Appendix A

A Basic Guide to Using R for Survival Analysis

A.1 The R System
This first section of the appendix provides a brief but necessarily incomplete
introduction to the R system. Readers with little prior exposure to R can start here,
and then follow up with one of the many books or online guides to the R system.
Succeeding sections cover specialized R topics relevant to using R for survival
analysis.
The R statistical system, which henceforth we will refer to as just “R”, is a
programming language geared to doing statistical analyses. It was created by Ross
Ihaka and Robert Gentleman at the University of Auckland in New Zealand and,
since 1997, has been maintained by a core group of about twenty developers in
diverse locations. More information about the R system and its maintenance may
be found at the website http://cran.r-project.org. It is an interpretative language,
meaning that it interprets and executes code as the user types it, or as it reads code
from a file. It includes features for creating and manipulating variables, vectors and
matrices. It can also work with the more advanced structures known as data frames,
arrays and lists. It also has facilities for creating plots, and it has a special format
for handling missing values, which are a common feature of data sets. Its facilities
overlap with those of widely used commercial statistical software packages. Like
them, it provides a wide range of statistical procedures, and includes facilities for
manipulating statistical data. Unlike those packages, however, R is “open source,”
meaning essentially that the code is freely available and free to distribute. There
are, however, certain licensing restrictions, a key one being that any code derived
from existing R code must also be made freely available. The absence of any cost
to downloading and installing R has led to widespread worldwide adoption of the
system, and encouraged researchers who develop new statistical methods to make
those methods available in R.
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To install the system in Microsoft Windows, go to http://cran.r-project.org/bin/
windows/base/ and follow the instructions. The Windows installer will create an
icon on the desktop or the start menu. (On a 64-bit Windows installation, two icons
will be created, one for a 32-bit version and one for a 64-bit version. The latter
version will include “x64” in the icon name.) R is also available for Apple OS and
Linux OS; see the main R site at http://cran.r-project.org for details.
To start R, click on the icon (for now, either the 32- or 64-bit version is fine)
as you would with any standard Windows program. A command window will open
up with a “>” prompt. The command window includes several dropdown menus
for opening or creating files of R commands, for installing “packages” to provide
additional functionality to the system, and for accessing the help system. While one
can carry out any R procedure from the base system, more advanced users may
prefer to use a separate editor for creating R programs. A free editor that works
well with R is “Tinn-R”, which may be downloaded from https://sourceforge.net/
projects/tinn-r. Alternatively, one can use a full-fledged programming environment
called Rstudio. When launched, R Studio automatically detects the most current
version of R on your system, and opens that up in one of four window panes. Other
panes include an editor for writing R code, a viewer that shows the names of objects
you have created, and a plot viewer. Rstudio may be downloaded from http://www.
rstudio.com/ide/download/desktop.
This guide provides a brief introduction to those aspects of R most useful for
survival analysis. A guide to more complete treatments of the R language may be
found at http://www.r-project.org/doc/bib/R-books.html.

A.1.1 A First R Session
The purpose of this session is to show how to start up R, carry out a few simple
numerical operations, and then exit the system. First, start R from the start menu of
Windows or from the Desktop. You will see the R Console, a window with a “>”
prompt. This is the R window into which you type commands and receive responses.
To get a feel for how R works, enter a numerical expression, such as this:
> 2 + 3
[1] 5

The “>” symbol is the prompt that R provides, and following that is “2 C 3”, which
the user types. The “[1]”, which is perhaps superfluous here, just indicates that the
printed result is the first (and in this simple case only) element of the result. (The
purpose of the output format will become clear when you look at long vectors that
stretch out over more than one line.)
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Now try some other operations. Note that the “#” symbol indicates the start of a
“comment”, and is not interpreted by the computer.
> 2^3
[1] 8
> 2**3
[1] 8
> x <- 3
> y <- 2
> y^x
[1] 8

# same thing

# assign 3 to the variable x

> y**x
[1] 8
> q()

# end the R session

In addition to constants, R can work with vectors, as shown in the following code:
> x.vec
> y.vec
> x.vec
[1] 1.0
> y.vec
[1] 2.0

