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1 Introduction

This document provides a collection of R functiansl code. Each bit is shortly explained.
For detailed descriptions of R functions use thieel>. You can open the R-help file of
available R functions by typing “?” and the nameha function into the R-console, e.g.:

?prop.test

However, this only works for functions that havebéoaded to the current R Console. When
you start R a basic bundle of functions are loa@dmatically. Other functions need to be
loaded to the R Console explicitly by sourcing plaekage (every function is an element of a
package or “library”). To load a package, for exéatpe “Ime4’-package, type:

library(Ime4)

If R does not find the package Ime4, you have twrdoad the package from CRAN by
typing:

install.packages(“Ime4”)

(It is necessary that you are online, when downiaad package.) At the time you install R,
only a couple of packages (those that contain fonstthat are broadly used) are installed on
your computer. And, when you start R, only a pathe downloaded packages (those that
contain basic and very important functions) arelémhto the R Console.

There are more than 2000 add on packages writtéhusers from different scientific areas.
These packages can be downloaded for free frol@R%&N (Comprehensive R Archive
Network). The task views help to find the right kage for your purpose. You will find the
task views on every CRAN site, eldtp://stat.ethz.ch/CRAN/web/views/

To search for functions installed on your compuer can use
help.search(“lme”)

Alternatively, you can use the html-manual that gpen when typing
help.start()

into the R-console. Within this manual, you wihdi a search engine for searching codes
based on keywords. Further information is foundrenlwww.r-project.org

2 Basics

2.1 Editor and Console

After double-clicking the-button on your computer, the R Console opens.prompt-
sign “>”" signals that R is read to execute commai@si can type, e.g.

18 + 35



and press enter. The commands your write direstly cannot be saved in a way they are
easy to handle. Therefore, we normally write oudecm a text editor and send it (“copy and
paste” also works) to R from there. The text fée de saved, so that analyses can be exactly
reproduced later or given to colleagues. We onbepiionally save the R Console. Usually
press the “No” button if asked whether you wantdge the R Console when closing R.

With R comes a simple text editor that correspomidis R.
In the menu file-> new you can open a new scrigpel e.g.

sum(35, 23, 24)

in the script, mark the code (or simply set thesouin the line of the code) and press Ctrl +
R. The code is sent do R and executed.

Unfortunately the R text editor does not providg graphical help. There are a few very
good free or commercial editors that correspontt Witand that are very helpful for
programming because, for example, the highlighttiveesponding parenthesis if we close
one. Such editors are the free software Tinn-Rmacs, or the commercial WinEdt.

2.2 Operands, operators and arithmetic functions

<- ,gets”: The expression on the right hand side v&@da
under the name on the left hand side.

### comments text behind ,#" is not executed by R

TRUE, FALSE logical

NA missing value

==,>=, <=, I= logical operators: is equal, is lager or equasnmaller or

is.na() equal, is not equal, is missing.

result is TRUE or FALSE.

IX NOT x

x|y, x|y X ORYy

X&& Y, X&Y X AND y

Xor(X,y) elementwise exclusive OR

+, -, 1,%, ", %%, %/%, %*% mathematical operands: plus, minus, division,
multiplication, power, modulo, integer division, tma
multiplication

sum() sum

prod() product

sgrt() squareroot

exp(x) e

log(), log2(), log10(), logb(x, base=...) logarithms

sin(x), cos(x), tan(x), asin(x), acos(x), trigonometric functions
atan(x), atan2(x,y)

abs() absolute value

mean() arithmetic mean

median() median

sd() standard deviation

var() variance

cor() correlation (Pearson, Kendall, Spearman)
cov() covariance

guantile() quantiles

min() minimum

max() maximum




range()

range of values

summary()

meaningful summary statistics (min, max, mean, anedi
quantile, etc. )

generic function, i.e. depends on the class obtject
given as argument to the function

round(x, digits=k)

round to the number of digits indicated

t)

transpose a matrix

det()

determinant of a matrix

eigen()

eigenvalue(s)

2.3 Read in data, save and manipulate data

read.table("path", header =TRUE)

For a save import, save your data as txt-file. The
argumentieader declares whether the first row contains
variable names or not.

Each variable is interpreted by R. This functioedea
lot of time for large data files.

scan("path”, what=...)

dat<-scan(...)
dat<-data.frame(dat)
names(dat)<-c("v1", "v2"...)

Faster import for large data files. Declaratiorvafiables
has to be done by hand. The file should not contain
variable names.

