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Survival Analysis

Background

Part 15 of a Series on Evaluation of Scientific Publications

Isabella Zwiener, Maria Blettner, Gerhard Hommel

SUMMARY

Background: Survival times are often used to compare
treatments. Survival data are a special type of data, and
therefore have to be analyzed with special methods.

Methods: We illustrate special techniques for analyzing
survival times by applying them to a publication on the
treatment of patients with brain tumors. The present ar-
ticle is based on textbooks of statistics, a selective review
of the literature, and the authors’ own experience.

Results: Survival times are analyzed with the Kaplan-
Meier method, which yields two measures of interest: sur-
vival rates and the median survival time. The log-rank test
is used to compare survival times across treatment
groups. Cox regression is used in multivariable models. The
hazard ratio, a descriptive measure for differences in sur-
vival times, is explained.

Conclusion: If survival times are analyzed without the use
of special techniques, or if the underlying assumptions are
not taken into account, faulty interpretation may resuit.
Readers of scientific publications should know these pit-
falls and be able to judge for themselves whether the
chosen analytical method is correct.

» Cite this as:
Zwiener |, Blettner M, Hommel G: Survival analysis—
part 15 of a series on evaluation of scientific publicati-
ons. Dtsch Arztebl Int 2011; 108(10): 163-9.
DOI: 10.3238/arztebl.2011.0163

n many areas of medicine, the primary target par-

ameter 1s the time until an event occurs. Examples
include the time from diagnosis of lung cancer to death,
the time from fitting dentures to first repair, and the
time from the beginning of treatment for urmary -
continence until successful freatment outcome. An
“event” may be either success (cure) or failure (death).
It 15 important that both the begmning of the period of
time and the time of the event are clearly defined. The
time between the two 1s generally called survival time,
even when the event which ends if 15 not death.

Almost all specialized medical publications include
articles in which survival analysis techniques are used.
A recent example of this is a trial in patients with brain
tumors. Von Hoff et al. (1) investigated 280 children
and young people with medulloblastoma in the
two-arm, randomized trial HIT *91 (HIT = Hirntumor
[German for brain tumor]). Patients in arm 1 received
chemotherapy before and after radiotherapy (“sand-
wich” chemotherapy), while patients in arm 2 first
received radiotherapy and then chemotherapy (main-
tenance chemotherapy). The trial mvestigated whether
one of the two types of treatment led to longer patient
survival tumes.

In order to inferpret the results and value of such
publications correctly, readers should be familiar with
the methods used to analyze survival times. This article
provides a step-by-step mftroduction fo survival analy-
sis techniques based on the HIT "91 trial and enables
readers to understand and interpret them themselves.

[ Supplement An Overview of Study Design and Statistical Considerations ]

Z CHEST

A Practical Overview and Reporting
Strategies for Statistical Analysis
of Survival Studies

Tanujit Dey, PhD; Anish Mukherjee, MS; and Sounak Chakraborty, PhD
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Background

https-/istatsandr. com/blogiwhat-is-survival-analysis

What is survival analysis? Examples by hand and in R

Antoine Soetewey 2022-12-22 26 minute read

* Introduction
o What is survival analysis?
* Why do we need special methods for survival analysis?
* Common functions in survival analysis
o Survival function
¢ Cumulative hazard function
o Hazard function
e Estimation
o By hand
o InR
* Hypothesis testing
o Log-rank test
= By hand
= InR

* To go further
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Survival analysis uses the survival function.

Survival function is a time to failure function that gives the probability that an
individual survives past a time point. This probability depends on whether a
subject is censored (due to dropout/withdrawal or loss to follow-up) or had the
adverse outcome or event (like relapse, metastasis, death). All remaining
subjects at the end of the follow-up period who have not yet had the event are
censored.

The Kaplan-Meier method is used to estimate the survival function and to
illustrate the survival curve/s (in comparative groups, if any).

The log-rank test checks whether the survival curves are statistically
significantly different from one another. It is a univariate test and cannot be
adjusted for potential confounders. This analysis yields a hazard ratio as the
"effect size" and its confidence interval.

The Cox proportional hazards model is used for multivariable modelling to
identify risk factors and to obtain an "adjusted" hazard ratio.
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What is survival data?

Time-to-event data that consist of a distinct start time and end time.

Examples from cancer

Time from surgery to death
Time from start of treatment fo progression

Time from response to recurrence

Examples from other fields

Time-to-event data are commaon in many fields including, but not limited to

Time from HIV infection to development of AIDS
Time to heart attack

Time fo onset of substance abuse

Time to initiation of sexual activity

Time to machine malfunction

Aliases for survival analysis

Because survival analysis is common in many other fields, it also goes by other names

Reliability analysis
Duration analysis

Event history analysis )
Emily C. Zabor @&

Part 1: Introduction to Survival -
Analysis

Time-to-event analysis

Survival Analysis in R
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Survival Analysis

Box 1. Examples of when to use survival data

A. Blood pressure
In 2 trial comparing bloed pressure reductions caused by two drugs, it is assumed that the changes

in blood pressure of the subjects caused by the different drugs are normally distributed (this is "the
sample’ from a population). Calculations to determine whether the differences between the
interventions are statistically different (the probability of the difference having occurmed by chance)
are based on statistical methods which can be applied to continwous variables.

