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Basics

The purpose of this chapter is to get you started using R. It is assumed that
you have a working installation of the software and of the TSwR package
that contains the data sets for this book. Instructions for obtaining and
installing the software are given in Appendix A.

The text that follows describes R version 1.5.0. As of this writing that is
the latest version of R. As far as possible I present the issues in a way that
is independent of the operating system in use and assume that the reader
has the elementary operational knowledge to select from menus, move
windows around, etc. I do, however, make exceptions where I am aware
of specific difficulties with a particular platform or specific features of it.

1.1 First steps

This section gives an introduction to the R computing environment and
walks you through its most basic features.

Starting R is straightforward, but the method will depend on your com-
puting platform. You will be able to launch it from a system menu, by
double-clicking an icon, or by entering the command “R” at the system
command line. This will either produce a console window or cause R to
start up as an interactive program in the current terminal window. In ei-
ther case, R works fundamentally by the question-and-answer model: You
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Figure 1.1. Screen dump of R for Windows.

enter a line with a command and press Enter («). Then the program does
something, prints the result if relevant, and asks for more input. When R
is ready for input, it prints out its prompt, a “>". It is possible to use R as a
text-only application, and also in batch mode, but for the purposes of this
chapter, I assume that you are sitting at a graphical workstation.

All the examples in this book should run if you type them in exactly as
printed, provided that you have the ISwR package not only installed but
also loaded into your current search path. This is done by entering

> library (ISwR)

at the command prompt. You do not need to understand what the
command does at this point. It is explained in Section 1.5.3.

For a first impression of what R can do, try typing the following:

> plot (rnorm(1000))

This command draws 1000 numbers at random from the normal distri-
bution (rnorm = random normal) and plots them in a pop-up graphics
window. The result on a Windows machine can be seen on Figure 1.1.

Of course, you are not expected at this point to guess that you would ob-
tain this result in that particular way. The example is chosen because it
brings several components of the user interface in action. Before the style
of commands will fall naturally, it is necessary to introduce some concepts
and conventions through simpler examples.
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Under Windows, the graphics window will have taken the keyboard focus
at this point. Click on the console to make it accept further commands.

1.1.1  An overgrown calculator

One of the simplest possible tasks in R is to enter an arithmetic expression
and receive a result. (The second line is the answer from the machine.)

> 2 + 2
[1] 4

So the machine knows that 2 and 2 makes 4. Of course, it also knows how

to do other standard calculations. For instance, here is how to compute
-2.
e

> exp{-2)
[1] 0.1353353

The [1] in front of the result is part of R’s way of printing numbers and
vectors. It is not useful here, but it becomes so when the result is a longer
vector. The number in brackets is the index of the first number on that
line. Consider the case of generating 15 random numbers from a normal
distribution:

> rnorm{15)
[1] -0.18326112 -0.59753287 -0.67017905 0.16075723 1.28199575
[6] 0.07976977 0.13683303 0.77155246 0.85986694 -1.01506772
[11] -0.49448567 0.52433026 1.07732656 1.09748097 -1.09318582

Here, for example, the [ 6] indicates that 0.07976977 is the sixth element in
the vector. (For typographical reasons, the examples in this book are made
with a shortened line width. If you try it on your own machine, you will
see the values printed with six numbers per line rather than five. The num-
bers themselves will also be different since random number generation is
involved.)

1.1.2  Assignments

Even on a calculator, you will quickly need some way to store interme-
diate results, so that you don’t have to key them in over and over again.
R, like other computer languages, has symbolic variables, that is names that
can be used to represent values. To assign the value 2 to the variable x,
you can enter

> x <- 2
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The two characters <- should be read as a single symbol: an arrow point-
ing to the variable to which the value is assigned. This is known as the
assignment operator. Spacing around operators is generally disregarded
by R, but notice that adding a space in the middle of a <- changes the
meaning to “less than” followed by “minus” (conversely, omitting the
space when comparing a variable to a negative number has unexpected
consequences!).

There is no immediately visible result, but from now on, x has the value 2
and can be used in subsequent arithmetic expressions.

> X

[1] 2

> X + X
[1] 4

Names of variables can be chosen quite freely in R. They can be built from
letters, digits, and the period (dot) symbol. There is, however, the limita-
tion that the name must not start with a digit or a period followed by a
digit. Names that start with a period are special and should be avoided.
A typical variable name could be height. lyr, which might be used to
describe the height of a child at the age of 1 year. Names are case-sensitive:
WT and wt do not refer to the same variable.

Some names are already used by the system. This can cause some con-
fusion if you use them for other purposes. The worst cases are the
single-letter names ¢, g, t, C, D, F, I, and T, but there are also diff, df,
and pt, for example. In practice, you get used to avoiding them after a
few accidents.

1.1.3  Vectorized arithmetic

You cannot do much statistics on single numbers! Rather, you will look at
data from a group of patients, for example. One strength of R is that it can
handle entire data vectors as single objects. A data vector is simply an array
of numbers, and a vector variable can be constructed like this:

> weight <- c¢(60, 72, 57, 90, 95, 72)
> welght
[1] 60 72 57 90 95 72

The construct ¢ (. ..) is used to define vectors. The numbers are made
up but might represent the weights (in kg) of a group of normal men.

This is neither the only way to enter data vectors into R, nor is it gen-
erally the preferred method, but short vectors are used for many other
purposes, and the c(...) construct is used extensively. In Section 1.6
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we discuss alternative techniques for reading data. For now, we stick to a
single method.

You can do calculations with vectors just like ordinary numbers, as long
as they are of the same length. Suppose that we also have the heights that
correspond to the weights above. The body mass index (BMI) is defined
for each person as the weight in kg divided by the square of the height in
meters. This could be calculated as follows:

> height <- c(1.75, 1.80, 1.65, 1.90, 1.74, 1.91)

> bmi <- weight/height”2

> bmi

[1] 19.59184 22.22222 20.93664 24.93075 31.37799 15.73630

Notice that the operation is carried out elementwise, that is, the first value
of bmi is 60/1.752 and so forth and that the ~ operator is used for raising
a value to a power. (On some keyboards, ~ is a “dead key” and you will
have to press the spacebar afterwards to make it show.)

It is in fact possible to perform arithmetic operations on vectors of differ-
ent length. We already used that when we calculated the height”2 part
above since 2 has length 1. In such cases, the shorter vector is recycled.
This is mostly used with vectors of length 1 (scalars) but sometimes also
in other cases where a repeating pattern is desired. A warning is issued if
the longer vector is not a multiple of the shorter in length.

These conventions for vectorized calculations make it very easy to specify
typical statistical calculations. Consider, for instance, the calculation of the
mean and standard deviation of the weight variable.

First calculate the mean, ¥ = ¥ x;/n:

> sum(weight)

[11 446
> sum(weight) /length (weight)
[1] 74.33333

Then save the mean in a variable xbar and proceed with the calculation

of SD = /(3(x; — %)2)/(n — 1). We do this in steps to see the individual
components. The deviations from the mean are

> xbar <- sum{weight)/length (weight)

> weight - xbar

{11 -14.333333 -2.333333 -17.333333 15.666667 20.666667
[6] -2.333333

Notice how xbar, which has length 1, is recycled and subtracted from
each element of weight. The squared deviations will be

> (weight - xbar)~"2
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[1] 205.444444 5.444444 300.444444 245.444444 427.111111
(6] 5.444444

Since this command is quite similar to the one before it, it is convenient
to enter it by editing the previous command. On most systems running R,
the previous command can be recalled with the up-arrow key.

The sum of squared deviations is similarly obtained with

> sun{ (weight - xbar)”"2)
[1] 1189.333

and all in all the standard deviation becomes

> sqgrt{sum((weight - xbar)"2)/{length({weight) - 1))
[1] 15.42293

Of course, since R is a statistical program, such calculations are already
built into the program, and you get the same results just by entering

> mean{(weight)

[1] 74.33333
> sd{(weight)
[1] 15.42293

1.1.4  Standard procedures

As a slightly more complicated example of what R can do, consider the
following: The rule of thumb is that the BMI for a normal-weight indi-
vidual should be between 20 and 25, and we want to know if our data
deviate systematically from that. You might use a one-sample ¢ test to as-
sess whether the 6 persons” BMI can be assumed to have mean 22.5 given
that they come from a normal distribution. To this end, you can use the
function t.test. (You might not know the theory of the ¢ test yet. The
example is mainly included here to give some indication of what “real”
statistical output looks like. A thorough description of t . test is given in
Chapter 4.)