Scan imports data as a list of vectors. After importing
we have to construct a data.frame by hand.

as.factor(), factor(), is.factor()

as.numeric(), numeric(), is.numeric()

as.logical(), logical(), is.logical()

declaration of variables: as.bbb() changes the ¢fpe
variable. bbb() creates a new variable, and is)uilaés
TRUE or FALSE

subset() select a part of the data

dat$vl variable "v1" in data frame "dat"

dat[,2] 2nd column in data frame ,dat"

dat[4,] 4th row in data frame ,dat"

dat[6,3] 6th observation in the 3rd column in the data fradas"

dat$v3[6] 6th observation in the variable ,v3" in the datanfire
.dat*

attach(dat) attach the variables of the data frame
afterwards, you can use
v2 instead of dat$v2

detach(dat) always clean your R-console after attaching

sort() sort the values of a vector

order() gives the order of the values of a vector.

e.g.datsort<-dat[order(dat$x),]

Sort a data frame according to one or more specific
variable(s)

apply()

apply a function row-wise or column-wise in a diztane
or a matrix

tapply(x, group, fun)

apply a function groupwise. Result is a table.

aggregate(x, list(group), fun)

apply a function groupwise. Result is a data frame.

table(groupl, group2)

count the number of observations for each comtmnati
(contingency table)

reshape(x, ...)

reshape a data frame from long-format into widentair
or vice versa.

merge(X, y) merge two data frames
cbind(x,y) combine two objects column-wise
rbind(x,y) combine two objects row-wise

write.table(x, file="path/name.txt")

save a data frame




2.4 Create objects, classes and structures of objects

data.frame() data frame

vector() vector

matrix() matrix

diag(x) diagonal matrix

fix(x) open a spreadsheet for editing a data frame orti@xma
list() list of (different) objects

class(x) gives the class of the object

str(dat) gives data structure (variable names and types)
names(x) gives the variable names of a data frame
rownames(x) gives the column names of a data frame or a matrix
colnames(x) gives the row names of a data frame or a matrix
length(x) gives the length of an object (e.g. a vector)

dim(x) gives the dimensions of an object (e.g. a datadjam

2.5 Generate data, random numbers and distributions

c(....)

"concatenate": combines the arguments to one vector

seq(0, 10, by=0.5)
seq(9, 5, length=20)

generate sequences

rep(5, 10) repeats the first argument as many times as isgbend
argument
unique(x) gives all unique values that appear in a vector

rnorm(), pnorm(), gnorm(), dnorm()
rbinom(), pbinom(), gbinom(),
dbinom()

rpois(), ppois(), qpois(), dpois()

further distributions:

chisq, f, nbinom, weibull, gamma,
Inorm, hyper, geom, multinom, logis,
exp, cauchy, beta, signrank, t, tukey,
unif, wilcox, Inorm

r.... generates random numbers with the specific
distribution

p...: gives the probability x <= g (q = quantile)

g...: gives the quantile for a specific probability R£x)
d...: gives the density function

2.6 Write your own function and more complex code

e.g:sem<-function(x, na.rm=na.rm){
sd(x, na.rm=na.rm) /
sgrt(sum(lis.na(x)))}

write your own function

e.g. function sem() for the standard error of tleam

for (iin x) ....
for (iin x){....}

all code on the same line is executed for all el@sm x.
for more than one code line use {}

while(cond) expr
while(cond) {exprl
expr2 }

the expression expr or several expressions areigckas
long as the condition (cond) is TRUE.

repeat { expr
if (cond) break}

repeats the expression expr as long as the comditiod
is FALSE

break
next

breaks loops (while, repeat, for)
jumps to the next iteration

if(cond) expr
if(cond) exprl else expr2
ifelse(cond, exprl, expr2)

the expression (expr or exprl) is only executedaf
condition is TRUE. Else, nothing or the alternative
expression expr2 is done.




is.element(x, pattern)

gives TRUE for elements in x, that appear in ,patte

which()

gives the numbers of the elements that are TRUE

paste(x1, x2)

combines two or more elements of type ,character t
one element together.

