstable manifolds of minima. Potentially,
other functions could be defined on the envelope surface that would result
in a robust segmentation. For example, the Z-velocity at all of the points
on the envelope surface could be incorporated to capture the fact that the
bubbles should be moving upwards into the heavy fluid.

In general, topology-based segmentations are often linked to impor-
tant features—maximal and minimal Z-velocities on the midplanes corre-
spond to the cores of rising and falling sections of fluids; density extrema
correspond to pockets of unmixed fluids. Topological methods are flexible

Derivative of 1 Mode-normalized
bubble count 9524 bubbles bubble count

2 3 45678910 20 30 40
Weak turbulence ¢/t (log scale) Strong turbulence

FIGURE 14.11  The plot depicts bubble counts of the envelope surface for three
persistence values. To the right of the plot, the MS-segmentation at three persis-
tence values for time 700. To the left and below the plot, the bubble segmentation
along the curve of medium persistence at various times. Each maximum along
with the Morse cells of its child-maxima are colored the same.
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and enable the analysis of these phenomena using a uniform methodology.
Furthermore, the MS-complex can be computed combinatorially [16,18],
which translates into provably correct and stable algorithms that are cru-
cial when dealing with large and complex data.

14.3.2.2 Multiscale Analysis and Persistence Selection

The MS-complex, just as any other segmentation, captures noise as well as
features. Topological simplification removes noise and produces a series of
approximations at decreasing resolution. Unlike many other techniques,
topological segmentations allow a simplification scheme that is optimal in
the L_-norm. One can formulate the problem of coarsening a segmenta-
tion in the following manner—given a function f and a segmentation S
of the domain of f, what is the minimal change on f such that S is coars-
ened? If the segmentation one considers is the MS-complex of f, then it
can be shown [16] that canceling a critical point pair with persistence
p in f requires an approximation f with || £ - f ||..> p/2. Therefore, can-
celing critical points in order of increasing persistence corresponds to an
L_.-optimal simplification.

Cancellations of critical points can be used both to remove noise and,
more in general, to analyze the trends in the data at multiple scales. This
type of multiscale analysis is not readily available in classical image pro-
cessing techniques and constitutes a fundamental advantage of a topology-
based approach. For each MS-complex, a sequence of cancellations is
computed that optimally simplifies the complex down to its minimal
configuration. Thus, a family of segmentations of the envelope surface is
defined, ranging from persistence p = 0.0, where both signal and noise
features are segmented, to persistence p = 1.0 (full function range), where
the entire surface is collapsed into a single topological feature. It is then
possible to create statistics showing the number of bubbles over time using
a range of persistence thresholds. As shown in Section 14.3.2, the mix-
ing behavior can differ significantly across scales. Using the simplification
sequences, one can capture the behavior on all scales without recomput-
ing the MS-complex. Domain scientists interact with a visualization of the
segmented surface and select an appropriate persistence value, based on
their physical intuition of a correct segmentation of bubbles.

14.3.2.3 Results: Bubble Counts and Quantification of Mixing Phases
The input data consist of 758 time steps, each time step containing about
5.8 GB of density data defined on a 11523 grid. This analysis was performed
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on 68 dual-processor nodes of a cluster running Linux. For each time step,
an isosurface at density value 2.98 is extracted and the MS-complex is
computed with function f set to the Z-coordinate of each point. The iso-
surface extraction takes about 15 seconds at early time steps and about
30 seconds at the late time steps, where the surface is more complex. The
MS-complex computation takes about 2 seconds at early time steps and
about 25 seconds at late time steps. A digest of all required data is com-
puted from the MS-complex, which enables efficient calculation of bubble
counts for any choice of persistence value.

Figure 14.11 describes the count for three choices of persistence values.
The inset figures show the segmentation of the isosurface into bubbles.
Initially, there existed no clear choice for the persistence. However, the
analysis pipeline is flexible enough to compute the MS-complex and bub-
ble count at any persistence from the digest. Thus, this approach can pro-
vide scientists with a variety of visualizations and statistics for different
choices. Ultimately, they can study the results and choose the parameter
most closely aligned with their understanding of the phenomenon. It is
important to note that the points of inflection, where the slope of each
curve changes, occur at the same time step for all three scales. This fact
indicates that the key results of the analysis are fundamentally insensitive
to the choice of persistence value—the measurements of interest for this
data are primarily focused on the trends of the derivative rather than the
absolute value of the bubble count.

After an extensive evaluation of visual and numerical information by
expert scientists, a bubble count was settled upon, corresponding to a per-
sistence value of 2.39% of the function range at the end of the simulation.
Figure 14.12 shows the result of this detailed analysis summarized by the
final bubble count curve and its derivative. The plot reveals four phases
of the mixing process providing, for the first time, a quantification of the
mixing rates and the transition times between the different stages.

14.3.3 Topological Analysis of Filament
Structures in Porous Media

Having a concise representation can enable interactive exploration of the
feature space of a dataset. We illustrate this with an example from the phys-
ical sciences [11]. Physicists and material scientists conducted an experi-
ment where a simulated porous solid is struck by an object travelling at high
speed. The impact forms a crater over time, changing the properties of the
material. The porous solid is made of copper filaments with 25% density.
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FIGURE 14.12  (See color insert.) Bubble count and its derivative. The derivative
curve shows four regions of constant slope, each corresponding to distinct stages
of the turbulent mixing process.

The data are represented as a signed distance field from an interface surface
that is the outer boundary of a solid material. Positive values indicate loca-
tions inside and negative values outside the solid material of the copper
foam. The analysis of these data must answer the following questions—How
can one quantify the loss of porosity of the material? How does the filament
density profile of the material change? What is the portion of the mate-
rial that is affected by the impact crater? How does the structure around
the impact crater change? Furthermore, the answers to these questions also
should account for uncertainty in the feature definition, that is, how a fila-
ment is defined. We show a topology-based technique to answer these ques-
tions that computes a curved skeleton representation of the data using the
MS-complex. Figure 14.13 illustrates the porous material at different times
in the simulation as well as the final results of the filament extraction.

Several factors make the analysis of the filament structure difficult.
First, the scale of the structure is not known. While scientists may have
a general idea of the size and distribution of the structure, any analysis
based on such guesses would be skewed. For example, the scale of poros-
ity is locally affected by the impact crater, and an analysis technique must
capture both large- and small-scale features. Second, the initial interface
surface, from which the distance field is generated, is constructed with
uncertainty in its initial position. The results of the analysis should be
stable to small perturbations in this position, and additionally, quantify
the level of stability of the results.
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FIGURE 14.13 Top: A volume rendering of the positive values of the dis-
tance field for four time steps. The ball, shown in the starting configuration
(a), strikes the porous solid and forms an impact crater (b—d). Bottom: A visual
comparison of the filament structures computed using the MS-complex for
subsequent time steps. The segments indicate where the filament structure has
moved.