<- c(1, 3.5, 7)
<- c(2, 7, 8.6)
3.5 7.0
7.0 8.6

Here we have defined two vectors, “x.vec” and “y.vec”, each of length 3. The “.vec”
ending of the names is for the convenience of the user only; any name that consists
of letters and numbers and certain separators such as “.” or “_” can be use. Beginners
should note that unlike in some other statistical systems, R is case sensitive; that is,
upper- and lower-case letters are interpreted as distinct. Thus, for example, “X.vec”
and “x.vec” are two different names.
Vectors may be added and multiplied, as long as they are the same length. Also,
constants may multiply vectors.
> x.vec
[1] 1.0 3.5 7.0
> y.vec
[1] 2.0 7.0 8.6
> x.vec + y.vec
[1] 3.0 10.5 15.6
> z.vec <- 2*y.vec
> z.vec
[1] 4.0 14.0 17.2

The “c()” function may also be used to combine vectors,
> z.vec <- c(x.vec, y.vec)
> z.vec
[1] 1.0 3.5 7.0 2.0 7.0 8.6
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and individual components of vectors may be accessed by index. For example, to
list the first four elements of z.vec, we can use the “:” to get the indices from 1 to 4,
> z[1:4]
[1] 1.0 3.5 7.0 2.0

Vectors may also contain characters,
> w.vec <- c("a", "A", "aBc")
> w.vec
[1] "a"
"A"
"aBc"

In survival analysis, there is a special structure for right-censored survival data.
To use this, one first must load the “survival” package, which is included in the
main R distribution,
library(survival)

Next, define the survival times “tt” and the censoring indicator “status”, where
“status = 1” indicates that the time is an observed event, and “status = 0” indicates
that it is censored. Then the “Surv” function binds them into a single object. In the
following example, time 6 is right censored, while the others are observed event
times,
> tt <- c(2, 5, 6, 7, 8)
> status <- c( 1, 1, 0, 1, 1)
> Surv(tt, status)
[1] 2 5 6+ 7 8

If you enter an R command that is syntactically incomplete, it will continue
onto the next line with a “+” symbol, where you can complete the command. For
example,
> tt <- c(2, 5, 6,
+
7, 8)
> tt
[1] 2 5 6 7 8

This feature is particularly convenient for long commands that will not fit on a single
line.
The character “#” is used to introduce a comment; anything written after this
character will be ignored by the R system. This is useful for annotating code, e.g.
> Surv(tt, status)

# Create a survival data structure

Finally, to quit the R session, use the “q()” function, with no arguments,
> q()

A.1.2 Scatterplots and Fitting Linear Regression Models
We use linear regression methods in survival analysis in a number of ways, so we
introduce it along with the plot function here. To illustrate, let’s create two vectors,
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> x.vec <- 1:10
> x.vec
[1] 1 2 3 4 5 6 7 8 9 10
>
> y.vec <- 3 + 2*x.vec + rnorm(10, mean=0, sd=2)
> y.vec
[1] 6.758104 4.148936 10.208296 11.320387 11.840879 15.407382
18.228854
[8] 22.381251 21.130111 26.600463

The vector “x.vec” was created using the “:” operator to obtain the integers from
1 to 10, and the vector “y.vec” is defined as
y D 3 C 2x C ";
where  is a standard normal random variable with mean 0 and standard deviation 2.
Notice that when “y.vec” is printed, its values wrap onto the second line. the “[8]”
on the second line indicates that this line begins with the 8th element of the vector.
One may easily plot y.vec vs. x.vec,
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The plot may be enhanced by specifying ranges for the x and y variables, and
with specific labels for the axes,
> plot(y.vec ~ x.vec, xlim=c(0, 10), ylim=c(0, 30),
+
xlab="x", ylab="y")
> title("A simple plot")
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To fit a linear regression line through these points, use the “lm” function, with
“y.vec” as the outcome variable, “x.vec” as the predictor variable, and “~” meaning
“regressed on”. In the following, the results of fitting a linear regression model are
put into a “data structure” which we have chosen to call “result.lm”. To print out a
brief summary of the structure, just type its name,
> result.lm <- lm(y.vec ~ x.vec)
> result.lm
Call: lm(formula = y.vec ~ x.vec)
Coefficients:
(Intercept)
x.vec
2.925
2.119

The output indicates that the fitted regression model is given by y D 2:925C2:119x.
To plot this fitted line on the above scatterplot, use the “abline” function,
> abline(result.lm)
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A more complete output of the linear regression, including standard errors and
hypothesis tests, may be obtained by entering “summary(result.lm)”.

