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Preface

This book aims to provide a broad introduction to computational aspects of actuarial science
in the R environment. We assume that the reader is either learning or is familiar with
actuarial science. It can be seen as a companion to standard textbooks on actuarial science.
This book is intended for various audiences: students, researchers, and actuaries.

As explained in Kendrick et al. (2006) (discussing the importance of computational
economics):

Our thesis is that computational economics offers a way to improve this situation
and to bring new life into the teaching of economics in colleges and universities
[...] computational economics provides an opportunity for some students to move
away from too much use of the lecture-exam paradigm and more use of a laboratory-
paper paradigm in teaching undergraduate economics. This opens the door for more
creative activity on the part of the students by giving them models developed by
previous generations and challenging them to modify those models.

Based on the assumption that the same holds for computational actuarial science, we decided
to publish this book.

As claimed by computational scientists, computational actuarial science might simply
refer to modern actuarial science methods. Computational methods probably started in the
1950s with Dwyer (1951) and von Neumann (1951). The first one emphasized the importance
of linear computations, and the second one the importance of massive computations, using
random number generations (and Monte Carlo methods), while (at that time) access to dig-
ital computers was not widespread. Then statistical computing and computational methods
in actuarial science intensified in the 1960s and the 1970s, with the work of Wilkinson (1963)
on rounding errors and numerical approximations, and Hemmerle (1967) on computational
statistics. Then, the S language started, initiating R.

- R —

R includes a wide range of standard statistical functions and contributed packages that
extend the range of routine functions, including graphical methods. And once we get used
to it, R is an easy and intuitive programming language. As explained in Becker (1994):
“from the beginning, S was designed to provide a complete environment for data analysis.
We believed that the raw data would be read into S, operated on by wvarious S functions,
and results would be produced. Users would spend much more time computing on S objects
than they did in getting them into or out of S.” In the statistical literature, new methods
are often accompanied by implementation in R, so that R became a sort of lingua franca
in the statistical community (including connected areas, from social science to finance, and
actuarial science).

The best way to learn computational actuarial science is to do computational actuarial
science. And one of the best ways to do computational actuarial science is probably to
start with existing models, and to play with them and experiment with them. This is

xvii
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what we tried to do in this book. The focus in the book is on implementation rather than
theory, and we hope to help the reader understand the concepts without being burdened
by the theory. Nevertheless, references will be mentioned for those willing to go back to the
theory.

A long time ago, before becoming the CEO of AXA, Claude Bébéar published an article
on clarity and truth on the accounts of a life-insurance company, starting with a short
Persian tale:

Once upon a time, there was a very clever, prominent and respected life insurer.
He was regarded by all as a great technician, perhaps even a savant. There was no
one but him to estimate the premium to charge the insured, and to value commit-
ments of the insurer. But sometimes he had nagging doubts: was his science really
valued? What if mere commoners got their hands on this science, insinuating that
there was nothing admirable about it and in so doing, destroying his reputation
he had so patiently built? He had to act swiftly to protect himself. And so our
esteemed insurer, respected and ever so clever, invented an esoteric language he
called “actuarial science”. Thanks to him, generations of contented actuaries lived
and still live in the shelter of potential critics, adored by all. FEach year, bolstered
by the solid respect of accountants, they develop impressive Annual Reports which
those who are insured, shareholders and controllers of all kinds contemplate with-
out understanding and without daring to ask questions for fear of sounding stupid.
The system was perfect.

If actuarial science can be seen as an esoteric language to the vulgar, then computa-
tional aspects are usually seen as magic tricks. This is what Clarke (1973) mentioned in
his so-called third law of prediction, when claiming that “any sufficiently advanced tech-
nology is indistinguishable from magic.” The ambitious goal of this book is to demystify
computational aspects of actuarial science, and to prove that even complex computations
can usually be done without too much pain. I hope that after reading this book, everyone
will be able to become a magician.

——— Introduction to the R language ——

Chapter 1 will provide an introduction to the R language, for Windows, Mac OS X, and
Linux users. We will see how to manipulate standard objects, how to write a function, how
to import a dataset, how to deal with dates, how to plot graphs, etc. The difficult part of
books on computational techniques is to find a balance between

e a code efficient and fast, but where the algorithm is not explicit; and

e a simple code, where iterations or sums can be visualized easily, but which might be
slow.

The goal of the book is to provide an introduction to computational aspects of actuarial
science, so we will focus on simple codes. Nevertheless, more advanced methods will be
mentioned, such as parallel computing, and C/C++ embedded codes. Several technical
aspects of R will be mentioned in this introduction, but can be skipped the first time the
reader goes through the book. A dedicated section will introduce graphics with R. As Yogi
Berra (baseball player and/or philosopher) said:

You can see a lot by just looking.



Preface Xix

Visualization is extremely important, and simple R code can help to plot (almost) any-
thing. After reading those pages, anyone will be able to understand the computational
aspects of the algorithms dedicated to actuarial computations described in the following
chapters.

—— Statistical Models with R ——

From Chapters 2 to 6, we will get back to the methodology and statistical modeling
issues, with R. Because these chapters focus on methodological aspects, several packages
will be used in each chapter (while later on, for each specific application, one dedicated
package will be used). In Chapter 2, Christophe Dutang will discuss standard inference,
with a description of univariate loss distribution, parametric inference, and goodness of fit.
A section will be dedicated to the collective model and aggregate loss distribution, and a
section will also mention multivariate distribution and copulas. In Chapter 3, Arthur Char-
pentier and Benedict Escoto will introduce the Bayesian philosophy, insisting on Bayesian
computation. Two sections will focus on important applications: regression modeling from
a Bayesian perspective and credibility models. Then, in Chapter 4, Arthur Charpentier and
Stéphane Tufféry will give an overview of credit scoring and statistical learning. The goal
of this chapter is to describe techniques used to model a binary variable, starting with a
logistic regression (from the standard version to ridge and lasso regression techniques), clas-
sification trees, random forests, and concluding with boosting of trees. Then, in Chapter 5,
Renato Assuncao, Marcelo Azevedo Costa, Marcos Oliveira Prates, and Luis Gustavo Silva
e Silva will introduce spatial analysis, with an application to car accidents. And finally, in
Chapter 6, Eric Gilleland and Mathieu Ribatet will recall extreme value theory, with an
application on reinsurance pricing.

—— Life Insurance and Mortality with R ——

Chapters 7 to 10 discuss the computational aspects of life insurance. In Chapter 7, Giorgio
Spedicato will discuss life contingencies calculations using R. Then, in Chapter 8, Heather
Booth, Rob J. Hyndman, and Leonie Tickle will introduce prospective life tables, and extend
computations of Chapter 7 by incorporating a dynamic component on population datasets.
In Chapter 9, Julien Tomas and Frédéric Planchet will focus on prospective life tables from
an insurer’s perspective, and willing to use portfolio experience. And finally, in Chapter
10, Frédéric Planchet and Pierre-E. Thérond will recall techniques used in survival analysis
when dealing with censored data (with partial information).

—— Actuarial Finance with R ——

In Chapters 11 to 13, we will focus on finance from an actuarial perspective. In Chapter
11, Yohan Chalabi and Diethelm Wiirtz will discuss stock price models and nonlinear time
series. In Chapter 12, Sergio S. Guirreri will describe standard techniques used to model
yield curves and interest rates models, again from an actuarial perspective. And finally, in
Chapter 13, Yohan Chalabi and Diethelm Wiirtz will present techniques used on portfolio
optimization problems.
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——— Nonlife Insurance with R ——

Finally, in Chapters 14 to 16, we will see how to use R to deal with computational aspects
of nonlife insurance. In Chapter 14, Jean-Philippe Boucher and Arthur Charpentier will
discuss motor insurance pricing, using generalized linear models, to model claims frequency,
and average costs of motor claims. In Chapter 15, Katrien Antonio, Peng Shi, and Frank
van Berkum will discuss extension on longitudinal models, introducing dynamics. In this
chapter, they mention no-claim bonus systems, and make connections with credibility mod-
els described in Chapter 3. And finally, in Chapter 16, Markus Gesmann will show how to
use R for IBNR computations and loss reserving.

—— Before Starting ——

To read the book, keep in mind that all chapters are independent (at least from a compu-
tational point of view). We suggest starting with an empty workspace to ensure that no
lurking objects can affect code execution. Emptying the workspace is easy using

> rm(list = 1s())

Then datasets used in this book data can be obtained in an R package called CASdatasets
that accompanies this book. It is available from the CRAN servers at http://CRAN.R-project.

org/.
On a computer connected to the Internet, its installation is as simple as typing

> install.packages("CASdatasets")

at the prompt. Note that additional references can be downloaded from

https://github.com/CASwithR

—— Acknowledgements ——

As the editor of the book, I am honored and proud that all the contributors agreed to
spend time on this book. All of them know more about the topic they write about than I
do, and most of them have written a package (sometimes several) used in computational
actuarial science. One of the constraints mentioned when I asked them to write their chapter
is related to the reproducibility concept mentioned in the first paragraph of this preface:
every reader should be able to reproduce what contributors have done. But probably more
important, I do not expect the readers to believe—blindly—that what they read is valid.
I specifically asked the contributors to show the core of the algorithm, so that readers can
reproduce what they have done with their own packages, as I truly believe in the power of
the do-it-yourself strategy, especially to understand algorithms.

All programs and data in this book are provided in good faith. The authors do not
guarantee their accuracy and are not responsible for the consequences of their use.

Finally, I should also mention that we tried in this book to mention important references
on actuarial models and computational aspects. Readers not (yet) familiar with R will find
there are dozens of recent books published on the R language. But they should keep in mind
that the strength of R is probably the community of R users. Most large cities in the world
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now have their own R groups, and the community is extremely active online. For instance,
stackoverflow (a popular question-and-answer site “for professional and enthusiast program-
mers’) has a tag for R related questions, http://stackoverflow.com/questions/tagged/r. See
also http://r.789695.n4.nabble.com/ for another large forum. I should also mention blogs,
as some of the contributors have one (and additional information related to what they have
can be found on their own blog). A nice blog aggregator is r-bloggers where almost 500
bloggers contribute, see http://www.r-bloggers.com/.

To conclude, T want to thank colleagues and friends for their valuable comments on
preliminary drafts of this book (Michel Denuit, Ewen Gallic, José Garrido, Hélene Guérin,
Stuart Klugman, Dan Murphy, Emiliano Valdez); students who asked for more computa-
tional aspects in actuarial courses; actuaries who asked for more details on how to imple-
ment theoretical methods they have seen in conferences; and all the staff from Chapman &
Hall/CRC, starting with John Kimmel (without forgetting Marcus Fontaine), for their con-
stant support of this project.

Arthur Charpentier, Montréal
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1.1 R for Actuarial Science?