> t.test(bmi, mu=22.5)
One Sample t-test

data: bmi

t = 0.3449, df = 5, p-value = 0.7442
alternative hypothesis: true mean is not equal to 22.5
95 percent confidence interval:

18.41734 27.84791

sample estimates:
mean of x

23.13262
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Figure 1.2. A simple x-y plot.

The argument mu=22.5 attaches a value to the formal argument mu,
which represents the Greek letter p conventionally used for the theoret-
ical mean. If this is not given, t . test would use the default mu=0, which
is not of interest here.

For a test like this, we get a more extensive printout than in the earlier
examples. The details of the output are explained in Chapter 4, but you
might focus on the p-value which is used for testing the hypothesis that
the mean is 22.5. The p-value is not small, indicating that it is not at all un-
likely to get data like those observed if the mean were in fact 22.5. (Loosely
speaking; actually p is the probability of obtaining a t value bigger than
0.3449 or less than —0.3449.) However, you might also look at the 95% con-
fidence interval for the true mean. This interval is quite wide, indicating
that we really have very little information about the true mean.

1.1.5 Graphics

One of the most important aspects of presentation and analysis of data is
the generation of proper graphics. R has — as S before it — a model for
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constructing plots that allows simple production of standard plots as well
as fine control over the graphical components.

If you want to investigate the relation between weight and height, the
first idea is to plot one versus the other. This is done as follows:

> plot(height,weight)

— leading to Figure 1.2.

You will often want to modify the drawing in various ways. To that end, -
there is a wealth of plotting parameters that you can set. As an example,
let’s try changing the plotting symbol, using the keyword pch (“plotting
character”), like this:

> plot(height, weight, pch=2)

This gives the plot in Figure 1.3, with the points now marked with little
triangles.

The idea behind the BMI calculation is that this value should be inde-
pendent of the person’s height, thus giving you a single number as an
indication of whether someone is overweight and by how much. Since
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Figure 1.3. Plot with pch = 2.
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Figure 1.4. Superimposed reference curve, using lines (.. .).

a normal BMI should be about 22.5, you would expect that weight ~

22.5 x height®. Accordingly, you can superimpose a curve of expected
weights at BMI 22.5 on the figure:

> hh <- c¢(1.65, 1.70, 1.75, 1.80, 1.85, 1.90)
> lines (hh, 22.5 * hh"2)

yielding Figure 1.4. The function lines will add (x, y) values joined by
straight lines to an existing plot.

The reason for defining a new variable (hh) with heights rather than using
the original height vector is twofold. First, the relation between height
and weight is a quadratic one and hence nonlinear although it can be diffi-
cult to see on the plot. Since we are approximating a nonlinear curve with
a piecewise linear one, it will be better to use points that are spread evenly
along the x-axis than to rely on the distribution of the original data. Sec-
ond, since the values of height are not sorted, the line segments would

not connect neighbouring points but would run back and forth between
distant points.
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1.2 R language essentials

This section outlines the basic aspects of the R language. It is necessary
to do this in a slightly superficial manner with some of the finer points
glossed over. The emphasis is on items that are useful to know in interac-
tive usage as opposed to actual programming, although a brief section on
programming is included.

1.2.1 Expressions and objects

The basic interaction mode in R is one of expression evaluation. The user
enters an expression; the system evaluates it and prints the result. Some
expressions are evaluated not for their result, but for side effects such as
putting up a graphics window or writing to a file. All R expressions return
a value (possibly NULL), but sometimes it is “invisible” and not printed.

Expressions typically involve variable references, operators like +, func-
tion calls, as well as some other items that have not been introduced
yet.

Expressions work on objects. This is an abstract term for anything that can
be assigned to a variable. R contains several different types of objects. So
far, we have almost exclusively seen numerical vectors, but several other
types are introduced in this chapter.

Although objects can be discussed abstractly, it would make a rather bor-
ing read without some indication of how to generate them and what to do
with them. Conversely, much of the expression syntax makes little sense
without knowledge of the objects on which it is intended to work. There-
fore, the subsequent sections alternate between introducing new objects
and introducing new language elements.

1.2.2  Functions and arguments

At this point you have obtained an impression of the way R works, and
we have already used some of the special terminology when talking about
the plot function, etc. That is exactly the point: Many things in R are done
using function calls, that is, commands that look like application of a math-
ematical function of one or several variables, for example, log(x) or
plot (height, weight).

The format is that a function name is followed by a set of parentheses con-
taining one or more arguments. For instance, inplot (height, weight)
the function name is plot and the arguments are height and weight.
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These are the actual arguments, which apply only to the current call. A func-
tion also has formal arguments, which get connected to actual arguments in
the call.

When you write plot (height, weight) R assumes that the first argu-
ment corresponds to the x-variable and the second one to the y-variable.
This is known as positional matching. Users of traditional programming
languages like C or Pascal will recognize this format immediately and
probably also be aware of the fact that it becomes unwieldy if a func-
tion has a large number of arguments, since you have to supply every
one of them and remember their position in the sequence. Fortunately,
R has methods to avoid this: Most arguments have sensible defaults and
can be omitted in the standard cases, and there are nonpositional ways of
specifying them when you need to depart from the default settings.

The plot function is in fact an example of a function that has a large
selection of arguments in order to be able to modify symbols, line
widths, titles, axis type, and so forth. We used the alternative form of
specifying arguments when setting the plot symbol to triangles with
plot (height, weight, pch=2).

The pch=2 form is known as a named actual argument whose name can
be matched against the formal arguments of the function and thereby
allow keyword matching of arguments. The keyword pch was used to
say that the argument is a specification of the plotting character. This
type of function argument can be specified in arbitrary order. Thus, you
can write plot (y=weight,x=height) and get the same plot as with
plot (x=height, y=weight).

The two kinds of argument specification — positional and named — can
be mixed in the same call.

Even if there are no arguments to a function call, you have to write, for
example, 1s () for displaying the contents of the workspace. A common
error is to leave off the parentheses, which instead results in the display of
a piece of R code since 1s entered by itself indicates that you want to see
the definition of the function rather than executing it.

The formal arguments of a function are part of the function definition. The
set of formal arguments to a function, for instance plot .default (which
is the function that gets called when you pass plot an x argument for

. which no special plot method exists), may be seen with

> args(plot.default)

function (x, y=NULL, type="p", x1im=NULL, ylim=NULL,
log="", main=NULL, sub=NULL, xlab=NULL, ylab=NULL,
ann=par ("ann"), axes=TRUE, frame.plot=axes, panel.first=NULL,
panel.last=NULL, col=par("col"), hg=NA, pch=par("pch"),
cex=1l, lty=par("lty"), lab=par("lab"), lwd=par{"lwd"),
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asp=NA, ...)
NULL

Notice that most of the arguments have defaults, meaning that if you do
not specify (say) the type argument, the function will behave as if you
had passed type="p". The NULL defaults for many of the arguments re-
ally serve as indicators that the argument is unspecified, allowing special
behaviour to be defined inside the function. For instance, if they are not
specified, the x1lab and ylab arguments are constructed from the actual
arguments passed as x and y. (There are some very fine points associated
with this, but we do not go further into the topic.)

The triple-dot (. ..) argument indicates that this function will accept
additional arguments of unspecified name and number. These are often
intended for passing on to other functions, although some functions treat
it specially. For instance, data. frame interprets the .. .-arguments as
the column vectors and the argument names become column names in
the result.

1.2.3  Vectors

We have already seen numerical vectors. There are two further types,
character vectors and logical vectors.

A character vector is a vector of text strings, whose elements are specified
and printed in quotes:

> c("Huey", "Dewey", "Louie”)
[1] "Huey" "Dewey" "Louie"

It does not matter whether you use single- or double-quote symbols, as
long as the left quote is the same as the right quote:

> ¢ (’Huey’, 'Dewey’, 'Louie’)
[1] "Huey" ‘"Dewey" "Louie"

However, you should avoid the acute accent key (), which is present on
some keyboards. Double quotes are used throughout this book to prevent
mistakes.