The mean of the blood pressure differences are calculated, and the variance (and standard
deviation) or range of blood pressure changes can also be deduced. Using these measures a
statistical test such as a Student’s t-test or analysis of variance (ANOVAF can be carried out to
determine the probability of the differences observed having ocourred by chance. Conventionally
it is accepted that if this probability is less than 0.05 (p<0.05) then the differences are statistically
significant and the null hypothesis can be rejected — the treatments are not the same.

B. Aspirin and mortality

In a trial designed to observe whether aspirin reduces mortality, patients who had sustained a
myocardial infarction are randomised to aspirin or to placebo. After several years have elapsed
the number who die in each treatment group is analysed and compared. The question fo be
answered here is whether there is a relationship between aspirin use and the risk of a patient
dying, or whether the aspirin does not affect mortality {the null hypothesis). One way to
determine this is using tests on categorical data (either the patient dies or does not).

In this example the Chi-squared test of association? can be used to determine whether to reject
the null hypothesis of no assodation. The results show that the proportion of patients given
aspirin who die is less than the proportion that dies when given placebo. If the Chi-squared test
gives a pvalue of <0.05, then it is unlikely that this result has occurred by chance.

C. Statins and cardiovascular events

In a trial examining whether a statin prevents a cardiovascular event in patients who have been
admitted to hospital with unstable angina, patients are randomised to the statin or to placebo on
admission. In this instance the focus of the study is examining the time between randomisation
and a subsequent event. it is unlikely that these times are normally distributed. In this type of trial
it is better, and possibly more ethical, if the study does not wait until events have occurred in all
subjects. Also, some patients may leave the study early and become lost to follow-up, so that
only the only information available regarding these patients will be that they were still without a
further event at the last follow-up.

In this instance, it is preferential to analyse the data using a Kaplan-Meier analysis.? The basic
idea is that the trial is split up into distinct time intervals. In each time interval the probability of
“surviving’ that time interval without an event is calculated and these probabilities are multiplied
to give the probability of “survival’ up to a given time point. Survival probability curves are plotted
for those given the statin and those given placebo and the hazard ratio between these survival
curves is calculated. The p-value for this hazard ratio is <0.05, so it is unlikely that this difference IR New title
in time te an event has ocourred by dhance and, therefore, it is decided that statins do prevent
and delay cardiovascular morbidity after admission for unstable angina.

NE In Exampie B it can be seen that If time-to-event data were avallable thi could have been wsed 25 In Bxample C. A What are

. Nowadays most studies of this nature are conducted this way. Analysing data in this way provides the added benefit of
K|n95t°n collecting Information that aliows assessment not just of whather a treatment prevents: events but also by how much the

University e an event s delayed by freatment. k haza rd ratiOS?
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Time-to-event/censoring Survival curves
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Survival analysis
A censored subject is not deemed to have failed, but removed from y

the count that makes up the denominator in the estimation of Christiana Kartsonaki
survival function / hazard.

Abstract

Survival analysis is the analysis of data involving limes lo some event
of interest. The distinguishing features of survival, or time-to-event,
data and the objectives of survival analysis are described. Some
. fundamental concepts of survival analysis are introduced and
Klnston commonly used methods of analysis are described.

UmverSIty Keywords Cox proportional hazards model; failure times; hazard;
London Kaplan—Meier curve; survival data; time-to-event data
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Time-to-event/censoring
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Survival Analysis with R

B3 2017-09-25

by Joseph Rickert

With roots dating back to at least 1662 when John Graunt, a London merchant, published an extensive set of inferences based on
mortality records, survival analysis is one of the oldest subfields of Statistics [1]. Basic life-table methods, including techniques for
dealing with censored data, were discovered before 1700 [2], and in the early eighteenth century, the old masters - de Moivre working
on annuities, and Daniel Bernoulli studying competing risks for the analysis of smallpox inoculation - developed the modern
foundations of the field [2]. Today, survival analysis models are important in Engineering, Insurance, Marketing, Medicine, and many
more application areas. 5o, it is not surprising that R should be rich in survival analysis functions. CRAN’s Survival Analysis Task View, a
curated list of the best relevant R survival analysis packages and functions, is indeed formidable. We all owe a great deal of gratitude to
Arthur Allignol and Aurielien Latouche, the task view maintainers.

R Views

An R community blog edited
by GStudio

@ Boston, MA
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Survival Analysis in R
) oo

@ DataCamp
STATISTICAL MODELING +1 COMMUNITY

Survival Analysis in R For Beginners

In this tutorial, you'll learn about the statistical concepts behind survival
analysis and you'll implement a real-world application of these methods in
R.