This topology-based approach constructs the MS-complex for the
distance field, enabling interactive analysis of its 1-skeleton to find sta-
ble thresholds from which to construct a filament representation of the
porous solid. The filament representation is used to answer the underlying
science questions.

14.3.3.1 Finding a Stable Filament Structure

First, the three-dimensional MS-complex is computed for the full resolu-
tion data and its one-skeleton, critical points, and arcs are stored. These
represent all possible filaments at the finest resolution. The signed distance
field has a string of maxima located along potential filament locations, and
these maxima are connected to each other by 2-saddle-maximum arcs of
the complex. By representing the function concisely in a graph structure,
subsequent queries become fast and combinatorial in nature, enabling
interactive exploration of feature definitions.

It is through simplification and filtering that filaments of the porous
material are extracted from the feature space encoded by the MS-complex.
Similar to the over-segmentation of bubbles in Section 14.3.2, the finest-
scale MS-complex encodes unimportant features as well as the important
ones. Persistence-based simplification is used to remove noise; however,
further analysis is first performed to determine what can be removed
safely as noise, and what must to be kept as a feature. To do this, the distri-
bution of 2-saddle-maximum arcs is plotted, as illustrated in Figure 14.14.
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FIGURE 14.14  The fine-scale 1-skeleton of the initially computed Morse-Smale
complex for the full dataset (a). Each 2-saddle-maximum arc is plotted in a den-
sity function by the values of the 2-saddle and maximum (b). Integrals along each
axis give cumulative density functions (c,d). Flat regions in these indicate stable
thresholds—moving a threshold would not change the number of 2-saddles or
maxima, and hence the topology analysis would be the same.

A high-valued maximum should only be cancelled with another high-
valued maximum to ensure that a cancellation does not artificially connect
two filaments that are sufficiently separated in value in the distance func-
tion. By inspecting the plot and its cuamulative density functions (along x
and y directions), one can determine that there is sufficient separation to
designate a stable threshold for simplification. In particular, it is possible
to cancel all arcs that do not entirely cross the range [—0.8, 1.5]. Having
flexible ranges helps overcome any sensitivity to the initial location of the
interface surface. In this case, the extracted filament structure is stable
with the input surface moving within that range of values. Note that
the analysis is entirely performed using the 1-skeleton of the complex, a
concise representation with enough semantic information for a detailed
analysis.

The filaments are finally extracted as 2-saddle-maximum arcs that sur-
vive the simplification and are entirely contained above the isosurface for
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isovalue zero. Selection and display of these arcs with different threshold
values is performed interactively, allowing a scientist not only to see the
quantitative results change with threshold values, but also understand
how the thresholds affect the extracted structure.

14.3.3.2 Comparison of Filament Structures

Comparison of two filament structures is performed using a number of
heuristics: (1) Hausdorft distance, (2) average distance between closest
pairs on the two graphs, (3) number of simple cycles in each graph, to esti-
mate connectivity, and (4) total length of edges in each graph.

The filament structure is computed using the MS-complex for each
time step in the simulation. Using these distance measures, one can com-
pare qualitatively how the structure of the material changes between time
steps. Figure 14.13 is a visual depiction of the displacement of filament
segments at different times after impact. Note the large displacements
near the crater, and the nearly zero displacement well below the crater.

It can be seen from a visual inspection that the density of the material
has limited changes in the bottom one-third of the sample. This is partly
due to the fact that the foam is extremely efficient at absorbing the impact
shock wave. The key statistics of the filament structure for each time step
are summarized in Table 14.2.

The ratio of cycle counts before and after the impact supports this
observation, as approximately two-thirds of the cycles are destroyed.
The ratio of the total length of the filaments before and after the parti-
cle impact implies that the volume of material displaced by the crater is
approximately one-half the volume of the rest of the material. Since this
ratio is fairly close to the ratio of the cycle counts, one can say that the
majority of the filaments that were broken happened to be in the interior
of the crater. The sum of the Hausdorff distances between the time steps is
98.6, giving the maximum distance that any element of the material trav-
eled during the impact. This number is surprisingly high, corresponding
to the entire depth of the crater; it indicates that the material of the fila-
ments first hit by the particle was displaced along the trajectory of the par-
ticle. The average distance between the closest pairs in the graphs of the

TABLE 14.2  Statistics for Individual Time Steps

Metric t=1500 t=12,750 t=25,500 t=51,000
No. of cycles 762 340 372 256
Total length 34,756 24,316 23,798 18,912
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consecutive time steps was less than 5.0, indicating that the displacement
did not propagate into the material, outside the direct path of the particle.

This approach shows that the concise representation provided by the
1-skeleton of the MS-complex was powerful enough for sophisticated
analysis of the dataset. Furthermore, features may arise in locations not
initially predicted. The MS-complex is a useful tool in identifying such
features since it provides a full characterization of the gradient flow behav-
ior. Therefore, analysis of the critical point pairs and arcs of the complex
can lead to a better understanding of the actual locations of the features,
and indicate where to apply topological simplification.

14.4 DATA EXPLORATION IN THE FUTURE

Given the ever widening gap between the data produced by the fastest
machines and file I/O rates, techniques like the ones described earlier will
be vital to ensure that scientists can explore and analyze their data in the
future. In particular, going forward, an ever increasing portion of analy-
sis and visualization related tasks will have to be incorporated into the
simulations themselves. We contend that this will be the only practical
means to access sufficiently large portions of the data at sufficiently high
temporal frequencies to allow for a reliable analysis. As indicated earlier,
the processing will likely take one of two forms: (1) create efficient data
layouts and/or summaries for later exploration; and (2) perform a large

set of meta-analysis steps, such as extracting the topological structure, to
enable more detailed postprocessing with less overall data.