Logical vectors can take the value TRUE or FALSE (or NA; see below). In
input, you may use the convenient abbreviations T and F. Logical vectors
are constructed using the ¢ function just like the other vector types:

> c(T,T,F,T)
[L] TRUE TRUE FALSE TRUE
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Actually, you will not often have to specify logical vectors in the above
manner. It is much more common to use single logical values to turn an

option on or off in a function call. Vectors of more than one value most
often result from relational expressions:

> bmi > 25
[1] FALSE FALSE FALSE FALSE TRUE FALSE

We return to relational expressions and logical operations in the context
of conditional selection in Section 1.2.11.

1.2.4  Missing values

In practical data analysis a data point is frequently unavailable (the patient
did not show up, an experiment failed, etc.). Statistical software needs
ways to deal with this. R allows vectors to contain a special NA value.
This value is carried through in computations so that operations on NA
yield NA as the result. There are some special issues associated with the
handling of missing values; we deal with them as we encounter them.

1.2.5 Functions that create vectors

Here we introduce three functions, ¢, seq, and rep, which are used to
create vectors in various situations.

The first of these, ¢, has already been introduced. It is short for “concate-

nate”, that is, joining items end to end, which is exactly what the function
does: '

> c(42,57,12,39,1,3,4)
f1] 42 57 12 39 1 3 4

The second function, seq (“sequence”), is used for equidistant series of
numbers. Writing

> seq(4,9)
[1] 4 56 7 89

yields, as seen, the integers from 4 to 9. If you want a sequence in jumps
of 2, write

> seq(4,10,2)
[11 4 6 8 10

This kind of vector is frequently needed, particularly for graphics. For ex-
ample, we previously used ¢ (1.65,1.70,1.75,1.80,1.85,1.90) to
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define the x-coordinates for a curve, something that could also have been
written seq(1.65,1.90,0.05) (theadvantage of using seq might have
been more obvious if the heights had been in steps of 1 cm rather than
5 cm!).

The case with step size equal to 1 can also be written using a special
syntax:

> 4:9
(11 4 567 89

The above is exactly the same as seq (4, 9), only easier to read.

The third function, rep (“replicate”), is used to generate repeated values.
It is used in two variants, depending on whether the second argument is
a vector or a single number:

> oops <- c(7,9,13)

> rep(oops,3)

(1 7 913 7 913 7 9 13
> rep{oops,1:3)

(17 7 9 9 13 13 13

The first of the above function calls repeats the entire vector oops three
times. The second call has the number 3 replaced by a vector with the three
values (1, 2, 3); these values the values of the oops vector, indicating that
7 should be repeated once, 9 twice, and 13 three times. The rep function
is often used for things like group codes: If it is known that the first 10
observations are men and the last 15 ones are women, you can use

> rep(l:2,c(10,15))
(11 11 11111111222222222222222

to form a vector that for each observation indicates whether it is from a
man or a woman.

1.2.6  Matrices and arrays

A matrix in mathematics is just a two-dimensional array of numbers. Ma-
trices are used for many purposes in theoretical and practical statistics,
but it is not assumed that the reader is familiar with matrix algebra,
so many special operations on matrices, including matrix multiplication,
are skipped. (The document “An Introduction to R” that comes with
the installation outlines these items quite well.) However, matrices and
also higher-dimensional arrays do get used for simpler purposes as well,
mainly to hold tables, so an elementary description is in order.
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In R, the matrix notion is extended to elements of any type, so you could
have, for instance, a matrix of character strings. Matrices and arrays are
represented as vectors with dimensions:

> x <- 1:12
> dim(x) <- c(3,4)

> X

(.11 [,21 [,31 [,4]
[1,1] 1 4 7 10
[2,1 2 5 8 11
[3,1] 3 6 9 12

The dim assignment function sets or changes the dimension attribute of x,
causing R to treat the vector of 12 numbers as a 3 x 4 matrix. Notice that
the storage is column-majoz, that is, the elements of the first column are
followed by those of the second, etc.

A convenient way to create matrices is to use the matrix function:

> matrix(1l:12,nrow=3,byrow=T)
(.11 [,21 [,3]1 [,4]

(1.1 1 2 3 4
12,1 5 6 7 8
, 9 10 11 12

Notice how the byrow=T switch causes the matrix to be filled in a rowwise
fashion rather than columnwise.

Useful functions that operate on matrices include rownames, colnames
and the transposition function t (notice small letter as opposed to capital
T for TRUE), which turns rows into columns, and vice versa:

v

X <- matrix(l:12,nrow=3,byrow=T)
rownames (x) <- LETTERS{1:3]

X
[,1

AN

vV O W

1
1
5
9
t{x)
A B C
(1,11
(2,1 2
(3,13
(4,] 4

The character vector LETTERS is a built-in variable that contains the cap-
ital letters A-Z. Similar useful vectors are letters, month.name, and

month . abb with lowercase letters, month names, and abbreviated month
names.
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You can “glue” vectors together, columnwise or rowwise, using the cbind
and rbind functions.

> cbind(A=1:4,B=5:8,C=9:12)
AB C
(1,1 15 9
[2,1 2 6 10
3,1 3 7 11
[(4,] 4 8 12
> rbind(A=1:4,B=5:8,C=9:12)
.11 [,21 ,31 [,4]
A 1 2 3 4
B 5 6 7 8
C 9 10 11 12

We return to table operations in Section 3.5, which discusses tabulation of
variables in a data set. -

1.2.7 Factors

It is common in statistical data to have categorical variables, indicating
some subdivision of data, such as social class, primary diagnosis, tu-
mor stage, Tanner stage of puberty, etc. Typically, these are input using
a numeric code.

Such variables should be specified as factors in R. This is a data structure
that (among other things) makes it possible to assign meaningful names
to the categories. :

There are analyses where it is essential for R to be able to distinguish
between categorical codes and variables whose values have a direct
numerical meaning (see Chapter 6).

The terminology is that a factor has a set of levels — say four levels for con-
creteness. Internally, a four-level factor consists of two items: (a) a vector of
integers between 1 and 4 and (b) a character vector of length 4 containing
strings describing what the four levels are. Let’s look at an example:

> pain <- ¢(0,3,2,2,1)
> fpain <- factor(pain, levels=0:3)
> levels(fpain) <- c("none","mild", "medium", "severe")

The first command creates a numerical vector pain, encoding the pain
level of five patients. We wish to treat this as a categorical variable, so we
create a factor fpain from it using the function factor. This is called
with one argument in addition to pain, namely levels=0:3, which in-
dicates that the input coding uses the values 0-3. The latter can in principle
be left out, since R by default uses the values in pain, suitably sorted, but
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it is a good habit to retain it; cf. below. The effect of the final line is that the
level names are changed to the four specified character strings.

The result should be apparent from the following:

> fpain
[1] none severe medium medium mild
Levels: none mild medium severe

> as.numeric (fpain)

[1] 1 4 3 3 2

> levels (fpain)

[1] "none" "mild" "medium" "severe"

The function as.numeric extracts the numerical coding as numbers
14 and levels extracts the names of the levels. Notice that the origi-
nal input coding in terms of numbers 0-3 has disappeared; the internal
representation of a factor always uses numbers starting at 1.

If, in factor(...), you do not specify a levels argument, the levels
will by default be the sorted, unique values represented in the vector. This
is not always desirable when dealing with text variables, since the sorting
is alphabetical. Consider, for instance,

> text.pain <- c("none", "severe", "medium", "medium", "mild")
> factor (text.pailn)

[1] none severe medium medium mild

Levels: medium mild none severe

Also, you would obviously not include levels that are not present in data,
which can cause trouble when merging data from several populations.

R also allows you to create a special kind of factor in which the lev-
els are ordered. This is done using the ordered function, which works
similarly to factor. These are potentially useful in that they distinguish
nominal and ordinal variables from each other (and arguably, text .pain
above ought to have been an ordered factor). Unfortunately, R defaults to
treating the levels as if they were equidistant in the modelling code (by gen-

erating polynomial contrasts), so it may be better to ignore ordered factors
for now.

1.2.8 Lists

It is sometimes useful to combine a collection of objects into a larger
composite object. This can be done using lists.

You can construct a list from its components with the function 1ist.
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As an example, consider a set of data from Altman (1991, p. 183) concern-
ing pre- and postmenstrual energy intake in a group of women. We can
place these data in two vectors as follows:

intake.pre <- ¢(5260,5470,5640,6180,6390,
6515,6805,7515,7515,8230,8770)
intake.post <- ¢(3910,4220,3885,5160,5645,
4680,5265,5975,6790,6900,7335)

+ VvV + VvV

Notice how input lines can be broken and continue on the next line. If
you press the Enter key while an expression is syntactically incomplete, R
will assume that the expression continues on the next line and will change
its normal > prompt to the continuation prompt +. This often happens inad-
vertently due to a forgotten parenthesis or a similar problem; in such cases

either complete the expression on the next line, or press ESC (Windows)
or Ctrl-C (Unix).