3 Classical tests

ggnorm(x) guantile-quantile-plot
gqgline(x)

shapiro.test(x) Shapiro-Wilk normality test
ks.test Kolmogorov-Smirnov test
binom.test binomial test

friedman.test Friedman's rank sum test
prop.test test for proportions
chisqg.test Chisquare test

kruskal.test

Kruskal-Wallis rank sum test

t.test(x1, x2, var.equal=FALSE)

Welch t-test, for comparing groups with different
variances (var.equal=FALSE) is default!

t.test(x1, x2 , var. equal=TRUE)

Student's t-test, for groups with equal variances

cor.test

correlation test (Pearson, Spearman or Kendall)

mantelhaen.test

Cochran-Mantel-Haenszel Chisquare test for coutat da

var.test F-test, comparison of variances of two groups
bartlett.test Bartlett test, compares variances of 2 or more gsou
fisher.test Fisher's exact test

mcnemar.test

McNemar's chisquare test for symmetry between rows
and columns of a contingency table.

TukeyHSD()

Tukey Honest significant differences

wilcox.test (x1, x2, paired=FALSE) Wilcoxon rank sum test

wilcox.test (x1, x2, paired=TRUE) Wilcoxon signed rank test

4 Transformations

boxcox(x) library(MASS) Box-Cox transformation

5 Linear models

5.1 Overview over linear models

In a linear model, a variable of interest (y, om@&) dependent variable) is modelled as a
linear function of one or more predictor variabesexplanatory variables, independent
variables). In other words, part of the variancg ia explained by x. The linear relation
between y and x can be direct as usually in thealimodels with normal error distribution
(LM). But the linear relation can also be indirg@ a link-function. In this case, the direct
linear relation is between a transformed outcom&lbbe and the predictor variables, and,
usually, the outcome variable has a non-normak elistribution, such as Poisson or
Binomial (GLM). If the relation between y and xnien-linear, non-linear models (Section
5.5.1) or generalised additive models (GAM) carapplied. The latter is also a type of linear
model. In a GAM, a smoother e.g. local polynomegression is fitted to the data. Because
there is no theoretical shape of the curve undeglihe smoother in a GAM, this method is
“semi-parametric”, i.e. something between pararoetnd non-parameteric although many
more parameters are estimated than in other limealels.

For all linear models described above it is regltteat the observations are independent of
each other. Often, this is not the case, for examphen more than one measurement has
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been taken of the same individual bird or when ntloa& one individuals origin from the
same nest. Similarly, time series or spatiallyatefent data contain non-independent

observations. Such data should be analysed usxedmodels (LME, GLMM, GAMM).
Mixed models account for the correlation structoiréhe observations. The following figure
gives an overview over the different types of lineendels including the R functions.

Linear Models

Independent observations

Dependent observations

Linear relation Im() % 4 Ime()
error distribution Normal @°V() = e gis()
40 _ ’ Imer()
LM n P LME
X X
Linear relation gim() glmer() 104
error distribution lellll)nom() gfe“PQL ) 08
different, polr( gimmPQL( as]
e.g. Poisson, Binomial VEMEGIR) ™ w LA
0y psls
GLM GLMM .=
X X
non-linear relation gam() a . gamm()
GAM GAMM
X X

5.2 LM: Linear regression, multiple regression, analysis of variance

Im(y~Xx) linear regression, analysis of variance or covagan

Isfit(x, y) find the least square fit

aov(y~A) analysis of variance. R uses internally the fumctin®
but the summary-output gives the classical ANOVA
table. In addition, aov() allows to specify diffatesrror
terms for hierarchichal models to fit a separateOAM
for each level of the data.

summary(mod) (generic function) gives the most important resafta
regression or an ANOVA

coef(mod) coefficients of a linear model

resid(mod) residuals of a linear model

rstandard(mod) , . e
standardised re&dua&szﬁ , thereby s =
standard deviation of the residuals apd teverage of
Xi. hj corresponds to the diagonal elements of the hat
matrix.

plot(mod) diagnostic plots of a linear model

anova(mod) hierarchical analysis of variance table




anova(modl, mod?2)

comparison of models by F- or Chisg-test

dropl(mod) comparison of full model with a model reduced by on
variable for each variable. Marginal analysis afiarace
table.

levels(A) gives the levels of a factor

nlevels(A) gives the number of levels of a factor

update(mod, .~.-x)

update a model

step(mod, direction="backward")

backward, forward or back- and forward selection of
nested models based on the AIC.

fitted(mod)

fitted values of a model. These are predicted wloe
the observed data only. If predictions for othba(t
observed) values of the explanatory variables, use
predict()

predict(mod,
newdata=data.frame(x=newx))

predicted values from a model.

generic function, use ?predict.Im or ?predict.gimtfelp
file.

“newdata” needs a data frame that contains all
explanatory variables in the model (give exactly shme
names!)

effect(mod)

library(effects)

predicted values. Designed for measuring effectmef
variable. All other variables are automatically raged
and need not to be specified.