As claimed on the CRAN website, http://cran.r-project.org/, R is an “open source software
package, licensed under the GNU General Public License” (the so-called GPL). This simply
means that R can be installed for free on most desktop and server machines. This platform
independence and the open-source philosophy make R an ideal environment for reproducible
research.

Why should students or researchers in actuarial science, or actuaries, use R for computa-
tions? Of primary interest, as suggested by Daryl Pregibon, research scientist at Google—
quoted in Vance (2009)—is that R “allows statisticians to do very intricate and complicated
analyses without knowing the blood and guts of computing systems.”

In this chapter, we will briefly introduce R, compare it with other standard programming
languages, explain how to link R with them (if necessary), give an overview of the language,
and show how to produce graphs. But as stated in Knuth (1973), “premature optimization is
the root of all evil (or at least most of it) in programming,” so we will first describe intuitive
(and hopefully easy to understand) algorithms before introducing more efficient ones.

1.1.1 From Actuarial Science to Computational Actuarial Science

In order to illustrate the importance of computational aspects in actuarial science (as in-
troduced in the preface), consider a standard actuarial problem: computing a quantile of a
compound sum, such as the 99.5% quantile (popular for actuaries dealing with economic
capital, and the Value-at-Risk concept). There exists an extensive literature on comput-
ing the distribution in collective risk models. From a probabilistic perspective, we have to
calculate, for all s € R,

N
F(s) =P(S <'s), where § = ZXi'

=1

By independence, a straightforward convolution formula (see e.g. Chapter 3 in Kaas et al.
(2008)) can be used:

[o ]
F(s) =Y F{'(x) - P(N =n).
n=0
From a statistician’s perspective, the distributions of N and X; are unknown but can be
estimated using samples. To illustrate the use of R in actuarial science, consider the following
(simulated) sample, with 200 claims amounts
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> set.seed(1)

> X <- rexp(200,rate=1/100)

> print(X[1:5])

[1] 75.51818 118.16428 14.57067 13.97953 43.60686

From now on, forget how we generate those values, and just keep in mind that we have
a sample, and let us use statistical techniques to estimate the distribution of the X,;’s. A
standard distribution for loss amounts is the Gamma(c, ) distribution. As we will see in
Chapter 2, other techniques can be used to estimate parameters of the Gamma distribution,
but here we can solve the normal equations, see for example Section 3.9.5 in Kaas et al.
(2008). They can be written as

(@)
I'(a)
To solve the first equation, Greenwood & Durand (1960) give tables for @ as a function of
M =log X —log X, as well as a rational approximation. But using the digamma function

I"(a)/T'(«), nowadays solving it is a trivial matter, by means of the function uniroot ().
This goes as follows:

—log X +log X =0 and B: %

loga —

> f <- function(x) log(x)-digamma(x)-log(mean(X))+mean(log(X))
> alpha <- uniroot(f,c(le-8,1e8))$root
> beta <- alpha/mean(X)

We now have a distribution for the X;’s. For the counting process, assume that N has
a Poisson distribution, with mean 100. A standard problem is to compute the quantile
with probability 99.5% (as requested in Solvency II) of this compound sum. There are
hundreds of academic articles on that issue, not to mention chapters in actuarial textbooks.
But the computational aspect of this problem can actually be very simple. A first idea
can be to compute numerically the sum (with a given number of terms) in the convolution
formula above, using that a sum of independent Gamma random variables still has a Gamma
distribution,

> F <- function(x,lambda=100,nmax=1000) {n <- O:nmax
+ sum(pgamma (x,n*alpha,beta)*dpois(n,lambda))}

Once we have a function to compute the cumulative distribution function of S, we just need
to invert it. Finding « such that F'(z) = .995 is the same as finding the root of function
x— F(x) —.995.

> uniroot (function(x) F(x)-.995,c(1le-8,1e8))$root
[1] 13654.43

A second idea can be to use fast Fourier transform techniques, since it is (at least from a
theoretical perspective) much more convenient to use the generating function when com-
puting the distribution of a compound sum, if we use a discretized version of X;’s. Here the
code to compute the probability function of S (after discretizing the Gamma distribution,
on N ={0,1,2,...}, with an upper bound, here 22°) is simply

> n <- 2720; lambda <- 100
> p <~ diff(pgamma(0:n-.5,alpha,beta))
> f <- Re(fft(exp(lambda*(fft(p)-1)),inverse=TRUE))/n

This is possible because R has a function, called £fft(), to compute either the Fourier
transform, or its inverse. To compute the quantile of level a;, we just have to find x, such
that F(zq — 1) < a < F(x,) (since we use a discretization on N). The R code to compute
that value is
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> sum(cumsum(£)<.995)
[1] 13654

All those methods will be discussed in Chapter 2. The point here was to prove that using
an appropriate computational language, many actuarial problems can be solved easily, with
simple code. The most difficult part is now to understand the grammar of the R language.

1.1.2 The S Language and the R Environment

R is a scripting language for data manipulation, statistical analysis and graphical visualiza-
tion. It was inspired by the S environment (the letter S standing for statistics), developed by
John Chambers, Douglas Bates, Rick Becker, Bill Cleveland, Trevor Hastie, Daryl Pregibon
and Allan Wilks from the AT&T research team in the 1970s. In 1998 the Association for
Computing Machinery (ACM) gave John Chambers the Software System Award, for “the S
system, which has forever altered the way people analyze, visualize, and manipulate data.”

R was written by Ross Thaka and Robert Gentleman, at the Department of Statistics
of the University of Auckland. John Chambers contributed in the early days of Rand later
became a member of the core team. The current R is the result of a collaborative project,
driven by this core team, with contributions from users all over the world.

R is an interpreted language: when expressions are entered into the R console, a program
within the R system (called the interpreter) executes the code, unlike C/C++ but like
JavaScript (see Holmes (2006) for a comparison). For instance, if one types 2+3 at the
command prompt and presses Enter, the computer replies with 5. Note that it is possible to
recall and edit statements already typed, as R saves the statements of the current session
in a buffer. One can use the T and the | keys either to recall previous statements, or to
move down from a previous statement. The active line is the last line in the session window
(called console), and one can use the < and the — keys to move within a statement in this
active line. To execute this line, press Enter.

In this book, illustrations will be based on copies of the console. Of course, we strongly
recommend the use of an editor. The user will type commands into the editor, select them
(partially or totally), and then run selected lines. This can be done in Windows RGui, via
File and New script menu (or Open script for an existing one). The natural extension for
R script is a .R file (the workspace will be stored in a .RData file, but we will get back to
those objects later on). It is also possible to use any R editor, such as RStudio, Tinn-R or
JGR (which stands for Java Gui for R). In all the chapters of this book, R codes will be
copies of prompts on the screen: the code will follow the > symbol (or the + symbol when
the command is not over). If we go back to the very first example of this book, in the script
file there was

set.seed(1)
X <- rexp(200,rate=1/100)
print(X[1:5])

If we select those three lines and press Run, the output in the console is

> set.seed(1)

> X <- rexp(200,rate=1/100)

> print(X[1:5])

[1] 75.51818 118.16428 14.57067 13.97953 43.60686

To go further, R is an Object-Oriented Programming language. The idea is to create
various objects (that will be described in the next sections) that contain useful information,
and that could be called by other functions (e.g. graphs). When running a regression analysis
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with SAS® or SPSS®, output appears on the screen. By contrast, when calling the 1m
regression function in R, the function returns an object containing various information,
such as the estimated coefficients 3, the implied residuals €, estimated variance matrix of
the coefficients var(8), etc. This means that in R, the analysis is usually done in a series of
consecutive steps, where intermediate results are stored in objects. Those objects are then
further manipulated to obtain the information required, using dedicated functions. As we
will see later (in Section 1.2.1), “everything in S is an object,” as claimed in the introduction
of Chapter 2 of Venables & Ripley (2002). Not only are vectors and matrices objects that
can be passed to and returned by functions, but functions themselves are also objects, even
function calls.

In R, the preferred assignment operator (by the user community) is the arrow made
from two characters <-, although the symbol = can be used instead. The main advantage
of the <~ is that it allows one to assign objects within a function,. For instance

> summary(reg <- 1m(Y"X1+X2))

will not only print the output of a linear regression, but will also create the object reg.
Again, Section 1.2 will be dedicated to R objects.

An mentioned previously, in this book, R code will follow the > symbol, or the + symbol
when the line is not over. In R, comments will follow the # tag (everything after the # tag
will not be interpreted by R).

> T <= 10 # time horizon

> r <- .05 # discount rate = 5%
> (1+r) " (-

+ T) # 1$ in T years

[1] 0.6139133

R computations will follow the [1] symbol. Observe that it is possible to use spaces. It
might help to read the code,

> @A +r)°(-T)
[1] 0.6139133

and it will not affect computations (unless we split operators with a space; for instance, <-
is not the same as < - : just compare x<-1 and x< -1 if you are not convinced). We also
encourage the use of parentheses (or braces, but not brackets, used to index matrices) to
get a better understanding.

> {1+r}~(-T)

[1] 0.6139133

If you are not convinced, try to understand what the output will be
> -2 7 .5

It is also possible to use a ; to type two commands on the same line. They will be executed
as if they were on two different lines.

> {1+r}"(-T); {1+r/2}"(-T)
[1] 0.6139133
[1] 0.7811984

As mentioned previously, instead of typing code in the console, one can open a script window,
type a long code, and then run it, partially or totally. It is also possible to load functions
stored in a text file using the source() function:

> source("Rfunctions.txt")
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1.1.3 Vectors and Matrices in Actuarial Computations

The most common objects in R are vectors (vectors of integers, reals, even complex, or
TRUE-FALSE boolean tests). Vectors can be used in arithmetic expressions, in which case the
operations are performed element by element: a*b will return the vector [a; - b;]. In actuarial
science, most quantities are either vectors or matrices. For instance, the probability that a
person aged x will be alive at age x +k is p,, which is a function of z and k (both integers)
and can be stored in a matrix p. Then any actuarial quantity can be computed using matrix
arithmetics. For instance, the curtate expectation of life, given by

oo
€x = E kPx,
k=1

can be computed using
> life.exp <- function(x){ sum(p[l:nrow(p),x]) }

Several actuarial activities (from ratemaking to claims reserving) are simply using past
data to create models that should describe future behavior. A set of techniques, called
predictive modeling, became widespread among actuaries. The goal is to infer from the data
some factors that better explain the risk, in order to compute the premium for different
policyholders, or to calculate reserves for different types of claims. As we will see, using
dedicated functions on those data, it will be possible to compute any actuarial quantity.
But before discussing datasets, let us spend some time on coding functions in R.