To combine these individual vectors into a list, you can say

> mylist <- list(before=intake.pre,after=intake.post)
> mylist
Sbefore
{11 5260 5470 5640 6180 6390 6515 6805 7515 7515 8230 8770

Safter
[1]1 3910 4220 3885 5160 5645 4680 5265 5975 6790 6900 7335

The components of the list are named according to the argument names
used in 1ist. Named components may be extracted like this:

> mylist$Sbefore
[1] 5260 5470 5640 6180 6390 6515 6805 7515 7515 8230 8770

Many of R’s built-in functions compute more than a single vector of values
and return their results in the form of a list.

1.2.9 Data frames

A data frame corresponds to what other statistical packages call a “data
matrix” or a “data set”. It is a list of vectors and/or factors of the same
length, which are related “across”, such that data in the same position
come from the same experimental unit (subject, animal, etc.). In addition,
it has a unique set of row names.

You can create data frames from preexisting variables:

> d <- data.frame(intake.pre, intake.post)
> d
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intake.pre intake.post

1 5260 3910
9 5470 4220
3 5640 3885
4 6180 5160
5 6390 5645
6 6515 4680
7 6805 5265
8 7515 5975
9 7515 6790
10 8230 6900
11 8770 7335

Notice that these data are paired, that is, the same woman has an intake
of 5260 k] premenstrually and 3910 k] postmenstrually.

As with lists, variables are accessible using the $ notation:

> d$intake.pre
[1] 5260 5470 5640 6180 6390 6515 6805 7515 7515 8230 8770

1.2.10 Indexing

If you need a particular element in a vector, for instance the premenstrual
energy intake for woman no. 5, you can do

> intake.prel[5]
[11 6390

The brackets are used for selection of data, also known as indexing or sub-
setting. This also works on the left-hand side of an assignment (so that you
can say, for instance, intake.pre[5] <- 6390) if you want to modify
elements of a vector.

If you want a subvector consisting of data for more than one woman, let’s
say nos. 3, 5, and 7, you can index with a vector:

> intake.prelc(3,5,7)]
[1] 5640 6390 6805

Note that it is necessary to use the ¢ (. . . ) -construction to define the vec-
tor consisting of the three numbers 3, 5, and 7. intake.pre([3,5, 7]
would mean something completely different. It would specify indexing
into a three-dimensional array.

Of course, indexing with a vector also works if the index vector is stored
in a variable. This is useful when you need to index several variables in
the same way.
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> v <- ¢(3,5,7)
> intake.prelv]
[1] 5640 6390 6805

It is also worth noting that to get a sequence of elements, for instance, the
first five, you can use the a : b notation:

> intake.prel[l:5]
[1] 5260 5470 5640 6180 6390

A neat feature of R is the possibility of negative indexing. You can get all
observations except nos. 3, 5, and 7 by writing

> intake.pre[-c(3,5,7)1]
[1] 5260 5470 6180 6515 7515 7515 8230 8770

It is not possible to mix positive and negative indices. That would be
highly ambiguous.

1.2.11 Conditional selection

We saw in Section 1.2.10 how to extract data using one or several indices.
In practice, you often need to extract data that satisfy certain criteria, such
as data from the males or the prepubertal or those with chronic diseases,
etc. This can be done simply by inserting a relational expression instead
of the index, like this:

> intake.post[intake.pre > 7000]
{171 5975 6790 6900 7335

— yielding the postmenstrual energy intake for the four women who had
an energy intake above 7000 k] premenstrually.

Of course, this kind of expression makes sense only if the variables that go
into the relational expression have the same length as the variable being
indexed.

The comparison operators available are < (less than), > (greater than), ==
(equal to), <= (less than or equal to), >= (greater than or equal to), and ! =
(not equal to). Notice that a double equal sign is used for testing equality.
This is to avoid confusion with the = symbol used to match keywords with
function arguments. Also, the ! = operator is new to some; the ! symbol
indicates negation. The same operators are used in the C programming
language.

To combine several expressions you can use the logical operators & (logical
“and”), | (logical “or”), and ! (logical “not”). For instance, we find the
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postmenstrual intake for women with a premenstrual intake between 7000
and 8000 kJ with

> intake.post[intake.pre > 7000 & intake.pre <= 8000]
[1]1 5975 6790

There are also && and | |, which are used for flow control in actual R
programming. However, their use is beyond what we discuss here.

It may be worth taking a closer look at what actually happens when you
use a logical expression as an index. The result of the logical expression is
a logical vector as described in Section 1.2.3_:

> intake.pre > 7000 & intake.pre <= 8000
[1] FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE FALSE
[11] FALSE

Indexing with a logical vector implies that you pick out the values where
the logical vector is TRUE, so in the preceding example we got the 8th and
9th values in intake.post.

If missing values (NA; see Section 1.2.4) appear in an indexing vector, then
R will create the corresponding elements in the result but set the values to
NA.

In addition to the relational and logical operators, there is a series of
functions that return a logical value. A particularly important one is
is.na(x), which is used to find out which elements of x are recorded
as missing (NA).

Notice that there is a real need for is.na because you cannot make
comparisons of the form x==NA. That simply gives NA as the result, for
any value of x. The result of a comparison with an unknown value is
unknown!

1.2.12  Indexing of data frames

We have already seen how it is possible to extract variables from a
data frame by typing, for example, d$intake.post. However, it is also
possible to use a notation that uses the matrix-like structure directly:

> d <- data.frame(intake.pre, intake.post)
> d[5,1]
[1] 6390

gives fifth row, first column, that is, the “pre” measurement for woman
no. 5, and
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> d[5,1
intake.pre intake.post
5 6390 5645

gives all measurements for woman no. 5. Notice that the comma in d[5, ]
is required; without the comma, for example d[2], you get the data frame
consisting of the second column of d, that is, more like d [, 21, which is the
column itself.

Other indexing techniques also apply. In particular, it can be useful to ex-
tract all data for cases that satisfy some criterion, such as women with a
premenstrual intake above 7000 kJ:

> d{dsintake.pre>7000, ]
intake.pre intake.post

8 7515 5975
9 7515 6790
10 8230 6900
11 8770 7335

Here we extracted the rows of the data frame where intake.pre>7000.
Notice that the row names are those of the original data frame.

If you want to understand the details of this, it may be a little easier if it is
divided into smaller steps. It could also have been done like this:

> gel <- d$intake.pre>7000
> sel

[1] FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE TRUE
[111] TRUE

> dl[sel, ]

intake.pre intake.post
8 7515 5975
9 7515 6790
10 8230 6900
11 8770 7335

What happens is that sel (select) becomes a logical vector that is TRUE
corresponding to the four women consuming more than 7000 k] premen-
strually. Indexing as d[sel, ] yields data from the rows where sel is
TRUE and from all columns because of the empty field after the comma.

1.2.13 subset and transform
The indexing techniques for extracting parts of a data frame are logical but

a bit cuambersome, and a similar comment applies to the process of adding
transformed variables to a data frame. Therefore, a couple of functions
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exist to make things a little easier. They are used as follows (data is used
to fetch a built-in data set; see Section 1.5.4):

data (thuesen)
thue2 <- subset (thuesen,blood.glucose<7)

vV Vv

> thue2

blood.glucose short.velocity
6 5.3 1.49
11 6.7 1.25
12 5.2 1.19
15 6.7 1.52
17 4.2 1.12
22 4.9 1.03

> thueld <- transform(thuesen, log.gluc=log(blood.glucose))
> thue3
blood.glucose short.velocity log.gluc

1 15.3 1.76 2.727853
2 10.8 1.34 2.379546
3 8.1 1.27 2.091864
4 19.5 1.47 2.970414
5 7.2 1.27 1.974081
22 4.9 1.03 1.589235
23 8.8 1.12 2.174752
24 9.5 1.70 2.251292

* Notice that the variables used in the expressions for new variables or for
subsetting are evaluated with variables taken from the data frame.

subset also works on single vectors. This is nearly the same as indexing
with a logical vector (such as short.velocity[blood.glucose<7]),
except that observations with missing values in the selection criterion are
excluded.

subset also has a select formal argument with a somewhat peculiar
syntax, used to extract variables from a data frame. This will not be needed
here, though.