5.3 Model specification

y~x1+x2+x3

additive model
+ means: add a variable

y~-1+4+x1+x2+x3

model without intercept
- means: deleate a variable (1 stands for inteycept

y~x1*x2*x3

model contains all possible interaction
* means: all possible interactions

y ~ (X1 + x2 + x3)"2

model contains all main effects and all two-way
interactions.
~x means: all interactions up to the xth degree.

y~Xx1+x2+x3+x1:x2+x1:x3+
X2:x3

model contains all main effects and all two-way
interactions.
: means: only this interaction

y ~ x1/x2

X2 is nested in x1

y ~ X1 + 1(x2 + x3)

model contains two variables: x1 and the sum cin@
x3. Within I() the mathematical operators haverthei
original (mathematical) meaning,

options(contrasts=c("contr.treat",
"contr.poly”)

contr.treat(k)

contr.sum(k)
contr.poly(k)
contr.helmert(k)

contr.SAS(k)
contrasts(A)<-c(-0.5, -0.5, 0.5, 0.5)

constrast options

The default options are "contr.treatment"” (firstdkis
reference) for unodered factors and “contr.poly”
(polynomial contrasts) for ordered factors.

You can use the following contrasts in R:

first level is reference

the sum of the coefficients is 0

orthogonal polynomials

Helmert-contrasts (default in S-Plus); each leigls
compared with all previous levels

last level is reference, default in SAS.

define your own contrasts




5.4 Generalised linear models GLM

glm(y~x, family=binomial(link=logit))  fits a GLM
error distribution and link functions can be spiedif
according to Table 1 and 2.
to assess model assumptions, e.g.:
- scatter.smooth(fitted(mod), resid(mod))
- check scale parameter for overdispersion!

glm.nb(y~x) library(MASS)  GLM with negative binomial error distribution

The error distribution, link and variance functiars specified in the family-function. Each
family has a default link- and variance functiomem in Table 1. Table 2 lists the link
functions that are allowed additional to the deféink function. The default link is the so
called canonical link that has some technical athges.

Table 1: Default link- and variance functions for differédamilies and how they are specified in the gim-
function (modified Table from Venables & Ripley Z)0

Distribution family= default link= variance- variance=

link-function funktion
Binomial binomial log( /(1-)) logit N (1-) mu(1-mu)
Poisson poisson log( ) log mu
Normal gaussian identity 1 constant
Invers-Normal inverse.gaussian 1/ 2 1/mu”2 $ mu”3
Gamma Gamma 1/ inverse 2 mu”2
Quasi quasi a() V()

tan(pi( -0.5))  cauchit
Quasibinomial  quasibinomial log( ) logit N (1-)
Quasipoisson  quasipoisson log( /(1-)) log

é power(lambda=1/a)
Negative negative.binomial log( )
binomial library(MASS)

Table 2 Families and possible link functions. Defaults depicted with ,D* (Table modified from Venables &
Ripley 2002). x = allowed link functions for therer distribution (family). For empty cells, we dotrknow ->
please, try it — and send us an updated versitimstable!

family
Link binomial Gamma gaussian invers.-gaussian paiss negativ-
binomial
logit D
probit X
cloglog X
identity X D X
inverse D
log X D D
1/mu”2 X
sqrt
cauchit X X
exponent (%) X

5.5 Mixed models

Mixed models are very useful and crucial to analyse-independent data. They are,
however, not easy to understand and great caeeded while fitting mixed models.
Schielzeth & Forstmeier (2009), for example, shbat type | error increases when the
correlation of the observations is incorrectly sfed.

A sound introduction to mixed (and hierarchical)dals give Gelman & Hill (2007).
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library(nime)

package of Pinheiro & Bates (2000)

groupedData(formula, data=)

define the grouping structure of a data frame.
this simplifies plots

Ime(fixed=y~x, data=,
random=~1|group, method="REML")

fit a mixed model for normally distributed data fwit
nested random factors.

default method for parameter estimation is restdct
maximum log-likelihood (REML). If method = “ML”
maximum log-likelihood method is used. Use ML for
testing fixed effects (i.e., comparing models with
different fixed effects using anova()), use REML fo
testing random effects.