Survival analysis involves:

- Time-to-event data and who has reached the event during follow-up (others are
right-censored)

- Kaplan-Meier plot (survival curves)
- Log-rank statistics for the curve (no adjustment for covariates/potential confounders)

- Cox proportional hazard modeling (uses the hazard function with adjustments). It
assumes that the hazards of the two groups being compared are constant over time.

Necessary variables:
- time (time taken to reach the event, or time in follow-up until attrition)
- event (relapse, mortality, recovery)

Kingston - status (intervention/treatment vs control/placebo)
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Survival Analysis in R

Daniel Schutte
@ December 17th, 2019 @ DataCamp
B sersticaumopELNG 41 COMMUNITY

Survival Analysis in R For Beginners

In this tutorial, you'll learn about the statistical concepts behind survival
analysis and you'll implement a real-world application of these methods in
R.

futime: survival or censoring time

fustat: censoring status

age: 1 years

resid ds: residual disease present (1=no_2=vyes)

i treatment group

> library(survival)
> data{ovarian)
> head{ovarian)

ecog ps: ECOG performance status (1 1s better, see reference)

resid.ds ecog.pns

= 1 1
time variable 2 1 L
. . 2 1 2
(time-to-event/censoring) ; 2 i
event variable 2 1 1
1 1 2
(event/censored) _
status variable > str(ovarian)
ﬂreaUnent rou ) "data.frame': Zo obs. of o wvariables:
group S futime : nmuam 5% 115 156 421 431 445 464 475 477 563
S fustat ::nmum 1 1 1 0 1 01101 ...
2 age : num T7Z2.3 T74.5 6.5 53.4 50.3
£ rezgid.ds: num 2 2 2 2 2 1 2 2 2 1
S rx rnoum 1 1 1 2112 212
S ecog.ps t mum 1 1 2 1 1 2 2 2 12
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Survival Analysis in R

Basic Approach
(Kaplan-Meier Curve)

100 -
Hazard Ratio for death in treatment group,
0.38 (95% Cl, 0.28 - 0.53); p<0.0001
Each downward step in the lines represents an event
(outcome of interest, e.g. death) experienced by a patientin
that corresponding group
75 - /
—
EQ— each small vertical tick represents a censored observation (i.e.
[=)] patient who did not experience the event of interest by the
.E last follow-up, this can be due to lost to follow-up, study
period ends without having an event or died from an
>
'; unrelated cause)
T
5 50 -----
v
" Bad
P
5 10-Year
- survival
o rate
a
25 -
Median
Survival
0 N :
. 906 12246 3650 ~10-year '
0 2000 4000 6000
Time (in days)
No. at R|sk Numberofpatlents at risk shown below atregular time intervals, as times go, :
ss people remain are at risk 1
1
Placebo 106 20 5 0
Treatment 105 62 25 2 4
i

The slope of each curve
represents the hazard.

The ratio of hazards in each
group should be consistent
throughout follow-up
(proportional hazard
assumption).

The most obvious violation
of the proportional hazard
assumption would be
crossing of the curves.
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Basic Approach

(Kaplan-Meier Curve)

Otolaryngology-Head and Neck Surgery (2010) 143, 331-336
INVITED ARTICLE

A practical guide to understanding Kaplan-Meier
curves

Jason T. Rich, MD, J. Gail Neely, MD, Randal C. Paniello, MD,
Courtney C. J. Voelker, MD, DPhil, Brian Nussenbaum, MD, and
Eric W. Wang, MD, St. Louis, MO

Table 3
Full accounting of data
Serial time (yrs) Interval Number “surviving” at risk Ewvent Censored Calc: interval Interval
(serial time of (ending at in the interval (defines the (defines (removed from MNumber “surviving” “survival” “survival” Cumulative
event, = “event event denominator for the end of “surviving” in after event (defines rate after rate after Calc: cumulative “survival”
Subject time") occurrence) interval) interval) the interval) the numerator) event event “survival” rate rate
Group 1 0 1 1.000
B 1 2 6 1 0 5 5 of B 0.833 1.000 * 0.833 0.833
E 2 3 5 1 0 4 4 of 5 0.800 0.833 * 0.800 0.667
B 3 4 4 1 0 3 3 of 4 0.750 0.667 * 0.750 0.500
A 4 5 3 1 0 2 2 of 3 0.667 0.500 * 0.667 0.333
D 4.5 6 2 1 0 1 1 of 2 0.500 0.333 * 0.500 0.167
C 5 0 1
Group 2 0 1 1.000
u 0.5 2 1 0 5 5 of B 0.833 1.000 * 0.833 0.833
z 0.75 3 5 1 0 4 4 of 5 0.800 0.833 * 0.800 0.667
w 1 4 4 1 0 3 3 of 4 0.750 0.667 * 0.750 0.500
A 1.5 0 1
X 2 5 2 1 0 1 1 of 2 0.500 0.500 * 0.500 0.25
Y 35 6 1 1 0 0 0 of 1 0 0.25 * 0 0
Kingston Calc, calculation.
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Survival Analysis in R

Basic Approach
(Kaplan-Meier Curve) R Enterprise Training R package Leaderboard

. 99th
. rom survival v2.11-4
sSu er't by Thomas Lumley Percentile

Compute A Survival Curve For Censored Data

Computes an estimate of a survival curve for censored data using either the Kaplan-Meier or the Fleming-Harrington method or computes the predicted survivor function

for a Cox proportional hazards model.