1.2.14  Grouped data and data frames

The natural way of storing grouped data in a data frame is to have the
data themselves in one vector and parallel to that to have a factor telling
which data are from which group. Consider, for instance, the following
data set on energy expenditure for lean and obese women. (Again, see
Section 1.5.4 for data.)

> data (energy)
> energy
expend stature
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1 9.21 obese
2 7.53 lean
3 7.48 lean
4 8.08 lean
5 8.09 lean
6 10.15 lean
7 8.40 lean
8 10.88 lean
9 6.13 lean
10 7.90 lean
11 11.51 obese
12 12.79 obese
13 7.05 lean
14 11.85 obese
15 9.97 obese
16 7.48 lean
17 8.79 obese
18 9.69 obese
19 '9.68 obese
20 7.58 lean
21 9.19 obese
22 8.11 lean

This is a convenient format since it generalizes easily to multiple classifica-
tion criteria. However, sometimes it is desirable to have data in a separate
vector for each group. Fortunately, it is easy to extract these from the data
frame:

> exp.lean <- energyS$expend[energyS$Sstature=="lean"]
> exp.chese <- energySexpend|energy$stature=="cbese"]

Alternatively, you can use the split function, which generates a list of
vectors according to a grouping,.

> 1 <- gplit(energy$Sexpend, energy$stature)
> 1
$lean
[1] 7.53 7.48 8.08 8.09 10.15 8.40 10.88 6.13 7.90 7.05
111 7.48 7.58 8.11

Sobese
{11 9.21 11.51 12.79 11.85 9.97 8.79 9.69 9.68 9.19

1.2.15 Sorting

It is trivial to sort a vector. Just use the sort function:

> intake.post
[1] 3910 4220 3885 5160 5645 4680 5265 5975 6790 6900 7335
> sort{intake.post)
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[11 3885 3910 4220 4680 5160 5265 5645 5975 6750 6900 7335

(intake.pre could not be used for this example since it is sorted
already!)

However, sorting a single vector is not usually what is required. More
often, you need to sort a series of variables according to the values of some
other variables — blood pressures sorted by sex and age, for instance. For
this purpose, there is a construction that may look somewhat abstract at
first but is really very powerful. You first compute an ordering of a variable.

> order (intake.post)
(117 3 1 2 6 4 7 5 8 910 11

The result is the numbers 1 to 11 (or whatever the length of the vec-
tor is), sorted according to the size of the argument to order (here:
intake.post). Interpreting the result of order is a bit tricky — it should
be read as follows: You sort intake.post by placing its values in the
order no. 3, no. 1, no. 2, no. 6, etc.

The point is that by indexing with this vector, other variables can be sorted
by the same criterion. Note that indexing with a vector containing the
numbers from 1 to the number of elements exactly once corresponds to
a reordering of the elements.

> 0 <- order (intake.post)
> intake.post[o]

[1] 3885 3910 4220 4680 5160 5265 5645 5975 6790 6900 7335
> intake.prelo]

[1] 5640 5260 5470 6515 6180 6805 6390 7515 7515 8230 8770

What has happened here is that intake.post has been sorted — just as
in sort (intake.post) — while intake.pre has been sorted by the
size of the corresponding intake.post.

Sorting by several criteria is done simply by having several arguments to
order; forinstance, order (sex, age) will give a main division into men
and women, and within each sex an ordering by age. The second variable
is used when the order cannot be decided from the first variable. Sorting
in reverse order can be handled by, for example, changing the sign of the
key variable.
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1.2.16 Implicit loops

The looping constructs of R are described in Section 1.4.1. For the purposes
of this book, you can largely ignore their existence. However, there is a
group of R functions that it will be useful for you to know about.

A common application of loops is to apply a function to each element of a
set of values or vectors and collect the results in a single structure. In R this
is abstracted by the functions lapply and sapply. The former always
returns a list (hence the ‘l’) whereas the latter tries to simplify (hence the
’s”) the result to a vector or a matrix if possible. So to compute the mean of
each variable in a data frame of numeric vectors, you can do the following;:

> lapply(thuesen, mean, na.rm=T)
$blood.glucose
[11 10.3

$short.velocity
[1] 1.325652

> sapply(thuesen, mean, na.rm=T)
blood.glucose short.velocity
10.300000 1.325652

Notice how both forms attach meaningful names to the result, which is an-
other good reason to prefer using these functions over using explicit loops.
The second argument to lapply/sapply is the function that should be
applied, here mean. Any further arguments are passed on to the function;
in this case we pass na.rm=T to request that missing values be removed
(see Section 3.1).

A similar function, apply, allows you to apply a function to the rows
or columns of a matrix (or over indices of a multidimensional array in
general) as in

> m <- matrix{(rnorm(12),4)

> m

[, 1] [,2] (,3]
[1,] -0.9686756 ~-0.7045067 0.9612115
[2,1 0.9658574 0.2166490 0.3189893
(3,1 1.9969486 1.4072639 0.4043070
[4,] -1.1616653 -0.7892404 2.0291297

> apply(m, 2, min)
(1] -1.1616653 -0.7892404 0.3189893

The second argument is the index (or vector of indices) that defines what
the function is applied to; in this case we get the columnwise minima.

Also, the function tapply allows you to create tables (hence the ‘t’) of the
value of a function on subgroups defined by its second argument, which
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can be a factor or a list of factors. In the latter case a cross-classified table
is generated. (The grouping can also be defined by ordinary vectors. They
will be converted to factors internally.)

> tapply (energyS$Sexpend, energy$stature, median)
lean obese
7.90 9.69

1.3 The graphics subsystem

In Section 1.1.5 we saw how to generate a simple plot and superimpose
a curve on it. It is quite common in statistical graphics that you want to
create a plot that is slightly different from the default: Sometimes you will
want to add annotation, sometimes you want the axes to be different —
labels instead of numbers, irregular placement of tick marks, etc. All these
things can be obtained in R. The methods for doing it may feel slightly
unusual at first, but it is a very flexible and powerful approach.

In this section we look deeper into the structure of a typical plot and give
some indication of how you can work with plots to achieve your desired
results. Beware, though, that this is a large and complex area and it is not
within the scope of this book to cover it completely.

1.3.1 Plot layout

In the graphics model that R uses, there is (for a single plot) a figure region
containing a central plotting region surrounded by margins. Coordinates
inside the plotting region are specified in data units (the kind generally
used to label the axes). Coordinates in the margins are specified in lines
of text as you move in a direction perpendicular to a side of the plotting
region, but in data units as you move along the side. This is useful since
you generally want to put text in the margins of a plot.

A standard x-y plot has an x and a y title label generated from the ex-
pressions being plotted. You may, however, override these labels and also
add two further titles, a main title above the plot and a subtitle at the very
bottom, in the plot call.

X <- runif {50,0,2)

y <- runif (50,0,2)

plot(x, ¥y, main="Main title", sub="subtitle",
xlab="x-label", ylab="y-label")

+ v v Vv
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Inside the plotting region you can place points and lines that are either
specified in the plot call or added later with points and 1ines. You
can also place a text with

> text(0.6,0.6,"text at (0.6,0.6)")
> abline(h=.6,v=.6)

Here, the abline call is just to show how the text is centered on the point
(0.6,0.6). (Normally, abline plots the line y = a + bx when given a and
b as arguments, but it can also be used to draw horizontal and vertical
lines as shown.)

The margin coordinates are used by the mtext function. They can be
demonstrated as follows:

> for (side in 1:4) mtext(-1:4,side=side,at=.7,line=-1:4)
> mbext (paste("side",1:4), side=1l:4, line=-1, font=2)
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Figure 1.5. The layout of a standard plot.

The for loop (see Section 1.4.1) places the numbers —1 to 4 on corre-
sponding lines in each of the four margins, at an off-center position of 0.7
measured in user coordinates. The subsequent call places a label on each
side, giving the side number. The argument font=2 means that a boldface
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font is used. Notice in Figure 1.5 that the margins are not all wide enough
to hold all the numbers and that it is possible to use negative line numbers
to place text within the plotting region.

1.3.2  Building a plot from pieces

High-level plots are composed of elements, each of which can also be
drawn separately. The separate drawing commands often allow finer con-
trol of the element, so a standard strategy to achieve a given effect is first
to draw the plot without that element and add the element subsequently.
As an extreme case, the following command will plot absolutely nothing:

> plot(x, vy, type="n", xlab="", ylab="", axes=F)

Here type="n" causes the points not to be drawn. axes=F suppresses
the axes and the box around the plot, and the x and y title labels are set to
empty strings.