A.1.3 Accommodating Non-linear Relationships
A non-linear relationship between y and x will require more sophisticated tools.
To illustrate, let us suppose that the true relationship between y and x is given by
y D 2x3  9x2 C 5x C 6. We may define this as an R function as follows:
ff <- function(x) {
result <- 2*x^3 - 9*x^2 + 5*x + 6
result
}

This function, which we have named “ff”, takes a value (or a vector of values),
evaluates the defined polynomial at those values, and puts the result in an R object
named “result”. The last object in the function (“result”) is the value that the function
returns. For example, to evaluate the function at 0, 1, and 2, we can do the following:
> ff(x=c(0, 1, 2))
[1] 6 4 -4
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We simulate points with this relationship, with error, by defining the relationship
as a function, creating a series of x values, and then the y values, as follows:
> x.vec <- (-99:400)/100
# create 500 points between -1 and 4
> y.vec <- ff(x.vec) + 10*rnorm(500)
# fixed and random effects

We may plot these points, and the “true” functional relationship, shown as a red
curve, as follows:
> plot(y.vec ~ x.vec, col="gray")
> curve(ff, from=-1, to=4, col="red", lwd=2, add=T)

A straightforward way to model such a non-linear relationship is to create quadratic
and cubic forms of the x-values, and incorporate them into a linear model as follows:
>
>
>
>

x2.vec <- x.vec^2
x3.vec <- x.vec^3
result.lm <- lm(y.vec ~ x.vec + x2.vec + x3.vec)
summary(result.lm)

Estimate Std. Error t value Pr(>|t|)
(Intercept)
6.9369
0.7911
8.769 < 2e-16 ***
x.vec
4.1090
0.9969
4.122 4.4e-05 ***
x2.vec
-9.1537
0.9079 -10.082 < 2e-16 ***
x3.vec
2.0945
0.1936 10.818 < 2e-16 ***
--- Signif. codes: 0 *** 0.001 ** 0.01 * 0.05 . 0.1

1

Residual standard error: 10.23 on 496 degrees of freedom

We see that the coefficient estimates closely match the originals, as does the
“Residual standard error”, which matches  D 10 in the original error function.
In this case, the “true” relationship was a cubic polynomial function. But if the
relationship between y and x were some other function, not necessarily a polynomial
one, what could we do? There is a technique called “locally weighted scatterplot
smoothing”, often abbreviated by “loess” for, presumably, “LOcal rESSion”. This
is implemented in R as the “loess” function. We may use this function as follows:
result.smooth <- loess(y.vec ~ x.vec)
smooth.estimates <- predict(result.smooth)
lines(smooth.estimates ~ x.vec, col="blue", lwd=2)

However, we shall find it helpful to plot not only the smooth function but also 95 %
confidence intervals. To do this, we define a function that fits a loess curve and also
95 % confidence intervals for this curve, and plots them:
smoothSEcurve <- function(yy, xx) {
# use after a call to "plot"
# fit a lowess curve and 95% confidence interval curve
# make list of x values
xx.list <- min(xx) + ((0:100)/100)*(max(xx) - min(xx))
# Then fit loess function through the points (xx, yy)
#
at the listed values
yy.xx <- predict(loess(yy ~ xx), se=T,
newdata=data.frame(xx=xx.list))
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Fig. A.1 Smooth loess curve (blue) and true functional relationship (red)

lines(yy.xx$fit ~ xx.list, lwd=2)
lines(yy.xx$fit qt(0.975, yy.xx$df)*yy.xx$se.fit ~ xx.list, lty=2)
lines(yy.xx$fit +
qt(0.975, yy.xx$df)*yy.xx$se.fit ~ xx.list, lty=2)
}

We use this function to add the smooth curve and confidence limits as follows:
smoothSEcurve(y.vec, x.vec)

The plot is shown in Fig. A.1.