Usage

gurvfit (formula, data, weightsa, subset, na.acticn,
newdata, individual=F, conf.int=.95, 3e.fit=T, Examples
type=c{"kaplan-meier™, "fleming-harrington™, "fha")},

error=c ("greenwcocd”™, "t3iatis™), ST b T ne e e e i

conf.type=c("leg", "log-log™, "plain”, "none"), data (aml)
conf.lower=c("usual”, "petc”, "modified®)) fit <- survfit(Surv(time, status) ~ x, data=aml)
basehaz (fit, centered=TRUE) plot (fit)

# plot only 1 of the 2 curves from above
plot (fit[2])

survfit: Create survival curves

In survival: Survival Analysis #fit a cox proportional hazards model and plot the
#predicted survival curwve
. data{ocvarian)
Kingston fit «<- coxph{ Surv{futime, fustat)~resid.ds+rxtecog.ps,data=cvarian)
plot{ surviit({ fit))

University
London
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Survival Analysis in R

Basic Approach

(Kaplan-Meier Curve)

survfit: Create survival curves

In survival: Survival Analysis

The usage of the function survfit() :
survfit (Surv(survivaltime, event) ~ group, data = df)

load the R package "survival"

load the dataset "leukemia”

library ("survival")

data (leukemia)

df <- leukemia
df$survivaltime <- df$time
dfSevent <- df$status
df$group <- df$x

rename the dataset "df" (optional)
rename the time wvariable as "survivaltime"

rename the event wvariable as event

H H H H H HF

rename the treatment group as "group"

fit <- survfit (Surv(survivaltime, event) ~ group, data = df)

# model the survival data

plot (fit) # plot the K-M plot based on the created model
summary (£it) # get the details of the model
Kingston SCI’Ipt survival.R
University

London
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Survival Analysis in R

Basic Approach

(Kaplan-Meier Curve)

TR RGui (64-bit)
File Edit View Misc Packages Windows Help

=l = a]o]
@ R Console E'@ ﬁ R Graphics: Device 2 (ACTIVE)

=

I
>
» library("survival"™)# load the R package "surviwval"”
> data(leukemia) # load the dataset "leukemia™
> df <- leukemia# rename the dataset "df" (optiocnal)
> dffzurvivaltime <- dfftimef rename the time variable as "survivaltime" (=2
> dfSevent <- df$status# rename the event variakle as event Al
> dffgroup <- Af3x# rename the treatment group as "group”
S @ |
» fit <- survfit (Surv(survivaltime, event) ~ group, data = d4df) o
> # model the survival data
> plot (fit)# plot the E-M plot based on the created model W
> summary (£it) o=
Call: survfit (formula = Surv(survivaltime, event) ~ group, data = df}
< |
group=Maintained o
time n.risk n.event survival std.err lower 95% CI upper 95% CI
a 11 1 0.90% 00,0867 0.7541 1.000 [
13 10 1 0.818 0.11e3 0.6192 1.000 o
18 8 1 0.716 0.13%97 0.4884 1.000
23 7 1 0.614 0.1526 0.3769 0.5959%9 o |
31 5 1 0.491 0O.le42 0.2549 0.5946 o T T T T
34 4q 1 0.368 0.1e27 0.,154%9 0.875
48 2 1 0.184 0.153% 0.035% 0.944 0 50 100 150
group=Nonmaintained v
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Survival Analysis in R

Basic Approach
(Kaplan-Meier Curve)

survfit: Create survival curves

In survival: Survival Analysis

A little improvement on the basic plot:

plot(fit, 1lty = ¢(1,2), col = c("green", "red"), xlab = "Time
(days)", ylab = "Survival Probability", main = "An Example
Survival Curve")

legend (115, 1, legend = c("CT Maintained", "CT not Maintained"),
col = c("green", "red"), 1lty = 1:2, cex = 0.8)

OR

# legend("topright", legend = c("CT Maintained", "CT not
Maintained"), col = c("green", "red"), lty = 1:2, cex = 0.8)

Kingston SCI’ipt: survival.R
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urvival Analysis in R

Basic Approach

(Kaplan-Meier Curve)