Ime(fixed=y~x, data=,
random=~time|group, correlation=...,
weights=...)

group wise estimation of slope for time

The argument correlation can be used to specify
correlation structures. With the argument weights
heteroscedasticity (unequal variances between gjoup
can be modelled.

anova(mod.Ime, type="marginal")

marginal F-tests (independent of the order of the
explanatory variables in the model), default is
type="sequential" (depends on the order of the
explanatory variables!)

gls(y~x, data)

Generalized Least Square.
flexible function for modelling spatially correlatelata

library(MASS)

package of Venables & Ripley (2002)

glmmPQL(y~x, random=..., family=)

fits a generalised linear mixed model

syntax as in Ime or glm.

Do not use AIC or Likelihood! No model comparison
possible. t-test can savely be used (B. Ripley516.
2006).

library(Ime4),

package by D. Bates

Imer(y~x + (1|group), family=...)

fits a generalised linear mixed model
syntax similar to SAS

glmer(y~x + (1|group), family=...)

as Imer() but particularly for non-normal data
check overdispersionsparameter!

library(arm)

package by A. Gelman

mcmcsamp(Imer-object)

gives the memc posterior distribution of estimated
parameters
currently only possible if family=gauss

sim(Imer-object) {library(arm)}

simulates sets of parameters. Does not account for
overdispersion!

library(GLMMGibbs)

package of Myles & Clayton

glmm()

fits a generalised linear mixed model
uses Markov Chain Monte Carlo for parameter estonat

library(MCMCglmm)

Packet vord. D. Hadfield (2009)

MCMCglmm(y~x , random=~group),
family=...)

gives the mcmc posterior distributions of the partars.
Accounts for overdispersion.

5.5.1 GLMM: When to use which estimation algorithm

and what test?

In a review Bolker et al. (2008) describe the d#fd estimation algorithms and give

guidelines when to use which test. Unfortunatdig, MCMCglmm package was not available

when the review appeared. This package providasstamlutions in many cases.

5.5.2 GLMM: Overdispersion

Check for overdispersion in Poisson- or Binomialdels, such as

11



mod<-glmer(y~x+(1|group), family=poisson)

The scale parameter in the summary-output shoutddse to 1. Unfortunately, the above
glmer-object does not contain the scale paraméterhave to create a new glmer-object that
contains the estimated scale parameter and extiactalue with summary():

modsigma<- Imer(y~x+(1|group), family=quasipoisson)
summary(modsigma)@sigma

If the scale parameter is larger than 1, the stahelaors of the estimated parameters are too
narrow. Similarly, confidence intervals for preddtvalues obtained by the function sim() are
too narrow and our conclusions drawn from the madélconservative!

If overdispersion is present, the function MCMCgl(hican be used to obtain appropriate
posterior distributions of the parameters and efgtedicted values (see below).

5.5.3 Confidence intervals for predicted values fro m a GLMM without
overdispersion

library(arm)

mod<-glmer(y~x+(1|group), data=, family=)

b<-fixef(mod)

X<-mod@X # new x-values can be given here
inverse.linkfunktion(X%*%b) # predicted values, give appropriate link function
n.sim<-1000

bsim<-sim(mod, n.sim=n.sim)

predsim<-matrix(ncol=dim(X)[1], nrow=n.sim)

for(i in 1:n.sim) predsim[i,]<-inverse.linkfunktion(X%*%bsim[i,])
upper<-function(x)quantile(x, prob=0.975)

lower<-function(x)quantile(x, prob=0.025)

apply(predsim, MARGIN=2, upper) # upper limit of 95% ClI
apply(predsim, MARGIN=2, lower) # lower limit of 95 % ClI

5.5.4 Confidence intervals for predicted values fro m a GLMM with
overdispersion

library(MCMCglmm)

mod<-MCMCgimm(y~x, random=~group, family=..., data=...)

b<- apply(mod$Sol, MARGIN=2, median) # fixed effects

X<-matrix(.....) # model matrix has to be done by hand
inverse.linkfunktion(X%*%b) # predicted values, give appropriate link-function
bsim<-mod$Sol

n.sim<-1000

predsim<-matrix(ncol=dim(X)[1], nrow=n.sim)

for(i in 1:n.sim) predsim[i,]<-inverse.linkfunktion(X%*%bsim[i,])
upper<-function(x)quantile(x, prob=0.975)

lower<-function(x)quantile(x, prob=0.025)

apply(predsim, MARGIN=2, upper) # upper limit of 95% ClI

apply(predsim, MARGIN=2, lower) # lower limit of 95% ClI
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5.6 Non-parametric smoother

bs(x) regression splines based on cubic splines.
can be used as predictor in a linear model.
ns(x) regression splines based on natural splines (liselaoth

edges).
can be used as predictor in a linear model.