A.1.4 Data Frames and the Search Path for Variable Names
R provides a special data structure, the “data frame”, to conveniently store variables
for statistical data analysis. A data frame is a two-dimensional array with named
columns. Like many R packages, the survival package includes data sets as in the
form of data frames to use as examples. The data set “lung” contains survival data
on 228 patients with advanced lung cancer; here is a subset of the first six rows and
seven columns:
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> lung[1:6,1:7]
inst time status age sex ph.ecog ph.karno
1
3 306
2 74
1
1
90
2
3 455
2 68
1
0
90
3
3 1010
1 56
1
0
90
4
5 210
2 57
1
1
90
5
1 883
2 60
1
0
100
6
12 1022
1 74
1
1
50

The survival variables are “time” (days from enrollment until death or censoring),
“status” (1 for censoring, 2 for dead), and a number of other possibly relevant
covariates. A detailed description of the data set may be found by typing “?lung” at
the R prompt. Individual columns of the data frame may be accessed in two ways:
by column number or by column name. Here are examples of accessing the “time”
column in these two ways; in each case, the first few components are shown:
>
>
>
>

time.A <- lung[,2]
time.B <- lung$time
time.A[1:5] [1] 306
time.B[1:5] [1] 306

455 1010
455 1010

210
210

883
883

Alternatively, one can “attach” the data frame, in which case all of the variable
names can be accessed by name:
> attach(lung)
> time[1:5]
[1] 306 455 1010

210

883

To avoid errors in referencing variables, it is important to realize that the variable
name “time” is placed on what is known as a “search path”. When a user types a
variable name such as “time”, the R system first searches the current workspace for
a definition of the variable; finding none, it then looks into any attached data frames;
in this case, it is “lung” and there it finds the variable named “time”. If we redefine
the variable “time” in the workspace, it will take preference:
> time <- c(1,2,3,4)
> time
[1] 1 2 3 4

Now, the variable “time” has been defined in the workspace as the numbers from
1 to 4. If we remove (i.e. delete) this variable with the “rm” command, this version
of the variable goes away, and the version of “time” in the attached “lung” data
frame again becomes visible:
> rm(time)
> time[1:5]
[1] 306 455 1010

210

883

This example illustrates the importance of keeping track of the variable names
visible in an attached data frame, and ensuring that no variables of the same name
are defined in the user workspace.
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A.1.5 Defining Variables Within a Data Frame
When one needs to re-define variables in a data frame, it is often helpful to carry out
the necessary calculations within the data frame itself using the “within” function.
For example, suppose for the “lung” data we want to define a new censoring variable
“delta” which takes the values 0 for a censored variable and 1 for an event. We can
do this as follows:
lung <- within(lung, {
delta <- status - 1 })

We may see the new variable “delta” as follows:
> lung[1:6, c(1:7, 11)]
inst time status age sex ph.ecog ph.karno delta
1
3 306
2 74
1
1
90
1
2
3 455
2 68
1
0
90
1
3
3 1010
1 56
1
0
90
0
4
5 210
2 57
1
1
90
1
5
1 883
2 60
1
0
100
1
6
12 1022
1 74
1
1
50
0

In this way, one can directly incorporate new variables into the data frame without
creating new ones in the R workspace.

A.1.6 Importing and Exporting Data Frames
Data frames may be most easily imported and exported using “comma-separated”
files. Such files, when saved with a “.csv” extension, will open in Windows as an
Excel file by default. Such files can easily be imported into other statistical packages
if needed, since the file contains no special-purpose non-printing characters. For
example, suppose we need to export the “lung” data. We can export it to a directory,
say, “C:\survival” as follows:
> setwd("c:\\survival")
> write.csv(lung, file="lung.csv", na=".", row.names=F)

Since R treats the backslash character “\” as an escape character (imparting
special meaning to certain letters), it cannot be used alone when referring to a
Windows directory. Rather, it has to be doubled to correctly reference the windows
directory “C:\survival”. In this example, the function “setwd” sets the “working
directory” to the “C:\survival” Windows folder, assuming that this folder has been
created previously outside of the R program. The command “write.csv” writes out
the file in comma separated form into the file named “lung.csv”. The option “na=”
defines the outputted missing value code to be the specified value, here a dot, “.”.
Without this option, R will write out “NA” (the R missing value code) for missing
values. Finally, the “row.names=F” option suppresses numbered row names, which

212

A Using R for Survival Analysis

are usually unnecessary for exported files. The first few rows of the resulting file, if
viewed using a text editor, look like this:
"inst","time","status","age","sex","ph.ecog","ph.karno","meal.cal"
3,306,2,74,1,1,90,1175
3,455,2,68,1,0,90,1225
3,1010,1,56,1,0,90,.
5,210,2,57,1,1,90,1150
1,883,2,60,1,0,100,.