@R RGui [64-bit)
File History Resize Windows

@R R Console [=][= ] @R R Graphics: Device 2 (ACTIVE)

plot (fit, 1ty = cil,2), col = c("green", "red"), xlab = "Time (days)"™, ylab = "Surviwval Probability", main = "An Example Survival Curwve") An Example Survlval curve

legend (115, 1, legend = c("CT Maintained"™, "CT not Maintained"), col = c("green", "red"), lty = 1:2, cex = 0.8)

1.0

—— CT Maintained
-=- CT not Maintained

08
|

04

VOVOV VOV VOV VYV VY VYV VYV YV VY Y VY Y VY Y
Survival Probability

02

0.0

T T T T
0 50 100 150

Time (days)
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Survival Analysis in R

Basic Approach
(log-rank test)

survdiff: Test Survival Curve Differences

In survival: Survival Analysis

Log-rank statistics for equality of survivor functions:

survdiff(Surv(time, status) ~ x) # Looks at the survival differences by
the group/status variable "x" like "caco"

time: time-to-event
status: the event variable (yes/no)
X: group variable (intervention/placebo; male/female)

Kingston SCI‘ipt: survival.R
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Survival Analysis in R

Basic Approach
(log-rank test)

RDocumentation Alternative log-rank test methods

coin (version 1.3-1)

SurvivalTests: Two- and \(K\)-Sample Tests for Censored Data

#%# Exact logrank test
logrank_test(Surv(time, event) = group, data = g3,
distribution = “"exact™)}

Description

Testing the equallty of the survival distributions In two or more Independent groups.

When survival times are tied, use the exact test
(data = "glioma" in this example). Package = coin

Usage

logrank_test{object, ties.method = c("mid-ranks”, "Hothorn-Lausen"”,
"average-scores"),
type = c("logrank"”, "Gehan-Breslow”, "Tarone-Ware",
"Peto-Peto", "Prentice", "Prentice-Marek",

“sndersen-Borgan-Gill-Keiding",
"Fleming-Harrington", "Gaugler-Kim-Liao", "Self"),
rho = NULL, gamma = MULL, ...)

Script: survival.R
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Survival Analysis in R

Daniel Schutte
December 17th, 2019 @ DataCamp
STATISTICAL MODELING  +1

COMMUNITY

Survival Analysis in R For Beginners

In this tutorial, you'll learn about the statistical concepts behind survival

analysis and you'll implement a real-world application of these methods in
R.

Create a survival object using time and event variables:

> surv_object <- Surv(time = ovarianifutime, event = ovarianifustat)
> surv_object

[1] 58 115 15& 421+ 431 448+ 464 475 477+ 563 &
[13] 765+ 770+ 803+ 855+ 1040+ 1106+ 1125+ 1206+ 1227+ 268 3
[25] 365 37T+
> These are times to the event or los to follow-up. A (+) behind survival times indicates censored data points.

38 Ta4+
29 353

This survival object is used in coxph() function to fit Cox
proportional hazard model when covariates are present

The survival package is the cornerstone of the entire R survival analysis edifice. Not only is the package itself rich in
features, but the object created by the surv() function, which contains failure time and censoring information, is the basic

survival analysis data structure in R. Dr. Terry Therneau, the package author, began working on the survival package in 1986.
The first public release, in late 1989, used the Statlib service hosted by Carnegie Mellon University. Thereafter, the package
was incorporated directly into Splus, and subsequently into R.

Kingston SCI’i pt survival.R

University

London



http://www.kingston.ac.uk/
https://www.datacamp.com/community/tutorials/survival-analysis-R
https://www.datacamp.com/community/tutorials
http://www.dorak.info/r/

Survival Analysis in R
Cox PH Modelling

(for multivariable analysis)

coxph: Fit Proportional Hazards Regression Model

In survival: Survival Analysis

Cox Proportional Hazard modelling for equality of survivor functions with adjustments
for potential confounders:

coxph(Surv(time, status) ~ x + age + sex + eth + ses)

# Examines the survival differences by the group/status variable "X" like "caco" with the possibility of
including potential confounders in the model

time: time-to-event

status: the event variable (yes/no)

X: group variable (intervention/placebo)

age, sex, eth, ses (etc.): potential confounders

Kingston SCI‘ipt: survival.R
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coxph (survival object ~ group variable + covariatel + covariate2 + ..
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Survival Analysis in R
Cox PH Modelling

(for multivariable analysis)

Usage of coxph() with covariates:

EXAMPLE :

library (survival)

data (veteran)

cox <- coxph (Surv(time, status) ~ trt + celltype + karno + diagtime + age

+ prior , data = veteran)
summary (cox)

# OR

library (survival)

data (veteran)

survival object = Surv(veteran$time, veteran$status)

cox <- coxph(survival object ~ trt + celltype + karno + diagtime + age

+ prior , data = veteran)
summary (cox)

Script:
survival.R and survival coxph.R

)
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Survival Analysis in R

Cox PH Modelling

(for multivariable analysis)

0.8 1.0
l

0.6
l

Probability of Survival
0.4
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Figure 1: Kaplan-Meier survival curve (with 95%
confidence bands) for a set of 50 patients. Red dots
indicate the times at which a patient died.