1.1.4 R Packages

A package is a related set of functions, including help files and data files, that have been
bundled together and is shared among the R community. Those packages are similar to
libraries in C/C++ and classes in Java. To get the list of packages loaded by default, the
getOption command can be used:

> getOption("defaultPackages")

[1] "datasets" "utils" "grDevices" "graphics" "stats" "methods"
> (.packages(all.available=TRUE))
[1] "AER" "evd" "sandwich" "lmtest" '"nortest"

and many more packages, previously installed on the machine. All these packages are avail-
able; you just have to load them. But before, we have to install a package from the Internet
(for instance quantreg to run quantile regressions) we use

> install.packages("quantreg", dependencies=TRUE)

and then we select a mirror site to download. The option dependencies=TRUE is used
because the quantreg package might be using functions coming from other packages (here,
the MatrixModels package has to be installed too). See Zhang & Gentleman (2004) for
interactive exploration of R packages. Note that if a package has not been loaded, it is not
possible to call associated functions:

> fit <- rq(Y ~ X1 + X2, data = base, tau = .9)
Error: could not find function "rq"

To load a package in R, one should use either the library() command, or the require()
one,
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> library(quantreg)

As mentioned in Fox (2009), the number of packages on CRAN has grown roughly
exponentially, by almost 50% each year (this was confirmed on updated counts). With
thousands of packages, inevitably, functions with similar names can be loaded. For instance,
the default stats4 package (containing statistical functions related to the S4 class that will
be discussed in the next paragraph) contains a coef function,

> coef

function (object, ...)
UseMethod ("coef")

<bytecode: 0x16d41d80>
<environment: namespace:stats>

Note the use of ellipsis (. ..) in the function. This is an interesting feature of R-functions,
that allows functions to have a variable number of arguments. But a function with the same
name exists in the VGAM package (for additive models, see Yee (2008))

> library(VGAM)
The following object(s) are masked from ’package:stats4’:

coef
Now function coef will be called from this package,

> coef
standardGeneric for "coef" defined from package "VGAM"

function (object, ...)

standardGeneric("coef")

<environment: 0x2981fcb0>

Methods may be defined for arguments: object

Use showMethods("coef") for currently available ones.

If the VGAM package is loaded, and we need to run function coef () from library stats4, it
is either possible to unload it, using

> detach(package:VGAM, unload=TRUE)

or to call the function using stats4: :coef.
Finally, observe that packages are regularly updated. In order to run the latest version,
it might be a good thing to run, frequently, the following line

> update.packages()

The update should be run before loading packages, and one should keep in mind that updates
might be possible only on the latest version of R (see Ripley (2005) for a discussion). It is
also possible to get an overview of existing packages on different topics on the task views
page, see http://cran.r-project.org/web/views/, such as empirical finance or computational
econometrics (see Zeileis (2005) for additional information).

Another difficult task, for new users, is to find which package will be appropriate to deal
with a specific problem. Consider the problem of longitudinal mixed models (developed in
Chapter 15). Consider the following hierarchical model

Yi=p/Xi+ v +mnZjn + v e

random component o
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where individual 7 belongs to a group (company, region, car type, etc.) j. Several packages
can be used to deal with this model, or more generally nonlinear mixed-effect models, such
as nlme or 1me4. One can also use plm for panel regression models. At least two functions
can be used to estimate the model above, 1me () and 1mer (). More details about function
lmer () can be found in Bates (2005), and from linear and nonlinear mixed effects models
described in Pinheiro & Bates (2000). For instance, to run a regression, use either

> reg <- lme(fixed = Y ~ X, random = ~ X | Z, method=’ML’> )
or
> reg <- lmer( Y ~ X+ Z + (1 | Z), method="ML’ )

Note that the syntax can be different, as well as the output. Gelman & Hill (2007) suggest
the use of 1lmer () for instance, as 1me () only accepts nested random effects, while lmer ()
handles crossed random effects. On the other hand, 1me() can handle heteroscedasticity
(while 1mer () does not). Further, 1me () returns p-values, while 1mer () does not. Choosing
a package is not a simple task.

1.1.5 S3 versus S4 Classes

In order to get a good understanding of R functions and packages, it is necessary to un-
derstand the distinction between S3 and S4 classes. The basic difference is that S3 objects
were created with an old version of R (or S, the so-called third version), while S4 objects
were created with a more recent version of R (or S, the so-called fourth version). But it is
still possible to create S3 objects with the latest version of R. For example, in regression
models, 1m, glm and gam are S3 objects, while lmer (for mixed effects models) and VGAM
(for vector generalized linear and additive models) are S4. See Bates (2003) for a discussion
about those two classes.

To illustrate the distinction between the two, consider the case of health insurance,
where we have characteristics of some individuals. It is possible to define a person object
that will contain all important information. And then we can define functions on such an
object.

S3is a primitive concept of classes, in R. To define a class that will contain characteristics
of a person, use

> person3 <- function(name,age,weight,height){

+ characteristics<-list(name=name,age=age,weight=weight,height=height)
+ class(characteristics)<-"person3"

+ return(characteristics)}

To create a person, we just have to give proper arguments:

> JohnDoe <- person3(name="John",age=28, weight=76, height=182)
> JohnDoe

$name

[1] "John"

$age
(1] 28

$weight
(11 76
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$height
[1] 182

attr(,"class")
[1] "person3"

Observe the use of the $ symbol, to get attributes of that list,

> JohnDoe$age
[1] 28

Then it is possible to define a function on a person3 object. If we want a function that
returns the BMI (Body Mass Index), use

> BMI3 <- function(object,...) {return(object$weight*led/object$height~2)}
Then, we can call that function on JohnDoe

> BMI3(JohnDoe)
[1] 22.94409

As mentioned in the previous paragraph, 1m objects are in the S3 class.

> reg3 <- lm(dist~speed,data=cars)

> reg3$coefficients

(Intercept) speed
-17.579095 3.932409

> coef (reg3)

(Intercept) speed
-17.579095 3.932409

> plot(reg3)

Note that with S3 objects, a function is usually defined with a certain list of arguments (see
the 1m function), and then to define a generic function, there is a UseMethod call with the
name of the generic function. For example, the generic summary

> summary

function (object, ...)
UseMethod (" summary")
<environment: namespace:base>

The latest version, S4, allows object-oriented programming with S (see Chambers &
Lang (2001)). An object is a set (or a list) of functions, and it should be associated with
functions dealing with that object. Object programming might appear more complex, as
the code should be thought through in advance. As mentioned in Lumley (2004), “as a price
for this additional clarity, the S4 system takes a little more planning.”

To create an object, use

> setClass("person4", representation(name="character",
+ age="numeric", weight="numeric", height="numeric"))
[1] "person4"

To create a person, use the new function, for example,
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> JohnDoe <- new("person4",name="John",age=28, weight=76, height=182)
> JohnDoe

An object of class "person"

Slot "name":

[1] "John"
Slot "age":
(1] 28

Slot "weight":
[1] 76

Slot "height":
[1] 182

Attributes of those objects are obtained using the @ symbol (and no longer the $)

> JohnDoeQage
[1] 28

Then, it is possible to define functions on those objects, for example, to compute the BMI.
The first argument will be the name of the function (here BMI4), the second one will be the
object name (here a person4), and then the code of the function. But first, it is necessary
to define the method BMI4 using the setGeneric function

> setGeneric("BMI4",function(object,separator) return(standardGeneric("BMI")))
[1] "BMI4"

> setMethod("BMI4", "person4",
function(object){return(object@weight*led4/object@height~2)})

[1] "BMI4"

Then, we can use this function on all individuals we have,

> BMI4(JohnDoe)
[1] 22.94409

As mentioned previously, VGAM objects are in the S4 class.

> library(VGAM)

> regd <- vglm(dist~speed,data=cars,family=gaussianff)
> regd4Qcoefficients

(Intercept) speed

-17.579095 3.932409

> coefficients(reg4)

(Intercept) speed

-17.579095 3.932409

For those two examples, we can see that S3 and S4 classes are rather similar, and actually,
both classes coexist (so far peacefully) in R. See Genolini (2008) for more details, especially
on the concept of inheritance that can be used only with S4 classes, Leisch (2009) on R
packages or Lumley (2004) which compares ROC curves (defined in Chapter 4) with S3 and
S4 classes, respectively.

It is necessary to understand that those two classes both exist, as some libraries use only
S3 classes (described in this introductory chapter), while others do use S4, such as several
probability distributions used in Chapter 2 (see Ruckdeschel et al. (2006) for a discussion
on S4 classes for distributions) or lifetable objects in Chapter 8.
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1.1.6 R Codes and Efficiency

In this book, we will discuss computational aspects of actuarial sciences. So there will be
a tradeoff between a very efficient code, where the structure of the algorithm might not be
explicit, and a simple code, to illustrate how to compute quantities, but which might be
quite slow. Efficient techniques will be mentioned in this chapter, and to illustrate efficiency,
instead of using flop counting (we might refer to Knuth (1973), Press et al. (2007) or Cormen
et al. (1989) for details), we will use R functions that measure how long a particular operation
takes to execute, such as system.time, which returns CPU times, and others. For instance,
if we consider the product of two matrices 1,000 x 1,000,

> n <- 1000

> A <- matrix(seq(1,n"2),n,n)

> B <- matrix(seq(1,n"2),n,n)

> system.time (A%*%B)
user system elapsed
1.040 0.020 1.226

we can see that on a standard machine, it took around 1 second to compute the product
(time is here in seconds). And around the same time to see that this matrix could not be
inverted

> system.time(solve(A%*%B))
Error in solve.default(A %x% B)

Lapack routine dgesv: system is exactly singular
Timing stopped at: 1.466 0.069 1.821

For deterministic computations, if we want to compare computation time, use function
benchmark from library (rbenchmark)

> benchmark (A*B,A%*%B,replications=1) [,c(1,3,4)]
test elapsed relative

1 A x B 0.006 1.000

2 A Yx% B 0.989 164.833

where we can see compare element by element and matrices product computations.
In the context of random number generation, it might be interesting to use the
library(microbenchmark). Here, based on ten computations of the same quantity,

> microbenchmark (AxB,A%*%B,times=10)
Unit: milliseconds
expr min 1q median uq max neval
A B 3.369552 3.49644 3.763942 5.085174 8.988348 10
A =% B 970.899445 979.78303 994.234688 999.586548 1024.985193 10

Here, on deterministic computations for the matrices product, it took 1 second, each time.
Those times might be very different when using Monte Carlo simulations, with much more
variability (especially when rejection techniques are used).

1.2 Importing and Creating Various Objects, and Datasets in R

After this general introduction, let us spend some time to discover R’s grammar.
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1.2.1 Simple Objects in R and Workspace
As claimed in the introduction of Chapter 2 of Venables & Ripley (2002),

“Everything in S is an object.”
“Every object in S has a class.”

For instance, to assign a value to an object (and to create that object if it does not exist
yet), we use the assignment operator <-. Command

> x <- exp(1)
> X
[1] 2.718282

will create a numeric variable denoted x, with value e.