The first row is a list of column names, and the remaining rows contain the data. If
this data set weren’t already in R, and one needed to import it, one would do the
following:
> setwd("c:\\survival")
> lung2 <- read.csv("lung.csv", na.strings=".", header=T)
> head(lung2)
inst time status age sex ph.ecog ph.karno meal.cal
1
3 306
2 74
1
1
90
1175
2
3 455
2 68
1
0
90
1225
3
3 1010
1 56
1
0
90
NA
4
5 210
2 57
1
1
90
1150
5
1 883
2 60
1
0
100
NA
6
12 1022
1 74
1
1
50
513

The option “na.strings=” tells R that, in the Windows file, the “.” character indicates
missing values, so that they are recognized as such during the import process, and
represented using R’s missing data indicator “NA”. The “header=T” option tells R
that the first row consists of column names.

A.2 Working with Dates in R
Often survival data come in the form of calendar dates. Typically we are given the
date of entry into a trial, the date of death, and the date a patient was last seen, if
still alive. We must then compute the intervening times, and determine if a final date
represents a death or a censored observation. With medical data, time is measured
in days, although that may be later converted to months or years for presentation
purposes. The R package “date”, which must be explicitly downloaded and installed,
allows us to work with data in date format. To do this from the R window, click
on the “Packages” tab to get a pull-down menu. Then click on “Install packages”.
You may be asked to select a “repository.” In that case, choose your country and
then a location near you. Then you will get a pop-up window that lists all available
packages in alphabetical order. Highlight the “date” package and then “install”. The
package will then be installed on your R system, and will be available for use in this
and future occasions when you use R.

A.2 Working with Dates in R
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A.2.1 Dates and Leap Years
R includes a special “date” format. When you examine a variable with dates in that
format, you will see a listing that is given in “day-month-year” format. Internally,
however, the date is stored as an integer that represents the number of days between
the date of interest and the reference date, which is January 1, 1960. This reference
date is arbitrary, but often used by computer packages; when you subtract date
objects, the results will be the number of intervening days between the two dates.
The date package is written to accommodate leap years, by including February 29
in calculations only when a leap year is involved. It also understands that the year
2000 was a leap year but that the year 1900 was not a leap year. This latter fact
would become relevant if, for example, one works with birth dates of individuals
born before 1900. (Leap years in the Gregorian calendar occur in years that are
multiples of 4, except for years that are multiples of 100; a further exception is that
years that are multiples of 400 are leap years, which is why the year 2000 was a leap
year. See http://aa.usno.navy.mil/faq/docs/leap_years.php, maintained by the United
States Naval Academy, for more details.)

A.2.2 Using the “as.date” Function
Once the date package has been installed, you may load it by typing “library(date)”
at the R prompt. The “as.date” function can then be used to convert dates in character
form into R dates. Here are some examples of two dates:
> date.1 <- as.date("8/31/1956")
> date.2 <- as.date("7/5/1957")
> date.1
[1] 31Aug56
> date.2
[1] 5Jul57

We may see that there are 308 days separating these two dates as follows:
> date.2 - date.1
[1] 308

We may “look inside” the dates to reveal the internally-stored number of days using
the “as.numeric” function. For example,
> as.numeric(date.1)
[1] -1218
> as.numeric(as.date("1/1/1960"))
[1] 0

This shows that the first date, August 31, 1956, is 1,218 days before the reference
date of January 1, 1960. Also, we see that the reference date itself is stored as 0.
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We may illustrate the leap-year issue as follows:
> as.date("2/29/2000")
[1] 29Feb2000
> as.date("2/29/1900")
[1] <NA>