For the former, we believe the next generation of techniques will con-
centrate on storing only “interesting” subsets identified on the fly by
appropriate analysis techniques while allowing direct access to a running
simulation for computational steering, on-the-fly visualization, and related
approaches. For the latter class of meta-analysis, the focus will be on the
development of abstract data representations, such as the MS-complex,
Jacobi sets [36], or Ridge-Valley graphs [37], which can compactly repre-
sent a broad class of features for subsequent analysis. Furthermore, new
large-scale, parallel algorithms will be required, which can extract such
structures from a running simulation with minimal impact to the per-
formance of the overall code. Some initial results exist, for example, to
compute MS-complexes in parallel [38] or to separate algorithms into a
fast in situ and an asynchronous in-transit part [2]. However, for other
structures, such as Jacobi sets, even serial implementations remain chal-
lenging today.
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14.5 CONCLUSION

Visualization, which is the transformation of abstract data into images,
plays a central role in virtually all fields of scientific endeavor. In particu-
lar, it is key for interactive data exploration, which is an indispensable part
of hypothesis testing and knowledge discovery. Like most fields discussed
in this book, visualization faces substantial scientific data management
challenges that are the result of growth in size and complexity of the data
being produced by simulations and collected from experiments. In this
chapter, we have indicated some effective directions in scientific data man-
agement that play a unique role in interactive data exploration.

Visualization applications that run on large-scale parallel machines
can derive great benefit from the tight integration of data management,
analysis, and visualization techniques. Staple operations, like slicing and
isosurfacing, can be vastly accelerated by taking advantage of proper
data layouts and associated metadata. In some cases, the simulation
or experiment produces such metadata as part of the data production
process. In other cases, we must generate that data ourselves. A signifi-
cant fraction of the code in these production visualization applications
is dedicated to scientific data management—they must support a pleth-
ora of input data formats, and therefore, they contain a number of data
loader modules; they must create an internal data structure that is suit-
able for use by a potentially large collection of visualization, analysis,
and rendering modules—all of which may potentially run in parallel on
shared and/or distributed memory machines. An open problem is one of
data models and semantics, where meaning is assigned to arrays of data
stored in data files.

With data of massive scale, it is often useful to perform a multiresolu-
tion analysis, working first with a smaller, coarser version of the data, then
progressively refine the analysis as interesting features are revealed. We
saw that a space-filling curve model has proven to be highly efficient for
the interactive analysis of massive data. However, direct output of such
a data model and layout are still in an experimental stage. This is a good
example of a data model and layout that works very well for multiresolu-
tion analysis, but that will require more research and development before
it will be used regularly by simulations for output. Topological methods
for multiscale, quantitative feature detection, and analysis have also been
demonstrated as highly effective in scientific knowledge discovery. They
provide higher-level abstractions that scientists can explore interactively
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even if the raw data are prohibitively large in size. They can, therefore, play
a central role in the future development of interactive data exploration
techniques.

The major barrier that data management, analysis, and visualization
techniques will face in the future is going beyond the current design as
postprocessing computations. Only a new generation of tools that can be
systematically deployed in situ can address the needs of future simula-
tion environments. In fact, the massive sizes of the models generated will
make it impossible to process the data effectively after the simulations are
completed. Moreover, the ratio between data stored and computed will
continue to get smaller and the analysis techniques would be more likely
to miss important phenomena since they may not be captured by the data
stored. An effective parallelization of all these techniques will be essential
for their practical use in knowledge discovery in a paradigm-changing
approach that requires tight integration with the simulation environments.
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15.1 INTRODUCTION

The way scientific results are published needs to be improved. First of all,
scientific research settings have changed dramatically toward a digital
environment [1], which calls for changes to traditional, paper-based
publishing. The idea of “nanopublications” [2], for example, suggests a
transition from the one-sided text publishing of scientific results to a more
structured, machine-understandable, and data-oriented perspective of
research and findings.

There is a need for change because the state of the art is insufficient
in too many ways: methods, datasets, results, and even publications are
not described in a machine-understandable way [3,4,5]. Moreover, they
are not openly accessible, and as a result, scientific settings can hardly be
reproduced. It is, therefore, difficult and time consuming to validate results
of any particular scientific effort. The problem is that either or both the
implementation of methods and the data behind a scientific article are
not openly available to assist a reviewer—or anyone else trying to repro-

duce a scientific setting—in his/her task. As a result, it takes too much
time to get scientific results into practice [1] or to produce new knowledge
on top of existing knowledge. Communities need better, faster, and more
open science to cope with, for example, the huge challenges related to our
environment (climate change, natural disasters) and society (health, food,
poverty).

Linked Science (see http://linkedscience.org)—or Linked Open Science
to emphasize the need for transparency—is an approach to interconnect
all scientific assets. By doing this, Linked Science seeks to revolutionize the
way thousands of research organizations and millions of scientists in them
work and produce new knowledge. Linked Science is defined as a combi-
nation of Linked Data (see http://linkeddata.org) [6,7], Semantic Web [8]
and web standards, open source and web-based online environments,
cloud computing (http://en.wikipedia.org/wiki/Cloud_computing), and a
machine-understandable technical and legal infrastructure.

In this chapter, we first describe the background concerning seman-
tic modeling of scientific resources and introduce the Linked Open Data
University of Miinster (LODUM) initiative in Section 15.2. In Section 15.3,
we present and define the Linked Science approach. Section 15.4 presents
the Linked Science Core vocabulary (LSC) for linking research settings
and all elements related to them together. We also present a case study
concerning geochange and deforestation, and provide a discussion of the
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related work, as well as a research agenda for the years to come. Section 15.5
concludes the chapter.

15.2 BACKGROUND

This section points to related work in the use of semantic technologies in
archiving and interlinking scientific assets. Moreover, we introduce the
LODUM project as a specific initiative to foster the future development of
the research process.

15.2.1 Semantics for Scientific Linkage

The vision of the Semantic Web introduced by Tim Berners-Lee in 2001 [8]
is based on the idea of making content on the web machine understand-
able. The transition from the level of character sequences to a level of
meaning is supposed to provide new opportunities for improving interop-
erability, search, and intelligent applications.

The basic prerequisite for communication is a basic common and
shared understanding. In the vision of the Semantic Web, ontologies play
a major role in the chain. According to Gruber, “an ontology is an explicit
specification of a conceptualization” [9]. Given this, ontologies aim to
assist in formalizing the knowledge of a domain. The goal is to enable
efficient sharing and integration of information. To lower the barrier of
achieving the Semantic Web outside the scientific research community,
Berners-Lee has proposed the Linked Data approach [6,7] that starts from
existing datasets (e.g., in relational databases or various flavors of XML)
and provides lightweight semantic annotations.