smooth.spline(x,y)

fits a smoother to data by optimising the propartio
between fit and smoothness. Thereby, the following
expression is minimised:

wly - f(x )2+ (F(x)) dx
left = measure for fit to data, right = measure for
“curviness”

lowess(x,y)

local robust regression.
can be used for two dimensions only

loess(z~x+y)

local robust regression.
can be used for more than two dimensions.

scatter.smooth(x,y)

produces a scatterplot with loess-smoother

density(x)

Kernel density estimation

supsmu(x, y)

Friedman's super smoother: k nearest neighbournssace
for estimating the smoother.

ksmooth(x, y)

Kernel-smoother, local constant (see Venables &eiRip
2002 p. 231)

5.7 Generalised additive models GAM and regression tree
A very good introduction to GAMs with R is given lyood (2006).

library(gam)
library(gamair)

packages for GAM

gam(y~x1+s(x2) + lo(x3))

fits a GAM. s() = spline-smoother, lo() = local regsion
gam-objects can be treated as glm or Im-objeetsuse
summary, anova, dropl...

plot(gam.obj)

plots the partial effects of each variable

rpart(formula)

regression tree

useful in combination with GAM for interpretation
(e.g. not possible to have interactions in GAM,
interactions are visible in a regression tree)
library(rpart)

gamm(formula, random=list(A=~1),
correlation=...)

fits a GAM that includes random factors. very gbedp-
file with many examples.
library(mgcv)

6 Non-linear regression

nis(y~f(a,x), start=list(a=...))

fits a non-linear function to data

anova(nlsmodl, nlsmod2)

model comparison similar to linear models

nime(y~f(a,x), fixed=a~1,
random=a~1|group, data=...,
start=list(a=...))

fits a non-linear mixed effects model to data
convergence can sometimes be poor. -> use WinBUGS
library(nlme)

7 Time series

ts(x)

define x as a time series

acf(x)

autocorrelations
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acf(x, type="p")

partial autocorrelations
autocorrelations are given up to a lag of 10*log).0(

ts.union(x1, x2)

merge two time series.
only possible for time series with the same fregyen
missing values are filled in with NA (e.g. at bathds).

ts.intersect(x1, x2)

merges only the observation for which both timeeser
are not missing. .

window(x, start=, end=)

select a time window

lag(x)

moves a time series by a given time interval

diff(x) gives the differences between elemerand element;x.
aggregate(x) gives summary statistics for time intervals

filter(x) weighted moving averages

lag.plot(x) scatterplots of autocorrelations

stl(x) identifies trend, seasonal cycles and errors ima t

series.

ar(x, order.max=, method=)

ar(x, aic=, method=)

autoregressive model, maximal order can be spdcifie

autoregressive model, maximal order is selected
according to AIC.

estimation methods available:

"ols": ordinary least square

"yw": Yule-Walker method,

"burg": Burg-method, (minimises extrapolation esjor
"mle": Maximum-Likelihood-method, (this function ltsa
internally the functiorarima. Because ar.Ime does not
give any information about convergence, betterangea
directly")

normally AR-models are estimated by Burg or Yule-
Walker method.

arima(x, order=c(p, d, q), ....)

fits an ARIMA model: estimates an ARMA(p,q)-process
(autoregressive-moving average process). In thaViRl
model the & difference can be an ARMA-process.

arima.sim(list(order=c(p, d, q),
ar=c(...)), n=..)

simulates a time series that follows an ARIMA pisge

predict(mod)

predictions from an AR or ARIMA model

gls(formula, corr=)

?corClassses

fits a linear model that allows to specify autoetations
or heteroscedasticity.

library(nime)

gives the correlation structures that can be sigekif

cpgram(x)

cumulative periodogram. useful for analysing reaidwf
an AR or ARIMA model.

tsdiag(arima-obj)

diagnostic plots for an ARIMA model.

1) residuals, 2) ACF of residuals, 3) p-valuestiier
Ljung-Box — statistics = measure of lack of fittime
series models, (p-values should be >0.05)

8 Bootstrap

library(boot)

package

sample(X, replace = F)

sample without replacement

guantile(x, prob=...)

guantiles of a vector

boot(x, statistic=, R=)

bootstrap statistics and bias

boot.ci(boot.obj, type=)

bootstrap confidence intervals from a boot-object.
the following types are possible:
"norm": based on approximated normal distribution
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"basic": "the basic bootstrap method" (whatevet tha
means?!)

"stud": based on t-distribution

"perc": quantiles of bootstrap distribution

"bca": bias compensated and scaled

"all": all 5 methods simulatnuously. Might need& dof
time!