> class(x)
[1] "numeric"

Almost all names can be used, except a small list of taken words, such as TRUE or Inf. The
latter is defined such that

> 1/0
[1] Inf

Observe that the largest number (before reaching infinity) is

> .Machine$double.xmax
[1] 1.797693e+308

So here,

> 2e+307<Inf
[1] TRUE
> 2e+308<Inf
[1] FALSE

And finally observe that

> 0/0
[1] NaN

where NaN stands for Not A Number (which makes sense because 0/0 is not properly de-
fined). If pi has a default value when starting R (7, ratio of a circle’s circumference to its
diameter, numerically 3.141593 - - - etc.), it is possible to create an object named pi. But it
might be a bad idea. Keep in mind also that, when loading R, T and TRUE are equivalent
(and so are F and FALSE), which explains why, in some codes, we can find mean (x,na.rm=T),
for instance. Nevertheless, we strongly recommend to avoid using T instead of TRUE, and to
keep T as a possible variable (that can be used for time). The list of all objects stored in R
memory can be obtained using the 1s() function. It is possible to define objects x2, x_2,
or x.2, but not 2x. Object names cannot start with a numeric value.
Using

>y <- x+1

will create another object, y with value e+ 1. From a technical point of view, R uses copying
semantics , which makes R a pass by value language: y stores a numeric value and is not a
function of x. Thus, if the value of x changes, this will not affect the value of y,
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> x <- pi

>y
[1] 3.718282

A numeric class object has values in R, while the class integer refers to values in Z. The
logical class is for values TRUE and FALSE.

The objects we created can be stored in a file called .RData (in the directory where we
started R). Our workspace is one of the several locations where R can find objects.

> find("x"
[1] ".GlobalEnv"

The workspace is just an environment in R (a mapping between names, and values). Note
that predefined objects are stored elsewhere

> find("pi")
[1] "package:base"

Objects can be stored in several locations,

> search()

[1] ".GlobalEnv" "tools:RGUI" "package:stats"

[4] ‘"package:graphics" "package:grDevices" "package:utils"
[7] ‘"package:datasets" "package:methods" "Autoloads"

[10] "package:Dbase"

1.2.2 More Complex Objects in R: From Vectors to Lists
1.2.2.1 Vectors in R

The most natural way to define and store more than one value in R is to create a vector,
which is probably the simplest R object. This can be done using the c() function (to
concatenate or combine)

> x <- ¢(-1,0,2)

> X

[1] -1 0 2
>y <= c(0,27x)
>y

[1] 0.0 0.5 1.0 4.0

Here, [1] states that the answer is starting at the first element of a vector: when displaying
a vector, R lists the elements, from the left to the right, using (possibly) multiple rows
(depending on the width of the display). Observe that if an object is followed by the assign-
ment operator <-, then a value (or a dataframe, or a function, etc.) will be assigned to the
object. If we simply type the name of the object, and then Enter, the value of the object
will appear in the console (or the code of the function, if the object is a function). Each
new row includes the index of the value starting that row, that is,

> u <- 1:50
> u

[1] 1 2 3 4 5 6 7 8 910 11 12 13 14 15 16 17
[18] 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34
[35] 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50
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Note that there is a NULL symbol in R.

> c(NULL,x)
[11 -1 0 2

Such an object can be useful to create an object used in a loop.

> x <- NULL
> for(i in 1:10){ x <- c(x,max(sin(ul1:1]1))) }
> x

[1] 0.8414710 0.9092974 0.9092974 0.9092974 0.9092974
[6] 0.9092974 0.9092974 0.9893582 0.9893582 0.9893582

We have seen function c(), used to concatenate series of elements (having the same
type), but one can also use seq() to generate a sequence of elements evenly spaced:

> seq(from=0, to=1, by=.1)

[1] 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

> seq(5,2,-1)

[1] 5432

> seq(5,2,length=9)

[1] 5.000 4.625 4.250 3.875 3.500 3.125 2.750 2.375 2.000

or rep(), which replicates elements

> rep(c(1,2,6),3)

[11 126126126
> rep(c(1,2,6),each=3)
[111 11222666

It is important to keep in mind that R is case sensitive, so x is not the same as X. Observe
also that there are no pointers in R. If we use the sort function, it will print the sorted
vector. But the order will not change.

> x <= ¢(-1,0,2)
> sort(x,decreasing=TRUE)

(11 2 0 -1
> X
(11 -1 0 2

If we want to sort vector x, then we should reassign the vector (which is possible in R),

> x <- sort(x,decreasing=TRUE)
> X
[11 2 0 -1

Observe that it is possible to assign names to the elements of the vector,

> names(x) <- C("A","B","C")
> x
A B C
-1 0 2
and then components of the vectors can be called using brackets [1, with either

> x[c(3,2)]
CB
20
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or

> X[C("C","B")]
CB
20

which is a shorter version for x [names (x) %in%c("C","B")].

With runif (), we can generate random variables, uniformly distributed over the unit
interval [0, 1] (most standard distributions can be generated with standard functions in R,
as discussed later on in this chapter and in Chapter 2),

> set.seed(1)
> U <- runif (20)

By setting the seed of the generating algorithm, so-called random numbers will always be
the same, and we will have examples that can be reproduced.
By default, seven digits are displayed

> U[1:4]
[1] 0.2655087 0.3721239 0.5728534 0.9082078

It is possible to display more digits, or less, by setting the number of digits to print, from
1 to 22:

> options(digits = 3)

> U[1:4]

[1] 0.266 0.372 0.573 0.908

> options(digits = 22)

> U[1:4]

[1] 0.2655086631420999765396 0.3721238996367901563644
[3] 0.5728533633518964052200 0.9082077899947762489319

Only the display is affected, not the way numbers are stored, in R.

R has a recycling rule when working with vectors. The recycling rule is implicit when
we use expression x+2, where 2 does not have the size of x. More generally, shorter vectors
are recycled as often as needed, until they match the length of the longest one. Hence,

> x <- ¢(100,200,300,400,500,600,700,800)
>y <= ¢(1,2,3,4)

> xty

[1] 101 202 303 404 501 602 703 804

This works also when vector lengths are not multiples,

>y <= ¢(1,2,3)
> x+y
[1] 101 202 303 401 502 603 701 802

Note that NA values are used to represent missing values, as NA stands for not available

> age <- seq(0,90,by=10)

> length(age) <- 12

> age

[1] 0 10 20 30 40 50 60 70 80 90 NA NA
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But R will not always assign values when lengths are not appropriate (and some error
message might also appear).

The strength of a vector-based language is that it is very simple to access parts of
vectors, specifying subscripts. To return the values of U strictly larger than 0.8, we use

> U[U>.8]
[1] 0.9082078 0.8983897 0.9446753 0.9919061

or if we want value(s) between 0.4 and 0.5,

> UL(U>.4)&(U<.5)]
[1] 0.4976992

Here, a boolean test is made, and the value of U is returned only if the test is TRUE:

> (U>.4)&(U<.5)

[1] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
[10] FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE
[19] FALSE FALSE

If the test is FALSE for all components, then a numeric(0) is returned:

> UL(U>.4)&(U<.45)]
numeric(0)

From a mathematical point of view, the set {U > .4} N {U < .45}, here, is empty. Thus,
the vector here, two times has a zero length

> length(UL(U>.4)&(U<.45)]1)
[11 0

It is also possible to return a vector containing the subscripts of the vector for which the
logical test was true:

> which((U>.4)&(U<.6))
[1] 3 16

In order to get the complementary, one can use operators which stands for and, while |
stands for or:

> which((U<=.4) | (U>=.6))
[1] &1 2 4 5 6 7 8 910 11 12 13 14 15 17 18 19 20

or one can use the negation operator !

> which (! ((U>.4)&(U<.6)))
[1] 1 2 4 5 6 7 8 910 11 12 13 14 15 17 18 19 20

For integer values, it is possible to use == to compare values:

>y

[1] 1 234

> y==2

[1] FALSE TRUE FALSE FALSE

But this symbol can yield tricky situations when comparing non-integers
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> (3/10-1/10)

[1] 0.2

> (3/10-1/10)==(7/10-5/10)
[1] FALSE

Those two fractions are not equal, for R, as

> (3/10-1/10)-(7/10-5/10)
[1] 2.775558e-17

In that case, it might be more judicious to use all.equal(),

> all.equal((3/10-1/10),(7/10-5/10))
[1] TRUE

Similarly, (v/2)? is slightly different from 2,

> sqrt(2)°2 == 2
[1] FALSE

To go further on floating-point numbers (that can be represented exactly by a computer), see
Goldberg (1991). In R, the smallest positive floating-point number, €, such that (1+¢) # 1
is

> print (eps<-.Machine$double.eps)
[1] 2.220446e-16

> l+eps==1

[1] FALSE

It does not mean that R cannot deal with smaller numbers, only that == cannot be used.
The smallest number is actually

.Machine$double.xmin
[1] 2.225074e-308

As mentioned earlier, the important idea with vectors is that they are (ordered) collec-
tions of elements of the same type, which can be numeric (in R), complex (in C), integer
(in N), character for characters or strings, logical, that is FALSE or TRUE (or in {0, 1}).
If we try to concatenate elements that are not of the same type, R will coerce elements to
a common type, for example,

> x <- c(1:5,"yes")

> x

[1] |l1l| |l2|| l|3|| l|4|l ||5|| ||yesll
> y <- c(TRUE, TRUE, TRUE,FALSE)

>y

[1] TRUE TRUE TRUE FALSE
> y+2

[1] 333 2

1.2.2.2 Matrices and Arrays

A matrix is just a vector of data, along with an additional vector, accessible by the dim()
function, that contains the dimensions (i.e. number of rows nrow and columns ncol).
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> M <-
> M

[1,J o
(2,1 0
(3,1 o.
4,1 0
(5,1 0

matrix(U,nrow=5,ncol=4)

[,1] [,2] [,3]

.2655087 0.89838968 0.2059746
.3721239 0.94467527 0.1765568

5728534 0.66079779 0.6870228

.9082078 0.62911404 0.3841037
.2016819 0.06178627 0.7698414
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[,4]
0.4976992
0.7176185
0.9919061
0.3800352
0.7774452

The dimension of matrix M is obtained using

> dim(M
[1] 5 4

)

If we want to reshape the matrix, to get a 4 x 5 matrix, instead of a 5 x 4, it is possible to
change the attribute of the object. Here, we can specify ex-post the dimension of the matrix,

using

> attributes (M) $dim=c(4,5)

All the elements are sorted the same way (per column), but the matrix has been reshaped,

>M

[,1] [,2] [,3]

[,4] [,5]

[1,] 0.2655087 0.2016819 0.62911404 0.6870228 0.7176185
[2,] 0.3721239 0.8983897 0.06178627 0.3841037 0.9919061
[3,] 0.5728534 0.9446753 0.20597457 0.7698414 0.3800352
[4,] 0.9082078 0.6607978 0.17655675 0.4976992 0.7774452