In this way, the contents in millions of datasets—freed from data silos*
that do not allow easy access or reuse—become part of the web of data
and will be interlinked and described using vocabularies. In Linked Data,
online resources are identified by uniform resource identifiers (URIs),
which are in an ideal case dereferenceable, so that users and machines
accessing the data can discover more knowledge by following links.
Shared vocabularies will assist in linking data in a useful and meaningful
way. Thus, the idea is that data published as Linked Data facilitate sharing
between heterogeneous domains, such as scientific disciplines.

Vocabularies are a key part of the Linked Data principles as they provide
means to overcome semantic interoperability problems [10]. An example

* Berners-Lee called for raw data now in his 2009 TED talk; see http://on.ted.com/9x4B.
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underlying the necessity of vocabularies can be seen in the deforestation
domain [11]. In Brazil’s National Institute for Space Research (INPE) (see http://
www.inpe.br/ingles/index.php), the term “desflorestamento” (in Portuguese)
has been introduced to refer to the clearing of vegetation and transition cat-
egories, omitting the clearing of cerrado (savanna). However, the state govern-
ment of Mato Grosso uses the term “deforestation” (desmatamento), referring
to all three categories (forest, transition categories, and savanna).

As aresult, the deforestation rates of the two organizations are not com-
parable because of the disagreement on the basic terms. By formalizing
such concepts and publishing them as vocabularies, disambiguities could
be identified and eventually resolved so that knowledge can be shared
more efficiently. Naturally, these semantic interoperability problems
expand even more between and across heterogeneous scientific domains.
The Linked Data approach aims to provide new perspectives and solutions
for knowledge interconnection to overcome such problems.

15.2.2 LODUM: Linked Open Data University of Miinster

The University of Miinster, Germany, is one of the first universities to
commit to an institution-wide Linked Open Data program. The goal of the
LODUM initiative (see http://lodum.de and http://data.uni-miinster.de) is
to increase transparency and comprehensibility both for research and for
administrative matters. Beyond the technical infrastructure required to
put this undertaking into practice—server facilities to run a triple store,
SPARQL endpoint, data dumps, backups, and synchronization jobs—
fostering a change in the mindset of the university’s research community
is key for the success of LODUM. Open Access must be propagated as
the preferred way of publishing results, along with the primary data on
LODUM (or any other) data platform.

Although the long-term focus is on scientific data and publications,
other data, such as class schedules and administrative data, are also already
being integrated into the LODUM infrastructure. These additional data
complement the LODUM strategy and allow a larger group of users to ben-
efit from the infrastructure by including students and administrative staff.
By implementing Open Access and Linked Open Data principles through-
out the university, LODUM aims to make the output of the university more
visible and foster collaboration, both between the university’s faculties
and with partners. Figure 15.1 shows an example of how LODUM inter-
connects different resources—organizations, people, buildings, rooms,
courses, research, and publications—coming from heterogeneous sources.
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FIGURE 15.1 Example of how LODUM interconnects different resources com-
ing from heterogeneous sources.

Making these raw data accessible to guarantee reproducibility of the
results documented in the publication has to become the rule, not the excep-
tion. In some fields, this is already a common practice, such as in bioinfor-
matics, where articles can only be submitted to a journal along with an ID
for the genome sequence in the focus of the article. This ID is obtained by
uploading the sequence to the Gene database hosted at the National Center
for Biotechnology Information (see http://www.ncbi.nlm .nih.gov/gene).

15.2.3 Activities by Scientific and Publishing Communities

More and more universities and research-related organizations are likely to
increase efforts for opening their data. Projects such as the VIVO Project
at Cornell University (see http://vivo.cornell.edu), LUCERO at the Open
University (see http://lucero-project.info), the University of Southampton
Linked Data (see http://data.southampton.ac.uk), Linked Life Data (see
http://linkedlifedata.com), Linked Open Drug Data (see http://www
.w3.org/wiki/HCLSIG/LODD), and Bio2RDF (see http://bio2rdf.org/) are
all actively producing Linked Data related to science, research, and learn-
ing. To increase and enable collaboration and sharing of ideas, the Linked
Universities (see http://linkeduniversities.org) network has been founded as
an alliance of European universities engaged in exposing their public data.



388 m Data-Intensive Science

Publishers and other related communities are also interested in devel-
oping new ways of ensuring reproducibility of research and developing
new types of citations. These efforts include, for example, workshops
such as “Beyond the PDF” at the University of California (see http://sites
.google.com/site/beyondthepdf/), “Data Citation Principles” at Harvard
University (see http://www.iq.harvard.edu/events/node/2462), and “Apps
for Science” (see http://appsforscience.com/) and “Executable Papers” (see
http://www.executablepapers.com/) challenges sponsored by Elsevier.

There is a need for efforts in building a community around Linked
Science to put this approach into practice. One of these efforts that
the authors of this chapter were involved in was the First International
Workshop on Linked Science (LISC 2011) (see http://linkedscience.org
/events/lisc2011) at the International Semantic Web Conference 2011 in
Bonn, Germany. The goal was to “discuss and present results of new ways
of publishing, sharing, linking, and analyzing such scientific resources
motivated by driving scientific requirements, as well as reasoning over the
data to discover interesting new links and scientific insights” Moreover,
related to this, the authors also organized a breakout session in Science
Online London 2011 (http://www.scienceonlinelondon.org/)—hosted
by Nature.com (see http://www.nature.com/) and Digital Science at the
British Library in London, UK—to develop vocabularies for scientific data
sharing and reuse. These events, along with others to be established, need
to continue at a regular pace to build a community around Linked Science.
The two meetings mentioned earlier have already shown that there is a
vibrant community working on various aspects of Linked Science and that
there is a lot of interest to develop this approach further and bring into
research practice, curricula, publishers, and funding bodies.

15.3 LINKED SCIENCE

Linked Science is an approach where scientific resources—for example,
workflows, processes, models, data, methods, and evaluation metrics—

are semantically annotated and interconnected [3]. To achieve linkage,
different resources have to be described and connected in an explicit,
formalized manner. In practice, this needs shared conceptualizations,
well-defined ontologies and vocabularies, and reasoning mechanisms to
represent, link, and share scientific knowledge.

The key motivation behind Linked Science is that it is crucial to efficiently
communicate information about scientific findings. Opening up scientific
data, methods, and results improves transparency, allows for reasoning to
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find links between researchers (e.g., “John has collaborated with Mary”),
supports validation of research results (e.g., “the scientific findings about
typical deforestation patterns by John can be verified online by anyone”),
and enables new ways of communicating results as media through interac-
tive visualizations. Ethical aspects and impacts on society and environment
are highly important when communicating science. To give an example,
observing deforestation in rain forests and reasoning about changes can
help in understanding and finally reducing deforestation [12].