L Statisfical
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S oty wcoms SRS TAEICL SN | Australia

Profiles | @ Full Access

What is Cox's proportional hazards model?
Robert Tibshirani

First published: 29 March 2022 | https://doi.org/10.1111/1740-9713.01633

Cox Proportional Hazard model is
for equality of survivor functions
with adjustments for potential
confounders.
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Survival Analysis in R
Cox PH Modelling

(for multivariable analysis)

coxph() function of the survival package is used to fit a
Cox proportional hazard (PH) model

coxph
Fit Proportional Hazards Regression Model

survival_object = Surv(time = time-to-event variable, event = event/status variable)

Usage of coxph():
coxph (survival object ~ group variable)
>>> equivalent to univariate log-rank test <<<

Usage of coxph() with covariates:
coxph (survival object ~ group variable + covariatel + covariate2 + .. )

Kingston SCI‘iptZ survival.R
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Survival Analysis in R
Cox PH Modelling

(visualising the multivariable analysis)

Hazard ratio

trt (N=137) (u_s.j;'_s‘;. 02)
celltype i ggrﬁl}uus reference
smallcell 2.37
(N=48) (1.38 - 4.06)
adeno 3.31
(N=27) (1.83- 596}
large 1.4%
(N=27) (0.86 - 2.60)
0.97
karno (N=137) (0,96 - 0.98)
S L 1.00
diagtime (N=137) (0.98- 1.02)
age (N=137) fo_gur'?a.m,l
prior (N=137) (ﬂ_sé-ﬂ .05)

# Events: 128; Global p-value (Log-Rank): 1.798%e-10
AIC: 964.79; Concordance Index: 0.74
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-

0.136

0.002 *

=0.001 ==

0.136

=0.007 ==

0.993

0.345

0.758

RDocumentation Search all packages and functions

survminer (version 0.4.9)

ggforest: Forest Plot for Cox Proportional Hazards Model

Description

Drawing Forest Plot for Cox proportlonal hazards model. In two panels the model structure Is presented.

library (survminer)

ggforest(cox, data = veteran)
# cox is the coxph object generated in the previous slide

Script:
survival.R and survival coxph.R
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Survival Analysis in R

Cox PH Modelling

(assumptions)

The easiest way is the visual examination of the univariate Kaplan-Meier curves. If
during the follow-up, the curves of the univariate analysis cross each other or have
sharp turns, it is most likely that the preconditions for the proportional hazard
assumption are not fulfilled. [Unterrainer et al, HLA 2018]

A major assumption of the Cox proportional hazards model is that the effect of a
given covariate does not change over time. If this assumption is violated, the simple
Cox model is invalid, and more sophisticated analyses are required. Graphical
methods are available for detecting violations of the proportional hazards
assumption. Smoothed plots of the scaled Schoenfeld residuals are recommended
for assessing PH violations because they provide information about the time
dependence of the covariate effects. [Hess KR. Stat Med 1995]

See also:

Kin 3.6 How to evaluate the PH assumption?
gston
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Survival Analysis

Cox PH Modelling

(assumptions)

For a review of checking Cox PH model assumptions in R, see this video:

S Survival Analysis Part 12 | Checking Cox PH Model Assumptions in R with RStudio

Lectures in Statistics

Survival Analysis with R

Lectures by Prof. Mike Marin
Marinstatslectures

MORE VIDEOS

» ) o001/900 B & Youlube [3

Kingston Script: survival coxph.R
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Package ‘survminer’

May 28, 2020
Type Package
Title Drawing Survival Curves using "ggplot2’'
Version 0.4.7

Date 2020-05-28

Description Contains the function 'ggsurvplot()' for drawing easily beautiful
and 'ready-to-publish’ survival curves with the 'number at risk’ table
and "censoring count plot'. Other functions are also available to plot

adjusted curves for "Cox™ model and to visually examine 'Cox' model assumptions.

Kingston

University
London

Survival Analysis in R

Visualising survival analysis results

Creating Survival Plots

Informative and Elegant
with survminer

The ggsurvplot() function creates geplot2 plats from survfit objects.