The dimension of matrix M is

> dim(M)

[1] 4 5

Here again, it is possible to use logical subscripts. If we want the lines of M for which the
element in the last column is larger than 0.8, we use

> M[M[,5]>0.8,]
[1] 0.37212390 0.89838968 0.06178627 0.38410372 0.99190609

If we want the columns for which the element in the last row is larger than 0.8, we use

> M[,M[4,]>0.8]
[1] 0.2655087 0.3721239 0.5728534 0.9082078

A lot of functions can be used to manipulate matrices. For instance, sweep() can be used
to apply a function either to rows (MARGIN=1) or columns (MARGIN=2). For instance, if we
want to add i to row i of matrix M, the code will be

> sweep(M,MARGIN=1,STATS=1:nrow(M) ,FUN="+")

[,1] [,2] [,3]

[,4] [,5]

[1,] 1.265509 1.201682 1.629114 1.687023 1.717619
[2,] 2.372124 2.898390 2.061786 2.384104 2.991906
[3,] 3.572853 3.944675 3.205975 3.769841 3.380035
[4,] 4.908208 4.660798 4.176557 4.497699 4.777445
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Here, we will (mainly) work with matrices containing numeric values. But it is possible to
have matrices of (almost) any format, for instance logical values,

> M>.6

[,11 [,21 [,31 [,41 I,%]
[1,] FALSE FALSE TRUE TRUE TRUE
[2,] FALSE TRUE FALSE FALSE TRUE
[3,] FALSE TRUE FALSE TRUE FALSE
[4,] TRUE TRUE FALSE FALSE TRUE

Observe that the recycling rule of R affects also matrices (a matrix—or an array—being
just a rectangular collection of elements of the same type)

> M <- matrix(seq(1,8),nrow=4,ncol=3,byrow=FALSE)
Warning :
In matrix(seq(1,8), nrow = 4, ncol = 3)
data length [8] is not a sub-multiple or multiple of the number of rows [3]
> M
[,11 [,2]1 [,3]
[1,] 1 5 1
[2,] 2 6 2
[3,] 3 7 3
4,1] 4 8 4
> M+c(10,20,30,40,50)
[,11 [,2]1 [,3]
[1,] 11 55 41
[2,] 22 16 52
(3,] 33 27 13
[4,] 44 38 24
Warning :
In M + c¢(10,20,30,40,50)
longer object length is not a multiple of shorter object length

Note that the standard way of storing a vector as a matrix in R is not by row but by column,
so in this case we could have omitted the byrow=FALSE argument.

Observe that if there was a ¢ () function to concatenate vectors, there are two functions
to concatenate matrices, rbind () to concatenate matrices by adding rows, or cbind() to
concatenate by adding columns, for suitable dimensions

A <- matrix(0,3,6)
B <- matrix(1,2,6)
C <- rbind(B,A,B)
C

V V V V

(,11 [,2]1 [,31 [,4] [,5] [,6]

[1,] 1 1 1 1 1 1
[2,] 1 1 1 1 1 1
[3,] 0 0 0 0 0 0
[4,] 0 0 0 0 0 0
(5,] 0 0 0 0 0 0
(6,1 1 1 1 1 1 1
[7,] 1 1 1 1 1 1

or
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> A <- matrix(0,6,4)
> B <- matrix(1,6,3)
> C <- cbind(B,A,B)
>C
[,11 (,2]1 (,3] [,4] [,5] [,6]1 [,7]1 [,8] [,9] [,10]

[1,] 1 1 1 0 0 0 0 1 1 1
[2,] 1 1 1 0 0 0 0 1 1 1
[3,] 1 1 1 0 0 0 0 1 1 1
(4,] 1 1 1 0 0 0 0 1 1 1
(5,] 1 1 1 0 0 0 0 1 1 1
[6,] 1 1 1 0 0 0 0 1 1 1

Finally, recall that even if two quantities are (formally) equal, computation times can be
quite different. For instance, if A, B and C are k xm, m xn and n X p matrices, respectively,
then

(AxB)xC=Ax(BxC(C)
Computing the simplest matrices first will be more efficient

> n <- 1000

> A<-matrix(seq(1,n"2),n,n)

> B<-matrix(seq(1,n"2),n,n)

> C<-1:n

> benchmark ((A%*%B) %*%C, A%x% (B%*%C) ,replications=1) [,c(1,3,4)]
test elapsed relative

1 (A %% B) %*% C 0.945 135

2 A %x% (B %% C) 0.007 1

A matrix-vector multiplication goes much faster than a matrix-matrix multiplication.

Note that for matrix crossproducts (A" x B), using the function crossproduct () might
lead to faster computations. More general than matrices, arrays are multidimensional ex-
tensions of vectors (and like vectors and matrices, all the objects of an array must be of the
same type). The matrix can be seen as a two-dimensional array.

> A <- array(1:36,c(3,6,2))
> A

[,11 [,21 [,3] [,4] [,5] [,6]
[1,] 1 4 7 10 13 16
[2,1] 2 5 8 11 14 17
[3,] 3 6 9 12 15 18

(,11 [,2]1 [,31 [,4] [,5] [,e]
[1,] 19 22 25 28 31 34
[2,] 20 23 26 29 32 35
[3,] 21 24 27 30 33 36

Several operators are used in R for accessing objects in a data structure,

> x[i]
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to return objects from object x (a vector, a matrix, or a dataframe). 1 may be an integer,
an integer vector, a logical vector (with TRUE or FALSE), or characters (of object names).

> x[[1i]]

returns a single element of x that matches i (i is either an integer or a character).

1.2.2.3 Lists

Finally, note that it is possible to store a variety of objects into a single one using a list
object.

> stored <- list(submatrix=M[1:2,3:5],sequenceu=U,x)
> stored
$submatrix
[,1] [,2] [,3]
[1,] 0.8298559 0.3947363 0.1446575
[2,] 0.9771057 0.3233137 0.9415277

$sequenceu
[1] 0.2948071 0.2692372 0.4756646 0.4196496 0.5012345 0.6599705
[7] 0.4496317 0.6041229 0.8298559 0.9771057 0.2093930 0.2677681
[13] 0.3947363 0.3233137 0.5937027 0.6698777 0.1446575 0.9415277
0

[19] 0.4466402 0.8573008
[[3]1]

A B C

-1 0 2

Names of the list elements can be obtained using the names() function

> names (stored)
[1] "submatrix" "sequenceu" ""

The various list elements can be called using the $ character, when objects have names:
stored$sequenceu is the vector stored in the list. It is also possible to use stored[[2]] if
we want to use the second element of that list.

Keep in mind that lists are important in R, as most functions use them to store a lot of
information, without necessarily displaying them in the console.

> f <- function(x) { return(x*(1-x)) %}
> optim.f <- optimize(f, interval=c(0, 1), maximum=TRUE)

Here, optim.f is a list with the following information:

> names (optim.f)

[1] "maximum"  "objective"
> optim.f$maximum

[1] 0.5

To get further information on the optimize() function (and more generally on any
function from a documented package), the command is help(optimize), or for a faster
alternative Poptimize.

For lists, or dataframes,

> x$n
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returns the object with name n from object x. Finally,
> x0n

is used when x is an S4 object (that will be mentioned in several chapters later on). It
returns the element stored in the slot named n.

1.2.3 Reading csv or txt Files

Sometimes we do not want to create objects that we might be using, but we wish to import
them. In life insurance, we might need to import life tables, or yield curves, while datasets
with claims information as well as details on insurance contracts will be necessary for motor
insurance ratemaking. In R terminology, we need a dataframe, which is a list that contains
multiple named vectors, with the same length. It is like a spreadsheet or a database table.
If the dataframe is too large to be printed, it is still possible to use function head () to view
the first few data rows and tail () to view the last few. The read.table() function is used
to read data into R, and to create a dataframe object. This function expects all variables in
the input source to be separated by a character defined by the sep argument (using quote
signs, such as sep=";"). The default is spaces and/or tabs (to specify that the variable is
changing) or a carriage return (to specify that the individual is changing). Missing values
are either an empty section, or defined using a specific notations, for example, -9999 or 7.
In that case, one has to specify argument na.strings.
The default location is the working directory, obtained using

> getwd()

It is possible to change the working directory or to specify the location of the text files.
But the specification is different for Windows users and Mac-Linux users (see Ripley (2001)).
On a Windows platform, use

> setwd("c:\\Documents and Settings\\user\\Rdata\\")

to relocate the working directory, and then

> db <- read.table("file.txt")

to create the db object, or directly

> db <- read.table("c:\\Documents and Settings\\user\\Rdata\\file.txt")

to read a file at a specific directory. The backslash symbols used to specify location in
Windows have to be preceded by R’s backslash used to introduce special symbols in character
strings (see Section 1.2.5 for more details on strings and text). For a Mac-Linux platform,
the syntax is

> setwd("/Users/Rdata/")

and then

> db <- read.table("file.txt")
or

> db <- read.table("/Users/Rdata/file.txt")
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Note that on a Windows platform one can also use a single forward slash notation /, but it
is not the common way to specify locations.

It might be convenient to specify the location and the name of the file as a string object,
as several functions can be used to debug some codes. Consider the list of all tropical
cyclones in the NHC best track record over the period 1899-2006, as in Jagger & Elsner
(2008). We want to investigate if there is an upward trend in the number of cyclones in
the Atlantic Ocean, Gulf of Mexico, and Caribbean Sea (including those that have made
landfall in the United States). Consider the following csv file, available in the Github folder.

> file <- "extreme2datasincel899.csv"

> StormMax <- read.table(file, header=TRUE, sep=",")

Error in scan(file, what, nmax, sep, dec, quote, skip, nlines, ,
line 5 did not have 11 elements

Observe that read.csv() could be used and should have the right defaults. Some parts of
the sixth line of the csv file have been dropped. It is possible to use the count.fields()
function to discover whether there are other errors as well (and if there are, to identify
where they are located), our benchmark being here the number of variates for 90% of the
dataset,

> nbvariables <- count.fields(file,sep=",")
> which(nbvariables !=quantile(nbvariables,.9))
[1]1 6

The header=TRUE argument in the read.table() function is used to identify names of
variables in the input file, if any. It is also possible to skip some early lines of the text file
using skip and to specify the number of lines to be read using nrow (which can be used
if the file is too large to be read completely). Finally, as discussed previously, one can also
specify strings that should be read as missing values, na.string=c("NA"," ").