In Linked Science, data are published on the web and resources are
semantically annotated, methods are available as open source for running
against the data, copyrights and licenses are clearly explicated, and all bits
and pieces are distributed and in the cloud. This means that Linked Science
is much more than simply providing scientific data as Linked Data. Namely,
as argued earlier by Bechhofer et al. [1], publishing data “has requirements
of provenance, quality, credit, attribution, methods in order to provide the
reproducibility that allows validation of results.”

One challenge that Linked Science targets is how to achieve semantic
integration and interlinkage of space and time within the scientific studies.
Temporal issues in representing and sharing knowledge are crucial as sci-
entific results often refer to a specific period. By linking knowledge, which
has these immanent properties of space and time, new perspectives for the
scientific community emerge. Links are useful in many practical settings.
On the web, links are used to browse web pages and to jump from one
web page to the next. Analysis of links is used by web search engines to
rank web pages given a certain query. Links between current and historical
places can be used to align historical and current scientific observations
together to analyze, for example, climate change. This could be done simi-
larly as a cultural heritage portal can recommend historical content even
if a user is querying by a contemporary place name [13]. The idea in the
Linked Science approach thus is that through interlinking all of the scien-
tific components together with vocabularies, it is possible to form a huge
collection of scientific data. This allows for interesting link and pattern dis-
covery, for example, links between research institutes and research trends.

In Sections 15.3.1 to 15.3.4, we present different aspects of Linked Science.

15.3.1 Distributing, Sharing, and Archiving Data

Linked Science relies heavily on Linked Data technologies. In brief, Linked
Data is about “using the web to create typed links between data from
different sources” [7]. It allows sharing and use of data, ontologies, and
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various metadata standards; in fact, a common vision is that it will be the
de facto standard for providing metadata, and the data itself on the web.

Linked Data is based on principles (http://www.w3.org/Designlssues
/LinkedData) that include using HTTP URIs as names for things so that
people can look up those names (and) when someone looks up a URI,
providing of useful information, using standards (Resource Description
Framework [RDF], SPARQL) and links to other URIs so that they can
discover additional information.

In Linked Data, all information is encoded using the RDF (http:/www
w3.0org/RDF/) as triples of the form <subject,predicate,objects>.
This allows different resources to be linked together using predicates,
and also literal values to be defined, such as names, for the resources. All
resources in Linked Data are identified using URIs. This allows for request-
ing more information using the URIs in a machine-processable manner.
In practice, this means that if a software agent requests a URI, then, for
example, all the triples where this URI is as a subject could be returned, or
alternatively even all triples where this URI is either a subject, a predicate,
or an object. Linked Science adopts this approach by identifying research-
ers, research institutes, publications, and research datasets as URIs.

Linked Data thus allows for the efficient distribution of data using web
standards. Scientists can make links from their data to existing datasets,
thus connecting scientific resources. There are several benefits of this
approach. First of all, distribution of data over the web reduces the space
needed to store data in a single, local environment. For example, if a sci-
entist is using geographic information—places with their coordinates and
polygonal boundaries and so on—he/she just links to existing datasets pro-
viding this information rather than downloading everything into his/her
local environment.

Thus, with the Linked Data approach, the size of the data is a smaller issue
because most of the data are already on the web, somewhere, and served
automatically by URIs on demand. Linked Data also allows for executing
and validating methods on real data on the (Semantic) web. Because it is
based on web standards, it clearly helps to achieve compatibility, in both the
long and short terms. In Linked Science, provenance [14,15] information is
published as Linked Data, using, for example, the Open Provenance Model
Vocabulary (http://purl.org/net/opmv/ns). For datasets, this means that
there is a record of who created the data, or encoded or transformed it,
who published it, and also who has used it. Moreover, knowledge about
the provenance of links themselves—for example, when a link was created,
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published, by whom, using which version of which database, or when a
link became obsolete [16]—may be used to connect and compare different
scientific results.

For each piece, records are also kept of when actions are per-
formed. In addition, the published article serves as documentation
for data and methods. Note that the scientific data itself can become
a publication, and can be referred and linked to. All this allows us
to use methods from the fields of Semantic Computing (see http://
en.wikipedia.org/wiki/Semantic_computing) and Machine Learning (see
http://en.wikipedia.org/wiki /Machine_learning) to analyze the semantic
and statistical similarities of Linked Data sets and other research resources
and thus detect plagiarism and copyright issues.

15.3.2 Open Source for Reproducible Research

The ability to reproduce research reported in publications is one of the key
requirements in science. However, practices for documenting are not fully
supporting this ideal. There are numerous reasons for this: data are not
easily available and reimplementing methods based on abstract descrip-
tions is time consuming, error prone, and sometimes even impossible—the
devil is in the details. In Linked Science, the methods and their implemen-
tations are provided as an inherent part of the publication.

For example, when a method running a statistical analysis is imple-
mented using the R Project (see http://www.r-project.org/), others can
simply run the same method again and thus reproduce results. If they are
experts in the field, they can analyze the implementation of the method.
In this setting, data are also needed—for this, accessing Linked Data via
SPARQL endpoints from within R has recently been made possible by the
SPARQL package [17].

15.3.3 Cloud Computing for Virtualization of Research

Cloud computing refers to efforts to execute code on machines around the
web, without the user knowing on which machine(s) the execution actu-
ally happens—thus, the term cloud computing. It is cost effective because
it makes efficient use of machines. Moreover, one pays only for the traf-
fic and computation needed, and not for the whole infrastructure. Cloud
computing also enables one to handle large-sized datasets because the user
does not have to handle them in their own environment. Furthermore, the
user does not have to self-maintain all different kinds of systems: it is likely
and also easier to find a needed system environment in the cloud than
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setting it up from scratch in a local environment. Furthermore, viruses
cannot cause that much harm in controlled environments offered by the
cloud. The access to data in Linked Science is provided also visually by
cloud-based services.

When all the predicates for describing the data are given unique URIs,
they enable the creation of more generic browsing and visualization facili-
ties. For example, there are already numerous online applications capable
of putting data on a map, if the data use those URIs for latitude and lon-
gitude proposed by the World Wide Web Consortium. Similarly, data in
Linked Science can be explored on a timeline, and by using other facets
such as theme, origin, author, and usage history.