Strata + sax=i + sex=2

library("survival™)
fit < survfit{Surv(tine, status
- sex, data = lung

class(fit)
# [1] “surcFit”

library( " suriner™)
ogsurvplet(fit, dota = lung)

Survival probabilty

Use the fun argument to set the transformation of the survival curve.
Eg "event" for cumulative events, "eumhaz" for the cumulative
hazard function or "pet" for survival probability in percentage.

pgsurvplot(fit, doto = lung, fun = "event™)
ogsurvplet(fit, dota = lung, fun = "cumhaz™)

Time:

With lots of graphical parame- 100] -
ters you have full control over
loak and feel of the survival
plats; pasition and content of
the legend; additional annota-
tions like p-value, title, subtitle.

gosurvplot(fit, dota = Llung,

Survival probabily (%)
-]

conf . int = TRUE, &5
pval = TRUE, p= 0013 S
fun = “"pct”, o, . ., . )
risk. table = TRUE, 4 Ep s TEL A0
size = 1, Time
Linetype = “strata”, e e B
palette = cf"WE7ESEE",
Legend m::ZEgFDF'J, Number at risk
@ = "bottom",
leﬁﬂ.tltlg - "Sext, 3 i g :‘“ ; g
legend. labs = cf"Male", h

“Female®)) LT

The function cox.zph() from survival package may be used to test the
proportional hazards assumption for a Cax regression maodel fit. The
| wverification of this assumption may be pedormed with the
» ggeoxzph() from the survminer package. For each covariate it
praduces plats with scaled Schoenfeld residuals against the time.

Library( “survival =}
fit < coxph{Surw(time, stotus) ~ sex + age, data = lung)
ftest <- cox.zph(fit)

f-test

rho ehisg
” sex 08.1236 2.452 ©.117
wage -8.8275 0.129 B.719
#§ GLOBAL NA Z.651 @.266
library("survminer™)
ageoxzphl frest)

Global Schoenfeld Test p: 0.2656
Schoerdeld Individual Test p: 0.7182
o3

Schoenfeld Individual Test p: 0.1174

* e

RARY LN .,‘;

Betaf) b sex

The function ggeaxdiagnostics() plots different types of residuals as a
function of time, linear predictor ar observation id. The type of residual is
selected with type argument. Possible values are "martingale’, "devian-
ce’, "score”, "schoenfeld”, "dibeta™, "dfbetas”, and "scaledsch”.

The ox.scale argument defines what shall be plotted on the OX axis.
Possible values are *linear.predictions”, "chservation.id”, "time”,

Logical arguments hline and sline may be used to add horizontal line ar
smooth line to the plat.

Library( “survival™) -

Library( "survmtner™) E

fit < comph(Survitime, stotus) -
sex + oge, data = lung)

ggcmlagmsttcs[ﬂt
“devionce",
ox. scnl: = "Linear.predictions”

[T e—

ogeoxdisgrostics(Fit,
type = "schoenfeld”, -2
ox.scale = “time™)

Fia chain 1 chemriit)

The function ggforest() from the survminer package creates a forest plat
fior a Cox regression model fit. Hazard ratio estimates along with confiden-
ceinter
Library( "survival™)

Library( "survminer™}

lungSage <- ifelse(lunglage > 78, "»78","<= 707}

Fit «- coxph( Surv(time, stotus) - sex + ph.ecog + age, data = lung)
fit

nd p-values are plotter far each variable.

¥ Call:
## coxphifornula = Surwitime, stotus) - sexsph.ecogroge, dato=lung)
Lo

e eoef exp{coef) s.e(mef) z p

" sex -8.567 8.567 -3.37 @.90@e7s

## ph.ecog @.470 1.608 E.Ll3 4.16 3.1e-@5

#i ogexP@  B.3@7 1.353 B.1E7 1.64 0.18175

Lol

" Likelihood ratio test=31.6 on

Wi n= 227, number of events= 164 - o
e 2o

goforest(fit)

et Mo

The function ggadjustedcurves() from the survminer package plots
Adjusted Survival Curves for Cox Proportional Hazards Model. Adjusted
Survival Curves show how a selected factor influences survival estimated
fram a Cax model.

Nate that these curves differ from Kaplan Meier estimates since they
present expected ssurvival based on given Cox model.

library("survival™) wariabin == Mg == Famak
library("surwminer=)

1m
lungSses <- lm.se('lmgkex -1,
Male”, "Female™}
a7
fit <- coxph{Surv(time, stotus) ~ £
+ ph.ecog + age + | =
strata(sex), gom
data = lung) 2
am
gocoxad justedeurves(fit, data=lung)
am.
[] = =a  ma wow

1ma.

Mate that it is not necessary to include the grouping factar in the Cax
model. Survival curves are estimated fram Cox model far 2ach group
defined by the factor independently.

‘rlable = (35,55) m— (55,65) == (55,B5]
lungSaged - eut(lungdage, Lo
€(35,55,65,85))

ggcoxad justedeurves(fit, dato-lung, L
variable="loge3")

HE

CC BY Przemystaw Biecek bt
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Survival Analysis in R

For a more detailed survival analysis using the dataset "lung",
follow the annotated script "survival_survminer.R"
@ http://www.dorak.info/r/survival survminer.R

Go to: http://www.dorak.info/r
locate: survival survminer.R
and right click to choose Save link as... to download the script file

Script: survival survminer.R
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Survival Analysis
INTUITIVE

BIOSTATISTICS

Comparing Survival Curves

Harvey Motulsky

A Tour of Survival Analysis

By Alexander Moreno — 3 Comments

Boston University School of Public Health

Basic Statistical Analysis Using the R Statistical Package

Survival Analysis

Survival Analysis with R: Exercises
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Survival Analysis

D( dOtOCOMP WE'RE HIRING Learn v Features v Pricing

Survival Analysis in R

Learn to work with time-to-event data. The event
may be death or finding a job after
unemployment. Learn to estimate, visualize, and
interpret survival models!