> file <- "extremedatasincel899.csv"
> StormMax <- read.table(file,header=TRUE,sep=",")
> tail(StormMax,3)

Yr Region Wmax sst sun soi split naofl naogulf
2098 2009 Basin 90.00000 0.3189293 4.3 -0.6333333 1 1.52 -3.05
2099 2009 US 50.44100 0.3189293 4.3 -0.6333333 1 1.52 -3.05
2100 2009 US 65.28814 0.3189293 4.3 -0.6333333 1 1.52 -3.05
> str(StormMax)
’data.frame’: 2100 obs. of 11 variables:
$ Yr : int 1899 1899 1899 1899 1899 1899 1899 1899 1899 1899 ...
$ Region : Factor w/ 5 levels "Basin","East",..: 1111314555 ...
$ Wmax : num 105.6 40 35.4 51.1 87.3 ...
$ sst : num 0.0466 0.0466 0.0466 0.0466 0.0466 ...
$ sun :num 8.4 8.4 8.4 8.4 8.4 8.48.48.48.48.4 ...
$ soi : num -0.21 -0.21 -0.21 -0.21 -0.21 -0.21 -0.21 -0.21 -0.21
$ split : int 0000000000 ...
$ naofl : num -1.03 -1.03 -1.03 -1.03 -1.03 -1.03 -1.03 -1.03 -1.03 ...

$ naogulf: num -0.25 -0.25 -0.25 -0.25 -0.25 -0.25 -0.25 -0.25 -0.25 ...

The object here is called a dataframe. This dataframe has a (unique) name (here StormMax),
each column within this table has a unique name (the second one for instance is Region),
and each column has a unique type associated with it (a column is a vector). It is possible
to use the third column either using its name, with a $ symbol (here StormMax$Wmax) or
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using a matrix notation (here StormMax[,3]). But instead of accessing this vector with
StormMax$Wmax, it is possible to attach the dataframe, using attach(StormMax), and then
simply indicate the column name, as now, vector Wmax does exist. An alternative can be to
use function with() when running functions in variables on that dataset.

Several functions can be used to manipulate dataframes. For instance, it is possible to
sort a database according to some variable. Consider

> set.seed(123)
> df <- data.frame(xl=rnorm(5),x2=sample(1:2,size=5,replace=TRUE) ,x3=rnorm(5))
df

\

x1 x2 x3
1 -0.56047565 2 1.2805549
2 -0.23017749 1 -1.7272706
3 1.55870831 2 1.6901844
4 0.07050839 2 0.5038124
5 0.12928774 1 2.5283366

If we want to sort according to x2 (increasing), and x1 (decreasing), use

\4

df [ order(df$x2, -df$x1), 1
x1 x2 x3

5 0.12928774 1 2.5283366

2 -0.23017749 1 -1.7272706

3 1.55870831 2 1.6901844

4 0.07050839 2 0.5038124

1 -0.56047565 2 1.2805549

Let us get back to our previous example: observe that the read.table function auto-
matically converts character variables to factors, in the dataframe. This can be avoided
using the stringsAsFactors argument.

For extremely large datasets, one strategy can be to select only some columns to be
imported, either manually or by using a function from library(colbycol), a package
intended for reading big datasets into R.

> mycols <- rep("NULL",11)

> mycols[c(1,2,3)] <- NA

> StormMax <- read.table(file,header=TRUE,sep=",",colClasses=mycols)
> tail(StormMax, 3)

Yr Region Wmax
2098 2009 Basin 90.00000
2099 2009 US 50.44100
2100 2009 US 65.28814

Here, colClasses simply has non-null elements to specify columns of interest. It is actually
faster to specify the class of the elements to import the dataset,

> mycols <- rep("NULL",11)
> mycols[c(1,2,3)] <- c("integer","factor","numeric")

For large datasets, it might be faster to import a zipped dataset, for instance using
> read.table(unz("file.zip",filename="file.txt"))

or if the dataset is online,
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> import.url.zip <- function(file,name="file.txt"){

+ temp = tempfile()

+ download.file(file,temp);

+ read.table(unz(temp,name ),sep=";",header=TRUE,encoding="latinl")
+

}

(the unz function works only on files located on our computer, so we have to download the
file first, and then unzip it). If we consider the contract database used in Chapter 14, then
it is two times faster to open a zipped file,

> system.time(read.table("CONTRACTS.txt",sep=";",header=TRUE))
user system elapsed
5.200 0.122 5.319

> system.time(read.table(unz("CONTRACTS.txt.zip",
+ filename="CONTRACTS.txt"),sep=";",header=TRUE))
user system elapsed
2.679 0.053 2.722

Because R uses the computer RAM, it can handle only small sets of data. But some packages
might allow one to work with much larger volumes, like £f or bigmemory. It is also possible
to use R within Python using the rpy2 package, as Python reads data much more efficiently
than R. And both have well established means of communicating with Hadoop, mainly
leveraging Hadoop. In R, it is also possible to use the mapReduce package.

In databases, there might be missing values. The value NA represents a missing value.
To test whether there is a missing value or not, we use the is.na() function. This function
will return either TRUE or FALSE. It is then possible to work with components of a vector
which are not missing,

> Xfull <- X[is.na(X)==FALSE]
or equivalently
> Xfull <- X[!is.na(X)]

Note that most of the statistical functions have an option to specify how to deal with missing
values. With the mean function (to compute the mean), if the argument na.rm is TRUE, then
missing values are removed and the mean is computed on the sub-vector. Similarly, with the
1m() function (to estimate a linear model), it is possible to specify the na.action argument.

To speed up dataframe operations when working with (very) large datasets, it is possible
to use the library data.table (this format will be used, and discussed, in Chapter 16).
Subsetting the dataset is here two times faster.

library(data.table)
DF <- data.frame(matrix(rnorm(100000), 10000, 10)); DF$index <- 1:nrow(DF)
DT <- data.table(DF)
benchmark (DF[DF$X1 >2, ], DT[DT$X1 >2, 1) [,c(1,3,4)]
test elapsed relative
DF[DF$X1 > 2, 1] 0.254 3.098
2 DT[DT$X1 > 2, 1] 0.082 1.000

V V V V

[EEY

Note that the function write.table () can be used to export an R matrix, or dataframe,
as a text file. For more complex objects, it is possible to use cat ()

> cat(object,file="namefile.txt", append=FALSE)
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where append means that we can either add the object to the existing file (if append=TRUE)
or overwrite the file (if append=FALSE). It is convenient to use the cat () function to write
sentences in the R console:

> cat("File DF contains",nrow(DF),"rows \n")
File DF contains 10000 rows

One can also use the sink() function, usually seen as the complement of the source()
function. We can create a text file, and store any kind of object inside:

> sink(’DT.txt’)
> DT
> sink()

There exists a more elementary function, named scan(), to import data not conforming to
the matrix layout required by read.table(). The scan can be used to read html pages, for
example,

> scan("http://cran.r-project.org/",what="character",encoding="latinl")
Read 69 items

When working with dataframes, it is also possible to use SQL queries, using function
sqldf () (from the eponyme library) for instance. For instance, to merge two dataframes
df1 and df2, based on a common Id variable, use

> library(sqldf)
> df3 <- sqldf ("SELECT Id, X1, X2 FROM df1 JOIN df2 USING(Id)")

for a standard inner join. There is also a join() function in the plyr package,

> library(plyr)
> df3 <- join(dfl, df2, type="inner"

Another a%}g)lication of SQL queries will be mentioned in the next section, to extract data
from Excel™Y files.

1.2.4 Importing Excel® Files and SAS® Tables

In Section 1.2.3 we saw how to load a txt or a csv file. Note that R provides a package called
foreign to read (and write) files in formats that are commonly used by other software tools
(see Table 1.1 and Murdoch (2002) for more details).

Sometimes, datasets are stored in spreadsheets, Excel spreadsheets, for instance. In fi-
nance and insurance, spreadsheets are very common as data storage and for communication
purposes. But one should keep in mind that there may be problems when working with
spreadsheets. Because some spreadsheets might contain subsheets with interconnected for-
mulas, macros and so on, it might be difficult to read spreadsheets with multiple sheets,
to extract proper information, and not to be confused by other contents within the file.
Further, some spreadsheets are encoded in proprietary formats that encrypt the data, or
make it hard to read (think of dates, or amounts with $ symbol or commas). The most
convenient way to import data from a spreadsheet is to extract the data from the file using
one or more text files.

But if one still wants to read Excel spreadsheets directly, it is possible. On a Windows
platform, one can use the 0DBConnectExcel() function of the 1ibrary (RODBC). The first
step is to connect the file, using
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TABLE 1.1

Reading datasets in other formats, using library foreign.
Base function Format
read.dbf Read a DBEF file
read.dta Read a Stata binary file
read.epiinfo Read a Epi Info data file
read.mtp Read a Minitab worksheet
read.octave Read a Octave text data files
read.spss Read an spss data file
read.ssd Read a dataframe from a SAS permanent dataset, via read.xport
read.systat Read a Systat dataframe
read.xport Read a SAS XPORT file

> sheet <- "c:\\Documents and Settings\\user\\excelsheet.xls"
> connection <- odbcConnectExcel (sheet)
> spreadsheet <- sqlTables(connection)

The sqlTables() function is helpful in case sheets have different names. Now
spreadsheet$TABLE_NAME will return sheet names. Then, we can make an SQL request:

> query <- paste("SELECT * FROM",spreadsheet$TABLE_NAME[1],sep=" ")
> result <- sqlQuery(connection,query)

This function can also be used to import Access tables. An alternative, available on all
platforms, is to use the read.x1s() function of library(gdata) , the syntax being

> result <- read.xls("excelsheet.xls", sheet="Sheet 1")

It is possible to use more advanced SQL functions with library(RMySQL) . The generic
function here is

> drv <- dbDriver ("MySQL")

To read SAS databases, namely files with extension sas7bdat, the most convenient way
(especially if we do not have SAS on our computer, and therefore can cannot export the
file in a more appropriate format) is to use function read.sas7bdat from libary sas7bdat.
For more details, SAS users should read Kleinman & Horton (2010), while Spector (2008)
gives a lot of more general information on database management with R. And Wei (2012)
describes the PROC_R macro, which enables native R programming in SAS.