15.3.4 Managing Licenses and Copyrights

In Linked Science, all the research data, copyright and license infor-
mation, the article itself, actions taken on them, and their provenance
information will be publicly available and represented as Linked Data.
In addition to checking copyright and license issues of certain datasets,
this approach also allows for querying and filtering datasets using the
references to copyright schemes and licenses. Hence, this also enables on
to find interesting datasets that fulfill the usage permission criteria of a
planned research setting.

License issues have widely been recognized as important to ensure
transparency. A set of Panton Principles has been published recently to
promote a clear explication of licenses and to ensure openness of data. As
a summary, the Panton Principles (Quoted from http://pantonprinciples
.org) state the following

1. When publishing data make an explicit and robust statement of your
wishes.

2. Use a recognized waiver or license that is appropriate for data.

3. If you want your data to be effectively used and added to by others, it
should be open as defined by the Open Knowledge/Data Definition—
in particular, noncommercial and other restrictive clauses should
not be used.

4. Explicit dedication of data underlying published science into the public
domain via PDDL or CCZero is strongly recommended and ensures
compliance with both the Science Commons Protocol for implement-
ing Open Access Data and the Open Knowledge/Data Definition.
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15.4 ENCODING AND LINKING SCIENTIFIC KNOWLEDGE

This section first introduces the Linked Science Core Vocabulary. This is
followed by a use case to show how the vocabulary can be used to describe
research settings dealing with deforestation and related phenomena
within the Brazilian Amazon Rainforest. We conclude by an overview of
relevant related work.

15.4.1 Linked Science Core Vocabulary

The LSC (see http://linkedscience.org/lsc/ns/) is designed for describing
scientific resources, including elements (see, e.g., http://en.wikipedia.org
/wiki/Scientific_method) of research, their context, and interconnecting
them. We introduce LSC as an example of building blocks for Linked Science
to communicate the linkage between scientific resources in a machine-under-
standable way. The “core” in the name refers to the fact that LSC only defines
the basic terms for science. We argue that the success of Linked Science—or
Linked Data in general—Ilies in interconnected, yet distributed vocabularies
that minimize ontological commitments. More specific terms needed by differ-
ent scientific communities can, therefore, be introduced as extensions of LSC.

Lightweightiness, simplicity, and intuitiveness have been the main
design principles of LSC—it focuses on simple properties that can be used
to describe the content of a research article, that is, to relate the research,
hypotheses, predictions, experiments, data, and publications together.
The main classes include Research, Researcher, Publication, Hypothesis,
Prediction, and Conclusion. Figure 15.2 shows the main concepts and

Isc:dataProduced

Isc:tests

Isc:makes

_Isc:Hypothesis

Isc:isAboutTime

lioath Isc:timeAccepted @
Isc:Publication )T timeRevised
Isc:timeSubmitted

Isc:methodUsed

Isc:Prediction

Isc:isSupportedBy

Isc:participatesIn )
Isc:Researcher Isc:Research
S

Isc:reportedIn

Isc:produces

FIGURE 15.2  Graph presenting the concepts and relations of the Linked Science
vocabulary.
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properties of the vocabulary. The property <isSupportedBy> can
be used for stating that a hypothesis is supported by a certain research.
Moreover, one hypothesis <makes> one or more predictions, and a
research <produces> a conclusion. Further on, <reportedIn> and
<reportss> are used to relate a publication, that is, the scientific paper
with the research embedded in it. The interconnection between the research
and data can be made via the properties <dataUsed> and <dataPro-
duceds. LSC also provides properties for locating the research in space
and time via the properties <isAboutRegions> and <isAbout-
Time>. Researcher is related to Research via <participatesIns.

15.4.2 Use Case: Describing and Linking a Research Setting

Both publications and studies reported in them can be located in space
and time. In the Linked Science approach, methods, data, and results are
opened up and made available in a machine-processable way. A similar
rationale applies to the meta-level information of scientific resources,
which refer to the metadata of the publication resources and the meta-
level information of the research embedded in them.

The spatial location of a publication has two aspects. On the one hand,
it may be the place it originates from. This could be, for example, a certain
university or research institute. On the other hand, location information
is introduced by the spatial extent of the study that is described in it, for
example, deforestation in the Brazilian Amazon Rainforest. The same prin-
ciple applies to the two temporal aspects of a publication—namely, the date
of the publication, for example, the year 2006, and the temporal extent of
the research it is about, that is, deforestation data from 1987 to 2000.

Itis very crucial to be aware of these different aspects when trying to orga-
nize and interconnect knowledge not only within one domain but also in het-
erogeneous ones. Especially, the ability to visualize the spatial and temporal
information of the studies sheds light on the spatial and temporal gaps and
overlaps, enabling better organization and management of the knowledge.

In the LSC, we propose terms for representing the different spatial
and temporal aspects of publications so that scientific data may be pub-
lished according to the Linked Data principles. For that, the properties
<isAboutTime> and <isAboutRegions are introduced for relat-
ing the research in a publication to its spatial and temporal extend. In
combination with the Open Time and Space Core Vocabulary (see http://
observedchange.com/tisc/ns/), a pluralism of spatial expressions can be
used as objects, describing the region a research is about.
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Figure 15.3 shows periods of interest of 13 different research settings.
The periods are shown by two granularities, decades (lower time band) and
years (upper time band). A lighter area in the lower time band indicates the
temporal extent of the upper time band. Visualization of the periods enables
one to detect gaps and overlaps between periods. For example, in the figure
we can see that data from the year 1999 is of interest in six different studies
while data for the year 2002 have been studied only in two research settings.
If similar kinds of descriptions were available for all research concerning
deforestation in the Brazilian Amazon Rainforest, it would enable research-
ers and funding agencies to find gaps and overlaps in a similar manner.

Figure 15.4 shows an extract of one of the example research settings
modeled, namely, an article entitled “Is deforestation accelerating in the
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FIGURE 15.3 A timeline presenting the periods of interest of 13 different
researches made concerning the Brazilian Amazon Rainforest.
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FIGURE 15.4 An example research setting modeled using LSC vocabulary.
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Brazilian Amazon?” by Laurance et al. (2001) [18]. Different LSC proper-
ties have been in use to model their research, for example, which methods
and data they used and which conclusions the research produced.