Recommendations: stud (Venable & Ripley 2002), bca
(Carpenter & Bithell 2000). perc (fk).

9 Graphics

A short introduction to R graphics is given in Cteap!} of Venables & Ripley (2002). The R
Book (Crawley 2008) covers a broad spectrum ofdogiaphs. Murrell (2006) gives a sound
introduction to R graphics and shows how to drawensmphisticated figures.

9.1 Basic graphics

plot(x,y); plot(objekt) generic function

plot(y~x) produces meaningful plots of objects
many arguments can be found in the help file:
?par

important arguments:

main = title, xlab= titel of x-axis, ylab = titef g-axis, las
= direction of axis labels, cex.axis = Grosse der
Achsenlabels, cex.lab = size of axis labels, cexma
size of title, cex = size of points, col = cololinx ylim=
range of x, y-values, Ity = line pattern (see l)nes

type: "p"=scatterplot, "I"= lines, "b" = both posmand
lines, "n" = nothing is plotted
par(....) graphic options: background color, margin sizegyua,

fonts etc, see ?par
Some important arguments:

din, fin, pin length and width of device, figure, plot in Inches

font font: 1=standard, 4talic, 3=bold, 4 =bold icatlic, 5 =
Symbol

mai, mar width of margin in Inches or in line widths

mfg position of active figure in a device with more thane
figure.

oma, omi width of outer margins (see Fig.)

mfrow layout of device

usr margin of plot region in "user coordinates". carubed
for drawing outside of the plot region.

xpd indicates whether the figure is clipped to the pégfion
or whether it is allowed to draw outside of thetplgion

fig user defined layout
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T T |

mai[ 1] mar = ¢(3,2,2,2)

— — 1 S — el

omi[4] |

din|2

omi[l] mfrow = ¢(3.2)

from: Venables & Ripley (2002)

layout()

define your own layout

savePlot()

saves the praphic. fast and simple but qualityts/ery
good.

png() ...... dev.off()
ireg(....... dev.off()
tiff().......... dev.off()
bmp()..... .dev.off()
pdf()......... dev.off()

postscript()...dev.off()

saves a graphic in different formats. Better qualiore
difficult because the figure is plotted in the bgrdund
and can be viewd only with graphical software aittéas
been closed with dev.off().

hist(x,freq=T)
hist(x,freq=F)

histogram with absolute number of observation @xig
histogram with density on y-axis

truehist(x) histogram with area under the curve equals 1, from
library(MASS)

barplot() barplot

pie() pie charts

boxplot(y~x)

boxplot containing median, interquartile range and
whiskers (= most extrem observation within 1.5 *
interquartile range)

image(x, Y, 2)

plot spatial data, level plot with grey scale oloco scale

contour(X, Y, z)

filled.contour(x, vy, 2)
contourLines(x, Yy, z)

contour plots, z is a matrix

persp(X, vy, 2) 3D praphic

axis(...) add an axis to a graphic

title(...) add a titel to a graphic

abline(a, b) add a line to a graphic. a = intercept, b = slape,
abline(h=c) position on x- or y axis for a horizontal or vedidine.
abline(v=c) abline can extract the intercept and the slope dm-

abline(Im-Objekt)

object
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points(x, y) adds points to a graphic. the point character ean b
specified using the following numbers in the argotme
pch:

LETTERS capitalized letters

letters not capitalized letters

lines(x, y) connects points with a line. the line type canecgied

using the argument Ity:

segments(x1, y1, x2, y2)

connects two points with a line

arrows(x1, y1, x2, y2)

draws an arrow

text(x, y, "text")

add text to a graphic

identify(x, y)

identifies observations in a graphic. Click on the
observations, stop it with the right mouse click

locator(x)

digitalise points in a graphic. click on pointsairgraphic
and the xy coordinates will be given.

mtext(text, side=)

add text to the margin of a graphic. specify tlue siith
the argument side:
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box() draws a box around a figure.