However, the fact that nothing is plotted does not mean that nothing hap-
pened. The command sets up the plotting region and coordinate systems
just as if it had actually plotted the data. To add the plot elements, evaluate
the following:

points(x,vy)

axis (1)

axis(2,at=seqg(0.2,1.8,0.2))

box ()

title(main="Main title", sub="subtitle",
xlab="x-label", ylab="y-label")

+ V. V V V V

Notice how the second axis call specifies an alternative set of tick marks
(and labels). This is a common technique used to create special axes on a
plot and might also be used to create nonequidistant axes as well as axes
with nonnumeric labelling.

Plotting with type="n" is a common technique in S-PLUS, which lacks
R’s feature of passing a vector argument for col to specify individual
colours for each point. Instead, to create a plot with different colours for
different groups, you would first plot all data with type="n" to make
sure the plot region was large enough, and then you would add the points
for each group using points.
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1.3.3 Using par

The par function allows incredibly fine control over the details of a plot,
although it can be quite confusing to the beginner (and even to experi-
enced users at times). The best strategy for learning it may well be simply
to try and pick up a few useful tricks at a time and once in a while try to
solve a particular problem by poring over the help page.

Some of the parameters, but not all, can also be set via arguments to plot-
ting functions, which also have some arguments that cannot be set by par.
When a parameter can be set by both methods, the difference is generally
that if something is set via par, then it stays set subsequently.

The par settings allow you to control line widths and types, character size
and font, colours, style of axis calculation, size of the plot and figure re-
gions, clipping, etc. It is possible to divide a figure into several subfigures,
using the mfrow and mfcol parameters.

For instance, the default margin sizes are just over 5, 4, 4, and 2 lines.
You might set par (mar=c(4,4,2,2)+0.1) before plotting. This shaves
one line off the bottom margin and two lines off the top margin of the
plot, which will reduce the amount of unused whitespace when there is
no main title or subtitle. If you look carefully, you will in fact notice that
Figure 1.5 has a somewhat smaller plotting region than the other plots in
this book. This is because the other plots have been made with reduced
margins for typographical reasons.

However, it is quite pointless to describe the graphics parameters com-
pletely at this point. Instead, we return to them as they are used for specific
plots.

1.3.4 Combining plots

Some special considerations arise when you wish to put several elements
together in the same plot. Consider overlaying a histogram with a normal
density (see Sections 3.2 and 3.4.1 for information on histograms and Sec-
tion 2.5.1 for density). The following is close, but only nearly good enough
(figure not shown).

> X <- rnorm(100)
> hist(x, freq=F)
> curve (dnorm(x) , add=T)

The freq=F argument to hist ensures that the histogram is in terms of
densities rather than absolute counts. The curve function graphs an ex-
pression (in terms of x) and its add=T allows it to overplot an existing
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plot. So things are generally set up correctly, but sometimes the top of the
density function gets chopped off. The reason is of course that the height
of the normal density played no role in the setting of the y-axis for the his-
togram. It will not help to reverse the order and draw the curve first and
add the histogram, because then the highest bars might get clipped.

The solution is first to get hold of the magnitude of the y values for both
plot elements and make the plot big enough to hold both (Figure 1.6):

> h <- hist(x, plot=F)

> ylim <- range (0, h$density, dnorm(0))
> hist(x, freg=F, ylim=ylim)

> curve (dnorm(x), add=T)

Histogram of x

0.4

0.3

Density
0.2

0.1

0.0
L

Figure 1.6. Histogram with normal density overlaid.

When called with plot=F, hist will not plot anything, but it will re-
turn a structure containing the bar heights on the density scale. This and
the fact that the maximum of dnorm (x) is dnorm(0) allows us to cal-
culate a range covering both the bars and the normal density. The zero in
the range call ensures that the bottom of the bars will be in range too.
The range of y values is then passed to the hist function via the ylim
argument.



32 1. Basics

14 R programming

It is possible to write your own R functions. In fact, this is a major as-
pect and attraction of working with the system in the long run. This book
largely avoids the issue in favour of covering a larger set of basic statistical
procedures that can be executed from the command line. However, to give
you a feel for what can be done, consider the following function, which
wraps the code from the example of Section 1.3.4 so that you can just
say hist.with.normal (rnorm(200)). It has been slightly extended
so that it now uses the empirical mean and standard deviation of the data
instead of just 0 and 1.

> hist.with.normal <- function(x, xlab=deparse (substitute(x)),...)
+ |

+ h <- hist(x, plot=F, ...)

+ s <- sd{x)

+ m <- mean(x)

+ yvlim <- range(0,h$density,dnorm(0,sd=s))

+ hist(x, freg=F, ylim=ylim, xlab=xlab, ...)

+ curve (dnorm(x,m, s), add=T)

+

)

Notice the use of a default argument for xlab. If x1ab is not specified,
then it is obtained from this expression which evaluates to a character
form of the expression given for x, that is, if you pass rnorm(100) for
%, then the x label becomes “rnorm(100)”. Notice also the use of a . ..
argument which collects any additional arguments and passes them on to
hist in the two calls.

You can learn more about programming in R by studying the built-in
functions, starting with simple ones like 1og10 or weighted.mean. For
further study of the R and S languages, the books by Venables and Ripley
(2002, 2000) are indispensable as are the original books on (new) S, known
as the “blue book” (Becker et al., 1988) and the “white book” (Chambers
and Hastie, 1992).

1.4.1  Flow control

Until now, we have seen components of the R language that cause evalua-
tion of single expressions. However, R is a true programming language
that allows conditional execution and looping constructs as well. Con-
sider, for instance, the following code. (It is not terribly important what the
code does, but it implements a version of Newton’s method for calculating
the square root of y.)

> v <- 12345
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> X <- y/2

> while (abs(x*x-y) > le-10) X <- (x + y/x)/2
> X

[1] 1121.1081

> X"2

[1] 12345

Notice the while (condition) expression construction, which says
that the expression should be evaluated as long as the condition is TRUE.
The test occurs at the top of the loop so that the expression might never be
evaluated.

A variation of the same algorithm with the test at the bottom of the loop
can be written with a repeat construction:

> X <- y/2

> repeat{

+ X <~ (x + y/x)/2

+ if (abs(x*x-y) < 1le-10) break
+ )

> X

(1] 111.1081

This also illustrates three other flow control structures: (a) a compound ex-
pression: several expressions held together between curly braces; (b) an i £
construction for conditional execution; and (c) a break expression, which
causes the enclosing loop to exit.

Incidentally, the loop could allow for y being a vector, simply by changing
the termination condition to

if (all(abs(x*x - y) < 1e-10)) break

This would iterate excessively for some elements, but the vectorized
arithmetic would likely more than make up for that.

Actually, while and repeat are quite rarely used in R. Much more fre-
quent is for, which loops over a fixed set of values as in the following
example, which plots a set of power curves on the unit interval.

> x <- seq(0, 1,.05)
> plot(x, x, ylab="y", type="1")
> for ( j in 2:8 ) lines(x, x7Jj)

Notice the loop variable j, which in turn takes the values of the given
sequence when used in the 1ines call.
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1.4.2  Classes and generic functions

Object-oriented programming is about creating coherent systems of data
and methods that work upon them. One purpose is to simplify programs
by accommodating the fact that you will have conceptually similar meth-
ods for different types of data, even though the implementations will have
to be different. A prototype example is the print method: It generally
makes sense to print many kinds of data objects, but the print layout will
depend on what the data object is. You will generally have a class of data
objects and a print method for that class. There are several object-oriented
languages implementing these ideas in different ways. '

R uses the same object system as S version 3. This is a simple system in
which an object has a class attribute, which is simply a character vector.
One example of this is that all the return values of the classical tests like
t.test have class "htest", indicating that they are the result of a hy-
pothesis test. When these objects are printed, it is done by print .htest,
which creates the nice layout (see Chapter 4 for examples). However, from
a programmatic viewpoint these objects are just lists and you can, for
instance, extract the p-value by writing

> t.test(bmi, mu=22.5)3%p.value
[11 0.7442183

The function print is a generic function, one that acts differently depend-
ing on its argument. These are generally implemented as follows:

> print
function (x, ...)
UseMethod ("print")

which means that R should pass control to a function named according
to the object class (print.htest for objects of class "htest", etc.) or if
this is not found, to print .default. To see all the methods available
for print, type methods (print) (there are 58 of them in 1.5.0, so the
output is not shown here).