15.4.3 Discussion and Related Work

There are interesting related efforts for describing science. For example,
the Scientific Knowledge Infrastructure Ontology (SKlo) provides means
for describing scientific entities, processes, and methods using ontologi-
cal structures. SKlo is aligned with the foundational ontology DOLCE to
provide basic distinctions between objects, processes, abstract entities, and
qualities within the science domain. Moreover, the structures from DOLCE
to define causes and effects are used. The core idea in SKIo is that it can be
used to formally define scientific processes—that is, process semantics—
and to link them to publications. In a climate-modeling scenario, these
formal models may be used, for example, to examine multiple processes
causing the same output. This means that SKlo treats processes as func-
tions for similarity reasoning: if two functions with the same inputs—such
as the amount of rainfall—produce the same results, then the processes are
essentially the same. Moreover, ontology could be used for querying all the
environmental processes described in a given set of publications.

The Semantic Publishing and Referencing Ontologies (SPAR) (see
http://purl.org/spar/) is a set of ontologies intended for describing scien-
tific publications. The Citation Typing Ontology (CiTO) [19], for example,
can be used to explicate what kind of a reference relation (explicit, implicit,
or indirect) is in question between two publications. With CiTO, users can
indicate in a machine-processable way whether they agree or disagree with
other published research.

DataCite (see http://datacite.org/) is a community-driven effort for
enabling citations of datasets using Digital Object Identifiers (DOIs), and
to help archiving and accessing research data. The Semantic Web journal
(http://www.semantic-web-journal.net/) provides an open review process,
meaning that submitted articles are online, enabling anyone to comment
on them. Moreover, the reviews are also published online, exposing the
reviewer names by default.

Linked Data seems to offer a good basis for building Linked Science. For
example, CrossRef (http://www.crossref.org/)—a consortium of roughly
3000 publishers—published millions of pieces of information about pub-
lications as Linked Data at the end of April 2011. All these pieces of data
may be further linked to research settings they had, methods they used,
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and scientific knowledge they produced to implement the Linked Science
approach.

15.4.4 Research Agenda for the Future

Enabling exact descriptions of all relevant scientific resources is crucial
in achieving Linked Science. This means that pieces of well-defined
information can and should themselves become publications. A research
agenda for the future should, therefore, include finding ways to lower
the barrier of publishing small pieces of new knowledge together
with verification mechanisms rather than always requiring full 10- to
20-page articles. This will ultimately include a data reviewing process,
comparable to the established peer reviewing processes for scientific
publications.

In Linked Science, browsing and reproducing results should be as easy
as it is today to click pages on the web. The research agenda for the future
should thus concentrate on making, sharing, and reusing scientific knowl-
edge as easy as possible.

In this chapter, we proposed and presented the LSC and showed how to
use it for describing a research setting. We foresee that the research agenda
for years to come should include to further develop and evaluate the LSC
in different scientific settings. This includes research about required rea-
soning mechanisms to interconnect scientific resources.

The listed topics of the First International Workshop on Linked Science
(see http://linkedscience.org/events/lisc2011) provide some ideas about
where the research on Linked Science should focus. These topics include,
for example, formal representations of scientific data, integration of
quantitative and qualitative scientific information, ontology-based visu-
alization of scientific data, semantic similarity in scientific applications,
semantic integration of crowd sourced scientific data, and connecting
scientific publications with underlying research datasets.

To continue this list, provenance, quality, privacy, and trust of scien-
tific information are also crucial. Other goals include enriching scientific
data through linking and data integration, and having case studies on
linked science, that is, statistics and environmental monitoring. There is
also a need for developing Linked Data practices for disseminating and
archiving research results, collaboration, and research networks, and for
research assessment. The development of application scenarios of Linked
Science together with all their legal, ethical, and economic aspects provides
interesting research topics.
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Finally, the research agenda should also take into account the whole
variety of information in academic settings. For example, for encoding
information related to academic offerings, there are vocabularies such
as the Academic Institution Internal Structure Ontology (AIISO), the
Teaching Core Vocabulary (TEACH) (See http://linkedscience.org/teach
/ns/), Metadata for Learning Opportunities (MLO), the XCRI Course
Advertising Profile (XCRI-CAP), the Dublin Core metadata terms, the
Friend of a Friend -vocabulary (FOAF), and the Open Provenance Model
Vocabulary. These and other novel vocabularies should be further devel-
oped, evaluated, and taken into efficient use for increasing the linkage
between scientific resources.

The LSC naturally faces the same challenges that have prevented the
adoption of many other ontologies and vocabularies. Our aim is to tackle
these challenges by (1) providing a lightweight structure, including only
core terms and predicates and, therefore, minimizing ontological com-
mitment; (2) providing clear examples of the use; (3) enabling the LSC to
be technically accessible as Linked Data; and (4) involving the community
to further develop and extend it.

15.5 CONCLUSIONS

In this chapter, we have laid the foundations for interconnecting scientific
resources to increase the transparency, openness, and reproducibility of
science. We first explained the concept of Linked Science, that is, publish-
ing data using web techniques, opening and running methods in clouds
for reproducing scientific processes, and explicating copyright and license
issues. We also gave an overview of the technologies required for Linked
Science. This includes publishing of data, methods, resources, results,
license, and provenance information together with the documentation,
and to help to establish trust related to them.

Linked Science, therefore, seeks to help authors, reviewers, publishers,
and the whole scientific community in their challenging tasks, and be the
key if not the future form of academic publishing. We gave an example of
how scientific knowledge can be encoded as Linked Data by using a combi-
nation of existing and developed vocabularies and ontologies. We showed
how the approach works with a set of publications related to research about
deforestation in the Brazilian Amazon Rainforest. Formalization of the
scientific results aimed at sharing the knowledge of the findings. Through
visualizations one may actually see what periods and spatial regions are cov-
ered by the knowledge resulting from the research. Results may, therefore,
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be used to get an overview of the research in a certain domain, and further
to find out potential gaps that need to be filled by new research settings.

15.6 GLOSSARY
Linked Data: A way to publish data using web standards and techniques.
In the Linked Data approach, all resources are identified and resolv-
able via HTTP URIs, and there is a linkage between the resources.

Linked Science: An approach where scientific resources—for exam-
ple, processes, models, data, methods, and evaluation metrics—are
semantically linked.

LODUM: The Linked Open Data University of Miinster project that
works on opening up and linking research and educational data.

Semantic Web: A vision of a web where the meanings of things are
explicitly defined such that autonomous agents can share these
meanings, connect to and combine results of various semantic ser-
vices, and perform useful actions for a user.
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CHAPTER 16

Summary and
Conclusions

Terence Critchlow and Kerstin Kleese van Dam

Due to the evolution of both experimental and computational capabilities,
science today is data intensive. This book has presented a variety of per-
spectives on the challenges that science is facing due to this rapid increase
in data volumes and complexities, as well as discussions of leaders in the
field of data-intensive science (DIS) on current leading edge technologies
and their vision for the future.