This shows that February 29, 2000 is a legitimate date, whereas February 29, 1900
does not exist. (The value “NA” is a missing value indicator in R.)
Dates may also be input in text format:
> as.date("January 30 2005")
[1] 30Jan2005

The default format is “month-day-year”, but it is possible to specify dates in “daymonth-year” format using the “order” option:
> as.date("30/1/2005", order="dmy")
[1] 30Jan2005

Dates may also be vectors. Here is a small example that illustrates what may arise
in survival analysis:
> entry.dates <- c("9/20/2010", "9/30/2010", "11/2/2010",
"1/5/2011")
> death.dates <- c("5/4/2013", NA, "6/9/2013", "4/5/2012")
> lastSeen.dates <- c("5/4/2013", "8/21/2013", "6/9/2013",
"4/5/2012")
>
> entry <- as.date(entry.dates)
> death <- as.date(death.dates)
> lastSeen <- as.date(lastSeen.dates)

We have defined entry, death, and date last seen dates for four patients. The second
patient was known to still be alive as of August 21, 2013, so that person’s death date
is denoted by the missing value “NA”. We define survival and censoring times as
follows:
> censor <- as.numeric(!is.na(death))
> censor
[1] 1 0 1 1
> survTime.temp <- death - entry
> survTime.temp
[1] 957 NA 950 456

We have defined the censoring variable to be 1 if a death is observed and 0 if the
person is censored, i.e., still alive at the time the data are analysed. The survival
times are defined for all but the second patient; we fix that up as follows:
> survTime <- survTime.temp
> survTime[censor == 0] <- lastSeen[censor == 0]
- entry[censor == 0]
> survTime
[1] 957 1056 950 456
> censor
[1] 1 0 1 1

A.3 Presenting Coefficient Estimates Using Forest Plots
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The variables “survTime” and “censor” are now fully-formed survival variable ready
for analysis. We may combine them into a survival object using the “Surv” function
in the “survival” package,
> library(survival)
> Surv(survTime, censor)
[1] 957 1056+ 950
456

This form of a survival variable show that the second survival time is censored at
1056 days (the time to death, though unknown, is known to be larger than 1056
days), whereas the others represent numbers of days until death.

A.3 Presenting Coefficient Estimates Using Forest Plots
The results of fitting a statistical model are typically presented as a table of
coefficient names, coefficient estimates, standard errors, Z values, and p-values.
Consider for example the survival dataset “veteran” that is included in the survival
package. This data set of lung cancer patients consists of survival variable “time”,
censoring indicator “status”, and several covariates, including “trt” (treatment),
which takes the values “standard” and “test”, and “celltype”, which can be either
squamous, small cell, adeno, or large cell. In the output below, we re-define
“treatment” as a factor with levels “standard” and “treatment” and then fit a Cox
proportional hazards model with treatment and cell type as predictors. (See Chaps. 5
and 6 for a discussion of the Cox model and examples of model fitting.)
> library(survival)
> head(veteran)
trt celltype time status karno diagtime age prior
1
1 squamous
72
1
60
7 69
0
2
1 squamous 411
1
70
5 64
10
3
1 squamous 228
1
60
3 38
0
4
1 squamous 126
1
60
9 63
10
5
1 squamous 118
1
70
11 65
10
6
1 squamous
10
1
20
5 49
0
> trt.f <- factor(trt, labels=c("standard", "test"))
> result <- coxph(Surv(time, status) ~ trt.f + celltype,
+
data=veteran)
> result

trt.ftest
celltypesmallcell
celltypeadeno
celltypelarge

coef exp(coef) se(coef)
z
p
0.198
1.22
0.197 1.00 3.1e-01
1.096
2.99
0.272 4.02 5.7e-05
1.169
3.22
0.295 3.96 7.4e-05
0.297
1.35
0.286 1.04 3.0e-01
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The result of the Cox model is put into the data structure named “result”. Typing
“result” produces the parameter estimates. The coefficient “trt.ftest” is the result of
comparing “test” to “standard” therapy. The next three coefficient estimates are for
three cell types compared to the reference cell type, which is “squamous”.
It is helpful to present these results in graphical form using a display tool called
a “forest plot”. This type of display was originally developed as a way to present
the results of a meta-analysis, which is a type of study that summarizes the results
of a large number of related studies. We adapt this display for our purposes, using
the “forestplot” function in the package also named “forestplot” (which must be
downloaded from CRAN and installed). We set up the parameter estimates and
confidence limits as follows; we use “NA”s, empty strings, and extra spaces to
control the format of the plot.
coef.est <- c(NA, NA, 0, 0.198, NA, NA, NA, 0, 1.096, 1.169, 0.297)
se.est <- c(NA, NA, 0, 0.197, NA, NA, NA, 0, 0.272, 0.295, 0.286)
lower <- coef.est - 1.96*se.est
upper <- coef.est + 1.96*se.est
label.factors <- matrix(c("Treatment Group", "", " standard",
" test", "", "Cell Type", "", " sqamous", " smallcell",
" adeno", " large"), ncol=1)