1.2.5 Characters, Factors and Dates with R
1.2.5.1 Strings and Characters

Several functions can be used when dealing with strings. For instance, define object

> city <- "Boston, MA"
> city
[1] "Boston, MA"

One can count the number of characters in that object
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> nchar(city)
(1] 10

It is possible to extract parts of a string, at specific locations,

> substr(city,9,10)
[1] IIMAII

or to add characters

> city <- paste(city,"SSACHUSETTS",sep="")
> city
[1] "Boston, MASSACHUSETTS"

even to split strings into a list of elements

> (strsplit(city, ", "))
[[11]
[1] "Boston" "MASSACHUSETTS"

The output of this function is a list. It is possible to obtain a vector using function unlist ().
Of course, all those operations can be done on vectors (as R is a vector language)

> cities <- c("New York, NY", "Los Angeles, CA", "Boston, MA")
> substr(cities, nchar(cities)-1, nchar(cities))
[1] IINY" IICA" IIMAII

or

> unlist(strsplit(cities, ", ")) [seq(2,6,by=2)]
[1] IINY" IICA" IIMAII

Strings of characters can be inputs in actuarial modelling (with location, disease, names,
etc.) but also output, as it might be preferable to write sentences instead of simply reporting
a number. Function cat () can. be used to output objects (including strings):

> cat("Number of available packages = ",length(available.packages()[,1]))
Number of available packages = 4239

If we want to see how many packages start with an ‘¢’ (or an ‘E’ if we use function
tolower()) , we can use

> packageletter <- "e
> cat("Number of packages \n starting with a \"",packageletter,"\" is ",
+ sum(tolower (substr(available.packages() [,1],1,1))==packageletter),sep="")
Number of packages
starting with a "e" is 154

Note that if we actually want to print a quote symbol, it is necessary to put a backslash
symbol in front, \" (as for location of files in Windows format, where \\ was used). See
Feinerer (2008) for more information about character and string manipulation, as well as
an introduction to textmining.
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1.2.5.2 Factors and Categorical Variables

In statistical modeling, characters (or character sequences) are usually used as factors. It is
always possible to convert names using

> x <- C(IIAII, "A", "B", "B", "C")
> x
[1] WAN mAM ngn o ugn IIC"

It is also possible to use the letters object for lower-case letters of the Roman alphabet,
or LETTERS for upper-case letters,

> x <- c(rep(LETTERS[1:2],each=2) ,LETTERS[3])
> X
[1] IlAll IlAll IIB" llBll IIC"

One can transform those letters for factors, or levels of some qualitative categorical variable,

> x <- factor(x)
> X

[1] AABBC
Levels: A B C

Factors are labelled observations with a predefined set of labels:

> unclass(x)

[1] 11223
attr(,"levels")
[1] IIAII IlBll llcll

As we can see from this example, a factor is stored in R as a set of codes, taking values
in {1,2,...,n}, where n is the predefined number of categories that can be interpreted as
levels. Observe that those levels are sorted using an alphabetic ordering,

> factor(rev(x))
[1] CBB A A
Levels: A B C

It is possible to change those labels easily (the order will then be the one specified with the
labels parameter):

> x <~ factor(x, labels=c("Young", "Adult", "Senior"))
> X

[1] Young Young Adult Adult Senior

Levels: Young Adult Senior

If the variable x is used in a regression context, then level Young will be the reference (as
the first level). In order to specify another reference level, one should use

> relevel(x,"Senior")
[1] Young Young Adult Adult Senior
Levels: Senior Young Adult

From that vector with different categories, it is possible to create dummy-coded variables
(sometimes called contrasts) that represent the levels of the factor,
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> model .matrix(~0+x)
xYoung xAdult xSenior
1 0

[S2 I S VIR NI
= O O O O

0
1
1
0

O O O =

This symbolic notation ~0+x will be discussed in Section 1.2.6. Finally, we can also mention
that levels can be ordered,

> x <~ factor(x, labels=c("Young", "Adult", "Senior"),ordered=TRUE)
> X

[1] Young Young Adult Adult Senior

Levels: Young < Adult < Senior

(that might be interesting in the context of multinomial ordered regression).

> cut (U,breaks=2)
[1] (0.0609,0.527] (0.0609,0.527] (0.527,0.993] (0.527,0.993] (0.0609,0.527]
[6] (0.527,0.993] (0.527,0.993] (0.527,0.993] (0.527,0.993] (0.0609,0.527]
[11] (0.0609,0.527] (0.0609,0.527] (0.527,0.993] (0.0609,0.527] (0.527,0.993]
[16] (0.0609,0.527] (0.527,0.993] (0.527,0.993] (0.0609,0.527] (0.527,0.993]
Levels: (0.0609,0.527] (0.527,0.993]

When breaks is specified as a single number (here 2), the range of the data is divided into
two pieces of equal length. Observe that the outer limits are moved away by 0.1% of the
range. One can rename those two pieces,

> cut (U,breaks=2,labels=c("small","large"))

[1] small small large large small large large large large small small small large
[14] small large small large large small large
Levels: small large

The cutoff point here depends on the range of the initial data. In order to have a fixed split,
consider

> cut(U,breaks=c(0,.3,.8,1),labels=c("small", "medium","large"))

[1] small medium medium large small large large medium medium small small
[12] small medium medium medium medium medium large medium medium
Levels: small medium large

To get the frequency for each factor, we use table():

> table(cut (U,breaks=c(0,.3,.8,1),labels=c("small", "medium","large")))

small medium large
5 11 4

To generate vectors of factors, it is possible to use function gl ():

> gl(2, 4, labels = c("In", "Out"))
[1] In In In In Out Out Out Out
Levels: In Out
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1.2.5.3 Dates in R

Among simple functions to create dates are the strptime() and as.Date() functions,
used to convert character chains into dates. The strptime () function creates a POSIXct or
POSIX1t object (based on—signed—mumber of seconds since the beginning of 1970, in the
UTC timezone for POSIXct objects, while a POSIX1t object is a list of day, month, year,
hour, minute, second, etc.). As it is a date/time class, one can specify the hour and the
time zone (using the tz option).

> some.dates <- strptime(c("16/0ct/2012:07:51:12","19/Nov/2012:23:17:12"),
+ format="%d/%b/%Y:SH: %M:%S")

> some.dates

[1] "2012-10-16 07:51:12" "2012-11-19 23:17:12"

To find how many days have elapsed, do

> diff (some.dates)
Time difference of 34.68472 days

but it is also possible to use the dedicated function difftime

> difftime(some.dates[2] ,some.dates[1],units = "hours")
Time difference of 832.4333 hours

Function as.Date() converts character chains into objects of class Date (representing cal-
endar dates)

> some.dates <- as.Date(c("16/10/12","19/11/12") ,format="%d/%m/%y")
> some.dates
[1] "2012-10-16" "2012-11-19"

It is possible to use the seq() function to create date sequences:

> sequence.date <- seq(from=some.dates[1],to=some.dates[2],by=7)
> sequence.date
[1] "2012-10-16" "2012-10-23" "2012-10-30" "2012-11-06" "2012-11-13"

Consider the following function, that generates a date from the month, the day and the
year:

> mdy = function(m,d,y){

+ d.char = as.character(d); d.char[d<10]=paste("0",d.char[d<10],sep="")
+ m.char = as.character(m); m.char[m<10]=paste("0",m.char[m<10],sep="")
+ y.char = as.character(y)

+ return(as.Date(paste(m.char,d.char,y.char,sep="/"),"%m/%d/%Y"))

+}

mdy (c(12,6),5,c(1975,1976))

[1] "1975-12-05" "1976-06-05"

\4

One can also convert those dates using the format () function,

> format (sequence.date,"%b")
[1] IIOCtIl |I0Ct|l lloctll llnovll Ilnov

or use a more specific functions, like weekdays (), to know the weekday,

> weekdays (some.dates)
[1] "Tuesday" "Monday"
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But in that case, we did not create the objects. In order to extract the month, and define
a Months object, we use

> Months <- months(sequence.date)
> Months
[1] "october" '"october" '"october" "november" "november"

To create a vector that contains the year, we can use

> Year <- substr(as.POSIXct(sequence.date), 1, 4)
> Year
[1] "2012" "2012" "2012" "2012" "2012"

Note that the use of as.P0SIXct function to extract the year is slow, and strftime( ,"%Y")
is actually much faster

> randomDates <- as.Date(runif(100000,1,100000))
> system.time(yearl <- substr(as.P0SIXct(randomDates), 1, 4))
user system elapsed
8.112 0.039 8.112
> system.time(year2 <- strftime(randomDates,"%Y"))
user system elapsed
0.128 0.003 0.130

See Ripley & Hornik (2001) or Grothendieck & Petzoldt (2004) for more information about
date and time classes.

One should keep in mind that outputs are related to the language R is using, which can
be changed. If we want outputs in German, use

> Sys.setlocale("LC_TIME", "de_DE")
[1] "de_DE"

and weekdays are now

> weekdays (some.dates)
[1] "Dienstag" "Montag"

while in French,

> Sys.setlocale("LC_TIME", "fr_FR")
[1] "fr_FR"

the output of function weekdays is

> weekdays (some.dates)
[1] "Mardi" "Lundi"

and with a Spanish version

> Sys.setlocale("LC_TIME", "es_ES")
[1] "es_ES"

the output of months is

> months (some.dates)
[1] "octubre" "noviembre"
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1.2.6 Symbolic Expressions in R

In some cases, it is necessary to write symbolic expressions in R, using a version of the
commonly used notations of Wilkinson & Rogers (1977), for example when running a
regression where a formula has to be specified. In a call of the 1m() function, formula

y ~ x1 + x2 + x3 means that we consider a model

Y = Bo + f1 X1, + B2 X2 + B3 X3 + &
The function 1m() returns an object of class 1m and the generic call is
> fit <- Im(formula = y ~ x1 + x2 + x3, data=df)

where df is a dataframe which contains variables named x1, x2, x3 and y. In a formula, +
stands for inclusion (not for summation), and - for exclusion. To run a regression on X;
and the variable X5 + X3, we use

> fit <- Im(formula =y ~ x1 + I(x2+x3), data=df)

For categorical variables, possible interactions between X; and X5 can be obtained using
x1:x2. To get a better understanding of symbolic notations, consider the following dataset

> set.seed(123)

> df <- data.frame(Y=rnorm(50), Xl=as.factor(sample(LETTERS[1:4],size=50,
+ replace=TRUE)), X2=as.factor(sample(1l:3,size=50,replace=TRUE)))

> tail(df)

Y X1 X2
45 1.030 B 3
46 0.684 C 3
47 1.667 B 3
48 -0.557 B 2
49 0.950 C 2
50 -0.498 A 3

The default model, with a regression on X1+X2 will generate the following matrix:

> reg <- 1lm(Y~"X1+X2,data=df)
> model.matrix(reg) [45:50,]
(Intercept) X1B X1C X1D X22 X23

45 1 0 O 1 0 1
46 1 0 0 O 1 0
47 1 0O 0 O 1 0
48 1 0O 0 O 1 0
49 1 0o o0 O o0 O
50 1 0 1 0 1 0

with an (Intercept) vector, and then, indicator variables, except for the first level, namely
A for X1 and 1 for X2. It is a model with 1+ (4 — 1) + (3 — 1) = 6 explanatory variables.
Now, if we add x1:x2 in the regression, the model matrix will be

> reg <- 1Im(Y"X1+X2+X1:X2,data=df)
> model .matrix(reg) [45:50,]

(Intercept) X1B X1C X1D X22 X23 X1B:X22 X1C:X22 X1D:X22 X1B:X23 X1C:X23 X1D:X23
45 1 1 0 0 0 1 0 0 0 1 0 0
46 1 0 1 0 0 1 0 0 0 0 1 0
a7 1 1 0 0 0 1 0 0 0 1 0 0
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48 1 1 0 O 1 0 1 0 0 0 0
49 1 0 1 0 1 0 0 1 0 0 0
50 i1 0 o0 o o0 1 0 0 0 0 0

f—A—\OOO

Thus, cross products of all remaining variables are considered, here, namely {B, C, D} x
3}. The code above is (strictly) equivalent to