1.5 Session management

1.5.1 The workspace

All variables created in R are stored in a common workspace. To see which
variables are defined in the workspace, you can use the function 1s (list).
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It should look as follows if you have run all the preceding examples in this
chapter:

> 1s{()
(1] “bmi" ngqn "energy"
[4] "exp.lean" "exp.obese" "fpain"
[71 "h" "height" "hh"
[10] "hist.with.normal" "intake.post" "intake.pre"
[131 3" "l "m"
[16]1 "mylist™ o ) "oops"
[19] "pain" "pu’ "sel"
[22] "side"” "text.pain" "thuel"
[25] "thue3™ "thuesen" tyt
[28] "weight" X" "xbar"
[31] "y* "ylim*"

Remember that you cannot omit the parentheses in 1s (). An alternative
that might be preferable, especially if you plan to use S-PLUS later on, is
objects (). In R itis just another name for the same function.

If at some point things begin to look messy, you can delete some of the
objects. This is done using rm (remove), so that

> rm(height, weight, bmi)

deletes the variables height, weight, and bmi.

The entire workspace can be cleared using rm(1list=1s()), and in the
Windows version also via the “Remove all objects” menu entry (under
“Misc”). Strictly speaking, you need rm(list=1s(all.names=TRUE))
since 1s otherwise does not list variables whose name begins with a
dot. However, because such variable names are often used for system
purposes, you are discouraged from using such names in the first place.

If you are acquainted with the Unix operating system, for which the S
language that preceded R was originally written, then you will know that
the commands for listing and removing files in Unix are called precisely
ls and rm.

It is possible to save the workspace to a file at any time. If you just write

save.image ()

then it will be saved to a file called .RData in your working directory.
The Windows version also has this on the File menu. When you exit R
you will be asked whether to save the workspace image; if you accept,
the same thing will happen. It is also possible to specify an alternative
filename (within quotes). You can also save selected objects with save.
The .RData file is loaded by default when R is started in its directory.
Other save files can be loaded into your current workspace using load.



36 1. Basics

It is important to note that the workspace consists only of R objects, not of
any of the output that you have generated during a session. If you want to
save your output, use “Save to file” from the File menu on Windows or use
standard cut-and-paste facilities. You can also use ESS, which works on
both Unix/Linux systems and on Windows. It is a “mode” for the Emacs
editor where you can run your entire session in an Emacs buffer. You can
get ESS and installation instructions for it from CRAN (see Appendix A).

The history of commands entered in a session can be saved and reloaded
using the savehistory and loadhistory commands, which are also
mapped to menu entries on Windows.

1.5.2  Getting help

R can do a lot more than what a typical beginner can be expected to need
or even understand. This book is written so that most of the code you are
likely to need in relation to the statistical procedures is described in the
text, and the compendium in Appendix C is designed to provide a basic
overview. However, it is obviously not possible to cover everything.

R also comes with extensive online help in text form as well as in the form
of a series of HTML files that can be read using a Web browser such as
Netscape or Internet Explorer. The help pages can be accessed via “help”
in the menu bar on Windows and by entering help.start () on any
platform. You will find that the pages are of a technical nature. Preci-
sion and conciseness here take precedence over readability and pedagogy
(something one learns to appreciate after exposure to the opposite).

From the command line, you can always enter help (aggregate) to get
help on the aggregate function, or use the prefix form ?aggregate. If
the HTML viewer is running, then the help page is shown there. Other-
wise it is shown as text either through a pager to the terminal window or
in a separate window.

Notice that the HTML version of the help system features a very useful
“Search Engine and Keywords” and that the apropos function allows
you to get a list of command names that contain a given pattern.

Also available with the R distributions is a set of documents in various for-
mats. Of particular interest is “An Introduction to R”, originally based on
a set of notes for S-PLUS by Bill Venables and David Smith and modified
for R by various people. It contains an introduction to the R language and
environment in a rather more language-centric fashion than this book. On
the Windows platform, you can choose to install PDF documents as part
of the installation procedure so that — provided that the Adobe Acrobat
Reader prograu. is also installed — it can be accessed via the Help menu.
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An HTML version (without pictures) can be accessed via the browser
interface on all platforms.

1.5.3 Packages

An R installation contains a library of packages. Some of these packages
are part of the basic installation. Others can be downloaded from CRAN
(see Appendix A), which currently hosts over 100 packages for various
purposes. You can even create your own packages.

A package can contain functions written in the R language, dynamically
loaded libraries of compiled code (written in C or Fortran mostly), and
data sets. It generally implements functionality that most users will prob-
ably not need to have loaded all the time. A package is loaded into R using
the library command, so to load the survival package you should
enter

> library(survival)

The loaded packages are not considered part of the user workspace. If
you terminate your R session and start a new session with the saved
workspace, then you will have to load the packages again. For the same
reason, it is rarely necessary to remove a package that you have loaded,
but it can be done if desired with

> detach ("package:survival")

(see also Section 1.5.5).

1.5.4 Built-in data

We have used the data function without explanation a couple of times
already. It is used to load a built-in data set (one that comes with R or one
of the packages) into memory. Most often, it loads a data frame with the
name that its argument specifies; data (thuesen) will, for instance, load
the thuesen data frame. However, it may be another kind of object, or
even several objects.

What data does is to go through the data directories associated with each
package (see Section 1.5.3) and look for files whose basename matches
the given name. Depending on the file extension several things can then
happen. Files with a . tab extension are read using read.table (Sec-
tion 1.6), whereas files with a . R extension are executed as source files (and
could, in general, do anything!), to give two common examples. If there is
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a subdirectory of the current directory called data, then it is searched as
well.

1.5.5 attach and detach

The notation for accessing variables in data frames gets rather heavy if
you repeatedly have to write longish commands like

plot (thuesensblood.glucose, thuesen$Sshort.velocity)

Fortunately, you can make R look for objects among the variables in a
given data frame, for example thuesen. You write

> attach(thuesen)

and then thuesen’s data are available without the clumsy $-notation:

> blood.glucose
{1} 15.3 10.8 8.1 19.5 .2
2

7 6.7
[13] 19.0 15.1 6.7 8.6 4.

8.8

5.3 9.3 11.1 7.5 1
0.3

2.2 5.2
12.5 16.1 13.3 4.9 9.5

1

What happens is that the data frame thuesen is placed in the system’s
search path. You can view the search path with search:

> search()
[1] ".GlobalEnv" "thuesen™ "package: ISwR"
[4] "package:ctest" "Autoloads" "package:base"

Notice that thuesen is placed as no. 2 in the search path. .GlobalEnv
is the workspace and package:base is the system library where
all standard functions are defined. Autoloads is not described here.
package:ctest contains the “classical tests”: the Wilcoxon test, etc.
Finally, package : ISwR contains data sets used in this book.

There may be several objects of the same name in different parts of the
search path. In that case, R chooses the first one (that is, it searches first in
.GlobalEnv, then in thuesen, and so forth). For this reason you need
to be a little careful with “loose” objects that are defined in the workspace
outside a data frame since they will be used before any vectors and factors
of the same name in an attached data frame. For the same reason, itisnota
good idea to give a data frame the same name as one of the variables inside
it. Note also that changing a data frame after attaching it will not affect the
variables available since at tach involves a (virtual) copy operation of the
data frame.

It is not possible to attach data frames in front of .GlobalEnv or fol-
lowing package :base. However, it is possible to attach more than one
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data frame. New data frames are inserted into position 2 by default, and
everything except .GlobalEnv moves one step to the right. It is, how-
ever, possible to specify that a data frame should be searched before
.GlobalEnv by using constructions of the form

with{thuesen, plot(blood.glucose, short.velocity), thuesen)

In some contexts, R uses a slightly different method when looking for ob-
jects. If the program “knows” that it needs a variable of a specific type
(usually a function), it will skip those of other types. This is what saves
you from the worst consequences of accidentally naming a variable (say)
c, even though there is a system function of the same name.

You can remove a data frame from the search path with detach. If no
arguments are given, the data frame in position 2 is removed, which is
generally what is desired. .GlobalEnv and package:base cannot be
detach’ed.