Specify the type of box using the

argument bty: "o", "I, "7", "c", "u", "]".

colours() list colors

rainbow(n) vector of n nice colors

heat.colors(n)
terrain.colors(n)
topo.colors(n)
cm.colors(n)

polygon(x,y) add a polygon to a graphic.
rect(x,y) add a rectangular to a graphic.
legend(x,y, legend) add a legend to the plot

9.2 Special axes

library(plotrix)

axis.break() broken axes

9.3 3D- and Trellis - graphics

library(lattice) package

pairs(data) pairwise scatterplot without or with smoother
pairs(data,panel=panel.smooth) You cannot add elements to a Trellis graphic. Speci
pairs(data, everything in the argument panel!

panel=function(x,y){points(x,y);
lines(lowess(x,y))})

coplot(formula) conditional plot
wireframe(formula) wire plot
contourplot(formula) contour plot
levelplot(formula) level plot
xyplot(formula, panel=....) scatterplot, possibley grouped
trellis.par.get() options for Trellis graphics

changes in the options is not very simple!
trellis.par.get("background™) e.g. changing the background colour.
bg<-trellis.par.get("background”) see Murrell (2006) for more information on trellis
bg$col<-"white" graphics

trellis.par.set("background"”, bg)

10 Spatial statistics

You might want to have a look at the book of Bivatdl. (2008)! The authors of this book
wrote the package sp.
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library(spatial) Functions for kriging and point pattern

analysis
ppinit() Read a point process object.
Kfn() Ripley's K
Kenvl() Envelope for Ripley's K
Psim() Simulate binomial spatial point process
surf.ls() Fits a Trend Surface by Least-squares
variogram(surf.Is(...),...) Spatial variogram
correlogram(surf.ls(...),...) Spatial correlogram
library(spatstat) Spatial Point Pattern analysis, model-fitting,
simulation, tests
guadracount() Quadrat counting for a point pattern
density.ppp() Kernel smoothed density
Kest() Ripley's K
nndist() Nearest neighbour distances
nnwhich() Find nearest neighbour
pairdist() Distances between all pairs of points
distmap() Distance map image
library(spdep) Spatial dependence: weighting schemes,
statistics and models
knearneigh() Find k nearest neighbours
knn2nb() Convert to a neighbour (nb) object
moran() Moran's | (autocorrelation measure)
geary() Geary's C (autocorrelation measure)
sp.mantel.mc() Mantel permutation test
library(gstat) Geostatistical modelling, prediction and

simulation (kriging)

11 Bayesian statistics

Albert (2007) gives a practical introduction to Bajan computing in R. Many function of the
R base package can be used to do Baysian statesticslbinom, dbeta, rbeta, rbinom or
sample. Some packages provide functions that leelpanstructing posterior distributions
and summarizing these distributions for drawingiahces. For more complex problems, it is
often useful to simulate the posterior distributiwing Markov chain Monte Carlo methods.
The MCMCglmm-package (see 5.5.4) provides the MCM®@g-function that allows
simulating posterior distributions of the parametefra linear model. For more complex
models, the software WinBUGS (http://www.mrc-bsmcac.uk/bugs/)) or OpenBUGS
(http://mathstat.helsinki.fi/openbugs/) can be ugath are for free and there exist R
packages that work as interface between R and WaB0r OpenBUGS.

library(LearnBayes)

discint(dist, prob) highest probability interval for a discrete
distribution

histprior(p, midpts, prob) density of a probability distribution defined
on a set of equal-width intervals

pdisc(p, prior, data) posterior distribution of a proportion for a
discrete prior

pdiscp(p, probs, n, s) predictive distribution for the number of

successes of a binomial experiment with a
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discrete distribution for the proportion

pbetap(ab, n, s)

predictive distribution for the number of
successes of a binomial experiment with a
beta distribution for the proportion

library(R2WinBUGS)

interface to WinBUGS

bugs(data, inits, parameters.to.save,
model.file, n.chains, n.iter, n.burnin,
n.thin)

"all in one"-function to send the model
information to WinBUGS and run WinBUGS
to simulate the posterior distribution of the
parameters.

library(BRugs)

interface to OpenBUGS

writeModel(model, "model.txt")

writes a model in bugs-format

bugsData(data, filename)

writes data in bugs format

bugslInits(inits, numChains, fleName)

writes initial values in bugs format

modelCheck(fleName)

check model and loads model file

modelData(fileName)

loads data to OpenBUGS

modelCompile(numChains)

compiles the model

modellnits(fileName)

loads initial values to OpenBUGS

modelUpdate(1000) updates the first 1000 iterations
samplesSet(parameters.to.save) sets parameters that should be monitored
modelUpdate(20000) MCMC update

samplesBgr(parameters)

Brooks-Gelman-Rubin plot to check
convergence

samplesHistory(parameters)

plots the Markov chain

samplesAutoC(parameters)

autocorrelation plot

samplesDensity(parameters, beg=)

posterior distribution

samplesStats(parameters, beg=)

summarizing statistics of the posterior
distribution
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