As shown in the three science-focused chapters (Chapters 3 through 5),
the nature of scientific collaboration is changing in the face of DIS. To
address today’s grand challenge problems, projects are bringing together
geographically dispersed teams of scientists with multidisciplinary back-
grounds. The nature of challenges such as developing effective treatment
for diseases, understanding the universe, or designing materials with spe-
cific, complex properties requires the participation of experts from vari-
ous domains to formulate solutions. However, this new cross-disciplinary
collaborative work also increases the communication challenges within
these teams. These challenges are further heightened by the amount of
distributed, heterogeneous information that must be effectively analyzed
to gain new insights. Within a single scientific domain, the amount of
information being produced is staggering, but having to combine infor-
mation from multiple domains brings differences such as terminology and
scale to the forefront and renders many traditional technology approaches
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obsolete. Furthermore, this integration needs to happen within a frame-
work that supports data privacy and security—without these assurances,
science teams will not be able to effectively share their information. There
is currently no easy way to sort through this data to identify the relevant
information and disseminate it across the team in a way that enables the
key scientific insights required to make breakthroughs. However, given
the complexity of these scientific grand challenges, it is clear that the
teams that can effectively transform data into knowledge are going to be
the leaders in the future of science.

As the chapters describing current technology approaches (Chapters 6
through 8) show, technology is quickly adapting to these new require-
ments. Capabilities are constantly being provided or enhanced, and the
amount of information that can be effectively analyzed by science teams
continues to increase. Despite this progress, however, enabling the full
potential of DIS remains an elusive goal.

There are ongoing debates in the technical community about the best
approach to data analysis, some of which have been reflected in the pre-
ceding chapters. For example, cloud computing, supercomputers, and
Hadoop/MapReduce clusters are viewed as potential solutions to certain
DIS challenges—cloud computing holds the promise of scalability, can be
accessed by familiar tools, and brings the data and compute resources close
together; supercomputers support scientific breakthroughs by providing
an environment in which a class of applications, including data-intensive
applications, can be executed in parallel on hundreds of thousands of
cores; Hadoop provides a scalable analysis technology that is appropri-
ate for many queries. Unfortunately, none of these technologies is a clear
winner because they all have inherent drawbacks as well. Cloud comput-
ing can be expensive when data are not “born in the cloud” but rather
must be transferred to a cloud storage mechanism from somewhere else,
such as an experimental facility or a supercomputing center. Furthermore,
the abstractions that enable the cloud—both compute and storage virtu-
alization—can have a significant, negative impact on performance when
dealing with information that is spread across multiple physical locations.
Finally, cloud solutions are not currently easily transferred across vendors,
locking science teams into specific services even as new solutions become
available. Supercomputers require expert users to develop programs that
will run efficiently. These experts are constantly required to update the
underlying code base as machines evolve and new platforms are rolled
out. Typically, these machines are oversubscribed, limited in the amount
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of time they give each science team, and not available to a majority of
scientists. Finally, because they are, by definition, pushing technology,
they tend to be extremely expensive to both build and maintain. Hadoop’s
shared-nothing approach provides a different hurdle. While it works well
for many types of analysis, it is not efficient when algorithms require sig-
nificant coordination or data sharing among parallel processes. It is also
not clear how a Hadoop approach would be used to combine heteroge-
neous datasets, where the merge algorithms would need to adapt to the
semantics of the data instead of being uniformly applied, and the results
would be semantically incomparable. All of these approaches continue to
evolve and adapt to overcome their shortcomings. Whether one will even-
tually evolve into a comprehensive solution for DIS or a new approach, not
yet developed, will ultimately address these challenges is yet to be seen.
The heart of this book (Chapters 9-15), highlights some of the primary
areas of research focused on providing solutions to DIS. These chapters
were selected to show the breadth of work that remains and to provide
some insight into how these challenges may be overcome. To that end,
each chapter focused on a specific research domain, the key challenges
facing that domain, and how solutions to those challenges will impact DIS:

o Chapter 9 focused on the network underpinning all DIS. While the
network layer is simply assumed as given by most science teams, and
even most programmers, ensuring it continues to scale will be criti-
cal to the success of future DIS efforts.

 Chapter 10 focused on understanding the semantics of the data, spe-
cifically how using the data to define the ontology provides an effec-
tive approach for defining the underlying concepts and relationships.

o Chapter 11 focused on the practical challenges involved in combin-
ing data from heterogeneous sources. In highly dynamic scientific
domains, the idealized approach to data integration, where schema
are precisely mapped between source and targets, is not as useful
as a less precise but more flexible approach of simple to create, data
transformation pipelines based on algebraic functions using cloud
computing.

o Chapter 12 focused on understanding where information comes
from. Having a clear, understandable, data provenance chain is criti-
cal to establishing the trust required to effectively share information
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between science teams. Unfortunately, that is not always as simple
as it sounds.

« Chapter 13 focused on a new frontier for data analysis, in situ com-
puting. For computational science, where simulations are run on the
fastest available supercomputers, the disparity between the informa-
tion that can be produced and what can be saved is increasing. This
difference is forcing teams to analyze data as they are created, and
store the analytical results instead of the original data.

« Chapter 14 focused on techniques for exploring large datasets. In an
environment where the scientists do not know exactly what they are
looking for, interactively manipulating the data is the key to gain-
ing the critical insights required to advance science. New, scalable
approaches to data exploration, such as multiresolution and topo-
logical analysis, are presented.

« Chapter 15 focused on how to establish the appropriate context
around the information being produced. Information does not exist
in a vacuum; to effectively understand it, we need to understand its
relationship to other information through semantically meaningful
connections. This is leading to new paradigms in data publishing
and archival.

Currently, much of this research is disjointed, with advances being made
in individual research communities but little in the way of an effort to pull
together all of these advances into an overarching DIS solution that would
be adopted and customized by science teams. Even in cases where there is
clear overlap of capability, for example, the provenance of in situ data anal-
ysis results is critical to their acceptance, there is little cooperation between
the leading researchers in each field. We believe this will change over the
coming years as the current research teams address their domain-specific
challenges and begin to face the collective challenges of DIS.

While the challenges facing DIS are significant, there has already been
substantial progress in transforming its promise into reality. The next few
years will be exciting, both to watch and to participate in, as new technolo-
gies will enable even more impressive scientific breakthroughs.
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