> reg <- 1m(Y~"X1*X2,data=df)
> model.matrix(reg) [45:50,]
(Intercept) X1B X1C X1D X22 X23 X1B:X22 X1C:X22 X1D:X22 X1B:X23 X1C:X23 X1D:X23

45 1 1 0 0 0 1 0 0 0 1 0 0
46 1 0 1 0 O 1 0 0 0 0 1 0
47 1 1 o o0 o 1 0 0 0 1 0 0
48 1 1 0 0 1 0 1 0 0 0 0 0
49 1 0 1 0 1 0 0 1 0 0 0 0
50 i1 0 o0 o0 O 1 0 0 0 0 0 0
It is a model with 1+ (4—1)+ (3—1)+ (4—1) x (3 —1) = 12 explanatory variables. Note

that cross interactions, of {A, B, C, D} x {1, 2, 3}, can be obtained using
> reg <- 1lm(Y~"X1:X2,data=df)
which contains 4 x 3 4+ 1 = 13 columns,

> ncol(model .matrix(reg))
[1] 13

For more subtle interpretations of regressions, it is possible to use %in’% with some nested
models. For instance,
> reg <- lm(Y"X1+X2%in%X1,data=df)

> model.matrix(reg) [45:50,]
(Intercept) X1B X1C X1D X1A:X22 X1B:X22 X1C:X22 X1D:X22 X1A:X23 X1B:X23 X1C:X23 X1D:X23

45 1 1 0 O 0 0 0 0 0 1 0 0
46 1 0 1 0 0 0 0 0 0 0 1 0
47 1 1 0 O 0 0 0 0 0 1 0 0
48 1 1 0 ©0 0 1 0 0 0 0 0 0
49 1 0 1 0 0 0 1 0 0 0 0 0
50 i1 0 0 O 0 0 0 0 1 0 0 0

where variable X1 is here (without the first level because the constant is included here), as
well as cross interactions of {A, B, C, D} x {2, 3}. It is a model with 1+3+4x (3—1) =12
explanatory variables. See Pinheiro & Bates (2000) or Kleiber & Zeileis (2008), among many
others, for more details on symbolic expressions in regressions.

To conclude this section, observe that a formula is a string, so it is possible to use
dedicated functions to run arbitrary regressions

> stringformula <- paste("Y ~",paste(names(df)[2:3],collapse=" + "))
> stringformula

[1] "y ~ X1 + X2"

> fit <- Im(formula= stringformula, data=df)

1.3 Basics of the R Language

In this section, we introduce briefly how to use R, more precisely how to use functions
from R libraries and how to create our own functions. We will also discuss how to visualize
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outputs. For more details, we refer to Matloff (2011), Teetor (2011), Kabacoff (2011) or
Craley (2012), among many others.

1.3.1 Core Functions

Because R is open-source, it is possible to see what R is actually computing, even for core
functions. Just type the name of a function will return the code of the function. For instance,
the factorial () function,

> factorial

function (x)

gamma(x + 1)

<bytecode: 0x1708aa7c>
<environment: namespace:base>

where we see that n! = I'(n + 1), where I'(+) is the standard gamma function!. Now, if we
want to see what this gamma () function is

> gamma
function (x) .Primitive("gamma")

which looks up for a primitive (internally implemented) function.
Standard statistical functions are already defined in R, such as sum(), mean(), var() or
sd(). Note that var () is the (standard) unbiased estimator of the variance, defined as

n

nilZ(Ii*f)z where T = %ixl

i=1 i=1

See for instance

> x <= 0:1

> sum((x-mean(x))~2)
[1] 0.5

> var(x)

[1] 0.5

All those functions can be used on vectors,

> x <- ¢(1,4,6,6,10,5)
> mean(x)
[1] 5.333333

but it also works if x is a matrix, which will be considered a vector

> m <- matrix(x,3,2)
>m
[,11 [,2]
[1,] 1 6
[2,] 4 10
[3,] 6 5
> mean(m)
[1] 5.333333

INote that this function will return numbers slightly different from the ones obtained using prod(1:x) for
large values of x. In that case, one might use library(gmp) and either factorialZ(x) or prod(as.bigz(1:x))
(which are now identical).
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To compute means per row (or per column), we can use the apply () function, argument 1,
meaning that the function will be applied on each row (the first index):

> apply(m,1,mean)
[1] 3.5 7.0 5.5

Nevertheless, to compute sums per row, or column, rowSums () and colSums () can be much
faster. With the apply () command, it is possible to use more complex functions that return
not a numeric value, but a vector. For instance, cumsum() can be used to return cumulated
sums per columns, or rows,

> apply(m,2,cumsum)
[,1]1 [,2]

[1,] 1 6

[2,] 5 16

[3,] 11 21

We might also be interested to compute means given another variate (a factor)
> sex <_ C("H",“F"’"F","H”,"H"’"H")

> base <- data.frame(x,sex)
> base

Then we use the tapply () function:

> tapply(x,sex,mean)
F H
5.0 5.5

Note that if the function of interest is the sum, per factor, then the rowsum() function can
also be used

> rowsum(x, sex)

[,1]
F 10
H 22

Consider now a second categorical variable
> base$hair <- c("Black","Brown","Black","Black","Brown","Blonde")
One can compute a two-way contingency table using

> table(base$sex,base$hair)

Black Blonde Brown
F 1 0 1
H 2 1 1
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that may also include sums by row, and column,

> addmargins (table(base$sex,base$hair))

Black Blonde Brown Sum

F 1 0 1 2
H 2 1 1 4
Sum 3 1 2 6

We will discuss later on how to speed up R codes (for example, using C/C++, as discussed
in Section 1.4.3).

1.3.2 From Control Flow to “Personal” Functions

We have seen, so far, many R functions. To get some help on functions, it is possible to use
either help or 7. For instance,

> ?7quantile

will display a help page for the quantile () function, with details on the input values, the
output, the algorithm, and some examples.

But most of the time, there is no function to compute what we need, so we have to
write our own functions. But let us start with a short paragraph about some interesting
commands, related to control flow, and then try to code our own functions.

1.3.2.1 Control Flow: Looping, Repeating and Conditioning

Computers are great to repeat the same task a lot of times. Sometimes, it is necessary to
repeat some statements a given number of times, or until a condition becomes true (or
false). This can be done using either for() or while().

A for loop executes a statement (between two braces, { and 1}), repetitively, until a
variable is no longer in a given sequence. In for(i in 27(1:4)){...}, some statements
will be repeated four times, and i will take values 2, 4, 8 and 16. Consider a folder where
several csv files are stored; you wish to import all of them and store them in a list. You can
use

> listdf <- 1list()

to create an empty list object, and then a vector with all the names of the files,

> listcsv <- dir(pattern = "*.csv")

You can also use Sys.glob("*.csv"). Finally, you can use a loop to import all the files,
> for(filename in listcsv){ listdf[filename] <- read.csv(filename)?}

A while loop executes a statement (again between two braces), repetitively, until a
condition is no longer true. In

> T <- NULL
> while(sum(T)<=10){ T <- c(T,rexp(1)) }

we generate a Poisson process (more precisely, inter-arrival time, see Chapter 2), until
the total time exceeds 10 (for the first time). while loops can be dangerous, when badly
specified: R loop will perhaps never end. Use 7control for more information. But one should
keep in mind that loops can be time consuming, and inefficient, and a better alternative is
to use an apply () type of function (see next section). For instance, a faster way to import
all the csv files in a list is to use
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> listdf <- lapply(dir(pattern = "*.csv"), read.csv)

A common use of those functions can be found in the gradient descent, to derive maxi-
mum likelihood estimators (see Chapter 2). The looping procedure is here

1. Start from some initial value 8
2. Atstepk>1,set Oy =01 — H[log L(0r_1)]"'V1og L(01_1)

and loop this second item. Here, Vlog £(0) is the gradient of the log-likelihood, and
Hllog £(0)] the Hessian matrix. We can either decide to use a finite loop, using for, with
100 iterations for instance, or a loop that ends only when the change is too small using
while, where we repeat the iterative algorithm while |0 — 0;_1]| > € for some small €. An
application (using a for loop) is given in Section 4.2.1 to derive maximum likelihood esti-
mators for the logistic regression. Actually, computing the Hessian matrix can be long, and
for numerical reasons, working with an approximation is usually sufficient. This is the idea
underlying the so-called Broyden—Fletcher-Goldfarb—Shanno (BFGS) algorithm; see Broy-
den (1970), Fletcher (1970), Goldfarb (1970) and Shanno (1970), using an R optimisation
routine.
Conditional statements are also possible, using if() or ifelse().

> set.seed(1)

> u <- runif (1)

> if(u>.5) {("greater than 50%")} else {("smaller than 50%")}
[1] "smaller than 50%"

> ifelse(u>.5, ("greater than 50%"), ("smaller than 50%"))

[1] "smaller than 50%"

> u

[1] 0.2655087

The main difference is that ifelse() is vectorizable, but not if ().

> u <- runif(3)
> if (u>.5) {print("greater than 50%")} else {("smaller than 50%")}
[1] "smaller than 50%"
Warning message:
In if (u > 0.5) { :
the condition has length > 1 and only the first element will be used
> ifelse(u>.5, ("greater than 50%"), ("smaller than 50%"))
[1] "smaller than 507%" "smaller than 507%" "greater than 507"
>u
[1] 0.2655087 0.3721239 0.5728534

1.3.2.2 Writing Personal Functions

In R, writing a function is rather simple. For instance, consider function R” x [0, 1]" xR’} — R

defined as
(z,p.d Z a " d

The code to define this function can be

f <- function(x,p,d){
s <- sum(p*x/(1+d) " (1:1length(x)))
return(s)

3

+ + + Vv



Introduction 39

As mentioned previously, if we type f in the console, the code of the function will appear:

> f

function(x,p,d){

s <- sum(p*x/(1+d) " (1:length(x)))
return(s)

}

If we ask for £(), then R will return an error message

> 10
Error in p * x : ’p’ is missing

because parameters of the function were not specified. To call that function, the syntax is
the same as for R core functions,

> £(x=c(100,200,100) ,p=c(.4,.5,.3),d=.05)
[1] 154.7133

or equivalently

> £(c(100,200,100),c(.4,.5,.3),.05)
[1] 154.7133

Functions with named arguments also have the option of specifying default values for those
arguments, for example f <- function(x,p,d=.05) (and in that case, it may be left out
in a call).

> £(c(100,200,100),c(.4,.5,.3))
[1] 154.7133

It is not necessary to name the argument when calling a function: if names of arguments
are not given, R assumes they appear in the order of the function definition. A standard
example is probabl