> detach()

> gearch()

[1] ".GlobhalEnv" "package: ISwR" "package:ctest"
[4] "Autoloads" "package:base™

1.6 Data entry

Data sets do not have to be very large before it becomes impractical to type
them in with ¢ (...). In this section we discuss how to read data files
and how to use the data editor module in R. The text has some bias to-
ward Windows systems, mainly because this is where problems are most
frequently encountered.

1.6.1 Reading from a text file

The most convenient way of reading data into R is via the function called
read. table. It requires that data is in “ASCII format”, that is, a “flat file”
as created with Windows’ NotePad or any plain-text editor. The result of
read. table is a data frame, and it expects to find data in a correspond-
ing layout where each line in the file contains all data from one subject (or
rator ...)in a specific order, separated by blanks or, optionally, some other
separator. The first line of the file can contain a header giving the names
of the variables, a practice that is highly recommended.

Table 11.6 in Altman (1991) contains an example on ventricular circumfer-
ential shortening velocity versus fasting blood glucose by Thuesen et al.
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We used those data to illustrate subsetting and use them again in the chap-
ter on correlation and regression. They are among the built-in datasets in
the ISwR package and available via data (thuesen), but the point here
is to show how to read them from a plain-text file.

Let’s assume that the data are contained in the file thuesen. txt, which
looks as follows:

blood.glucose short.velocity
15.3 .76
10.8 .34
8.1 .27
19.5 .47
7. .27
.49
.31
.09
.18
.22
.25
.19
.95
.28
.52
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To enter the data into the file, you could start up Windows’ NotePad (usu-
ally found via the Start button and Programs/ Accessories) or a similar text
editor and simply type the data as shown. Unix/Linux users should just
use a standard editor like emacs or vi. Notice that the columns are sep-
arated by an arbitrary number of blanks and that NA represents a missing
value.

Finally, you would save the data to a text file. Notice that some programs
like Word or WordPad require special actions in order to save as text. Their
normal save format is difficult to read from other programs.

Assuming further that the file is in the ISwR folder on the N: drive, the
data can be read using

> thuesen <- read.table("N:/ISwR/thuesen.txt", header=T)
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Notice header=T specifying that the first line is a header containing
the names of variables contained in the file. Also note that you use for-
ward slashes (/), not backslashes (\), in the filename, even on a Windows
system.

The reason for avoiding backslashes in filenames is that the symbol is used
as an “escape character” for specifying characters that could not normally
be entered in a text string: \n means the newline character; \ " means that
the string should contain a "; etc. The backslash itself is written \\ so we
could also have used N: \\TSwR\\thuesen. txt.

Variants of the read. table function are read.csv and read.csv2.
The former assumes that fields are separated by a comma instead of
whitespace, and the latter assumes that they are separated by semicolons
but use a comma as the decimal point (some programs generate this for-
mat when running in European locales). In these formats an empty field
is allowed to represent a missing value. Both have header=T as the de-
fault. Further variants are read.delim and read.delim2 for reading
delimited files (by default, the delimiter is the Tab character).

The result is a data frame, which is put into the variable thuesen and
looks as follows:

> thuesen
blood.glucose short.velocity

1 15.3 1.76
2 10.8 1.34
3 8.1 1.27
4 19.5 1.47
5 7.2 1.27
6 5.3 1.49
7 9.3 1.31
8 11.1 1.09
9 7.5 1.18
10 12.2 1.22
11 6.7 1.25
12 5.2 1.19
13 19.0 1.95
14 15.1 1.28
15 6.7 1.52
16 8.6 NA
17 4.2 1.12
18 10.3 1.37
19 12.5 1.19
20 16.1 1.05
21 13.3 1.32
22 4.9 1.03
23 8.8 1.12
24 9.5 1.70
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The read. table function knows a couple of other tricks. It autodetects
whether a vector is text or numeric and converts it to a factor in the former
case (but makes no attempt to recognize numerically coded factors). Fur-
thermore, it will recognize the case where the first line is one item shorter
than the rest and will interpret that layout to imply that the first line con-
tains a header and the first value on all subsequent lines is a row label
— that is, exactly the layout generated when printing a data frame as in
the above example. It is also possible to specify which strings represent
missing values via the na . strings argument.

1.6.2 The data editor

R provides two ways of editing data interactively. One allows you to edit
numeric variables in the workspace using the data.entry function, and
the other lets you edit data frames. Both use the same spreadsheet-like
interface. We only discuss the data frame editor here. The interface is a bit
rough but quite useful for small data sets.

To edit a data frame you can use the edit function:

> data{airquality)
> aq <- edit({airquality)

This brings up a spreadsheet-like editor with a column for each vari-
able in the data frame. The airquality data set is built into R; see
help(airquality) for its contents. Inside the editor, you can move
around with the mouse or the cursor keys and edit the current cell by typ-
ing in data. The type of variable can be switched between real (numeric)
and character (factor) by clicking on the column header, and the name of
the variable can be changed similarly.

Note that there is (as of R 1.5.0) no way to delete rows and columns and
that new data can be entered only at the end.

When you close the data editor, the edited data frame is assigned to aq.
The original airquality is left intact. Alternatively, if you do not mind
overwriting the original data frame, you could have used

> fix(airquality)

In the airquality data, it may be useful to change the Month variable
to a factor by switching its mode to character. This gives a factor with
label names "5" to "9", but more meaningful names may be assigned after
editing with

> levels(airguality$Month) <- c("May", "June", "July",
+ "August", "September")
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Alternatively, levels (airquality$Month) <- month.name[5:9]
could have been used.

To enter data into a blank data frame, use

> dd <- data.frame()
> fix(dd)

An alternative would be dd <- edit (data.frame () ), which works
fine, except that beginners tend to re-execute the command when they
need to edit dd, which of course destroys all data. It is necessary in either
case to start with an empty data frame since by default edit expects you
to want to edit a user-defined function and would bring up a text editor if
you started it as edit ().

1.6.3 Interfacing to other programs

Sometimes you will want to move data between R and other statisti-
cal packages or spreadsheets. A simple fallback approach is to request
the package in question to export data as a text file of some sort and
use one of read.table, read.csv, read.csv2, read.delim, and
read.delim2 to read the data as an R data frame. Unfortunately, each
program seems to have its own idiosyncrasies, but the read functions in R
are flexible enough to cope.

The foreign package is one of the packages labeled “recommended” and
should therefore be available with binary distributions of R. It contains
routines to read files from SPSS (. sav format), SAS (export libraries), Epi-
Info (. rec), Stata, Minitab, and some S-PLUS version 3 dump files.

Unix/Linux users sometimes find themselves with data sets written on
Windows machines. The foreign package will work there as well for
those formats that it supports. Notice that ordinary SAS data sets are
not among the supported formats. These have to be converted to ex-
port libraries on the originating system. Data that have been entered
into Microsoft Excel spreadsheets are most conveniently extracted using
compatible applications like Sun StarOffice.

For data stored in databases, there exists a number of interface pack-
ages on CRAN. Of particular interest on Windows and with some Unix
databases is the RODBC package, because you can set up ODBC connec-
tions to data stored by common applications including Excel and Access.
Some Unix databases, e.g., PostgreSQL, also allow ODBC connections.

For up-to-date information on these matters, consult the “R Data Im-
port/Export” manual that comes with the system.
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1.7 Exercises

1.1 What is the most convenient way to insert a value between two
elements of a vector at a given position?

1.2 How would you check whether two vectors are the same, if they
may contain missing (NA) values? (Use of the identical function is
considered cheating!)

1.3 If x is a factor with n levels and v is a length n vector, what happens
if you compute y [x]?

1.4 The cut function is used to create a factor from a numeric vec-
tor. Look up the details on its help page. Create a factor in which the
blood.glucose variable in the thuesen data is divided into the inter-
vals (4,7], (7,9], (9,12], and (12,20]. Change the level names to “low”,
“intermediate”, “high”, and “very high”.

1.5 Write the logical expression to use to extract girls between 7 and 14
years of age in the juul data set.

1.6 What happens if you change the levels of a factor (With levels)and
give the same value to two or more levels?

1.7 Use sapply to simulate the result of taking the mean of 100 random
numbers from the normal distribution for 10 independent samples.

1.8 Write the built-in data set thuesen to a Tab-separated text file with
write.table. View it with a text editor (depending on your system).
Change the NA value to . and read the changed file back into R with a
suitable command.

Also try importing the data into other applications of your choice and
exporting them to a new file after editing. You may have to remove row
names to make this work.