Finally, we produce the plot. We use constant box sizes, and the option “txt_gp”
to control the label sizes.
library(forestplot)
forestplot(label.factors, coef.est, lower=lower, upper=upper,
boxsize=0.4, xticks=c(-0.5,0,0.5, 1, 1.5, 2),
txt_gp=fpTxtGp(label=gpar(cex=1.5)))

The resulting plot is shown in Fig. A.2. We can see that the log hazard ratio for
the test treatment is slightly positive, indicating a small (non-significant) deleterious

Treatment Group
standard
test
Cell Type
sqamous
smallcell
adeno
large
−0.5

0

0.5

1

Log hazard ratio

Fig. A.2 Forest plot of parameter estimates for the “veterans” dataset
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effect of the test treatment as compared to the standard. We also see that the effect
of small cell and adeno celltypes is similar, and larger than squamous (the reference
level) and large cell. Of course, if additional covariates are included in the model,
they can be included in the plot by direct extension of the code given above.

A.4 Extracting the Log Partial Likelihood and Coefficient
Estimates from a coxph Object
As explained in Chap. 5, the log partial likelihood is a crucial component of a Cox
model. With appropriate options, we may use the “coxph” function to evaluate
the log partial likelihood at a particular value of the parameters. This specialized
procedure is not necessary in ordinary data analysis, but is useful for specialized
applications and for illustrating concepts, as in Sects. 5.3 and 5.4. We shall illustrate
this by again using the “veteran” survival data. For simplicity, we shall define a
new variable “treatInd” which is 1 for the test and 0 for the control treatments
respectively. Then we fit a Cox model and examine the result:
>
>
>
>
>

library(survival)
attach(veteran)
testInd <- trt - 1 # now 0 refers to standard, and 1 to test
result <- coxph(Surv(time, status) ~ testInd)
result
coef exp(coef) se(coef)
z
p
testInd 0.0177
1.02
0.181 0.0982 0.92
Likelihood ratio test=0.01

on 1 df, p=0.922

We can explicitly evaluate the log partial likelihood at a particular value of the
coefficient by specifying the initial value of the coefficient, and blocking iteration
by setting the maximum number of iterations to 0:
> result.cox.0 <- coxph(Surv(time, status) ~ testInd,
+
init=0, control=list(iter.max=0))
> loglik.0 <- result.cox.0$loglik[2]
> loglik.0
[1] -505.4491

The log (partial) likelihood evaluated at ˇ D 0 is the second element of the “loglik”
component, specifically, 505.4491.
To get the log partial likelihood at the maximum, we use the m.p.l.e from the
output or, to get a more precise value, we do the following:
> coef.mple <- as.numeric(result$coef)
> coef.mple
[1] 0.01774257
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We may evaluate the log partial likelihood
at the maximum and compute the

O  l.0/ as follows:
likelihood ratio test statistic, D D 2 l.ˇ/
> result.cox.max <- coxph(Surv(time, status) ~ testInd,
+
init=coef.mple, control=list(iter.max=0))
> loglik.max <- result.cox.max$loglik[2]
> 2*(loglik.max - loglik.0)
[1] 0.009643379

According to standard statistical theory, this is to be compared to a chi-square
distibution with one degree of freedom. We evaluate this using the “pchisq”
function:
> pchisq(0.009643379, 1, lower.tail=F)
[1] 0.9217729

We see that the p-value is approximately 0.92 (the same as given in the standard
coxph output above), so that the treatment difference is not statistically significant.
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