Start Course For Free € What is Survival Analysis? FREE

In the first chapter, we introduce the concept of survival analysis,
explain the importance of this topic, and provide a quick introduction
® 4 Hours & 14 Videos <> 50 Exerclses A3 7,155 Learners to the theory behind survival curves. We discuss why special methods
are needed when dealing with time-to-event data and introduce the
concept of censoring. We also discuss how we describe the
distribution of the elapsed time until an event.

View chapter details Play Chapter Now
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Survival Analysis

Open I ntro@ Home Books v Forums Teacher Options Blog

Survival Analysis in R

A collection of resources to support learning about survival

analysis in R.

Short Course for Survival Analysis in R

The workshop materials are intended for a one-week intensive course in survival analysis. These materials could be used for a standalone workshop, as

part of a dedicated Survival Analysis course, or as part of a second Biostatistics course.

Workshop: Survival Analysis in R R package: eventtimedata

R Markdown + PDF + R code for a short course ccompanies Survival Analysis in R workshop

Survival Analysis in R Guide

The PDF below provides a guide to survival analysis in R using the survival package, supplemented by the KMsurv and Olsurv packages for additional data

sets and functions.


https://www.openintro.org/book/surv_in_r/

Statistical Power

Background
In Survival Analysis
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Statistical Power

Background

‘[ Supplement An Overview of Study Design and Statistical Considerations ] g CHEST

Sample Size Estimation in Clinical Research (@ onmesorusoses)
From Randomized Controlled Trials to Observational Studies

Xiaofeng Wang, PhD, and Xinge Ji, MS
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Statistical Power

(_ % R Tutorial | R Interface | Datalnput | Data Management | Statistics | Advanced Statistics | Graphs | Advanced Graphs

Quick-R

powered by DataCamp

Power Analysis

Descriptive Statistics

Overview
Frequencies & Crosstabs
Power analysis is an important aspect of experimental design. It allows us to determine

the sample size required to detect an effect of a given size with a given degree of

Correlations

Hests confidence. Conversely, it allows us o determine the probability of detecting an effect
Nonparametric Statistics of a given size with a given level of confidence, under sample size constraints. If the
Multiple Regression probability is unacceptably low, we would be wise to alter or abandon the experiment.
Regression Diagnostics
ANOVA/MANOVA The following four quantities have an intimate relationship:
(MJANOVA Assumptions 1. sample size
Resampling Stats 2. effect size
Power Analysis 3. significance level = P(Type | error) = probability of finding an effect that is not
Using With and By there
4. power = 1 - P(Type |l error) = probability of finding an effect that is there
Given any three, we can determine the fourth.

Kingston

University
London



http://www.kingston.ac.uk/
https://www.statmethods.net/stats/power.html

Statistical Power
PWF 12

Functions in pwr

Name % Description %

Power calculation for two proportions (same sample sizes)

w

Power calculations for ba

power calculations for chi-squared tests

Power calculations for t-tests of means (one sample, two samples and paired samples)

Power calculations for two samples (different sizes) t-tests of means

ES.h Effect size calculation for proportions
ESw1 Effect size calculation in the chi-squared test for goodness of fit

Power calculations for the general linear mode

Power calculations for the mean of a normal distribution (known va

Plot diag

ES.w2 Effect size calculation in the chi-squared test for association

Conventional effects size
Power calculation for two proportions (different sample sizes)

Power calculations for proportion tests (on

sample)

Power calculations for correlation test

PWY 1.2
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Statistical Power

The following four quantities have an intimate relationship:

1. sample size

2. effect size

3. significance level = P(Type | error) = prabability of finding an effect that is not
there

4. power = 1 - P(Type Il error) = probability of finding an effect that is there

Given any three, we can determine the fourth.

Power analysis using "pwr":

library (pwr)
pwr.t2n.test(sig.level = 0.05, nl = 32, n2 = 23, power = 0.8,
alternative = "two.sided") # 1,2,3 are provided

# To obtain the effect size (d) or # 4 above

# Result:
t test power calculation
nl = 32
n2 = 23
d = 0.7800906 # d is Cohen's d value;

a generic effect size measure
sig.level = 0.05
power = 0.8

alternative = two.sided
Kingston

University
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Statistical Power

Now, run |[Script: pwr.R
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Statistical Power in Survival Analysis

Sample Size for Survival Analysis

Menu location: Analysis_Sample Size_Survival Times.

The method used here is suitable for calculating sample sizes for studies that will be analysed by the log-rank test.

Information required

« POWER: probability of detecting a real effect.

« ALPHA: probability of detecting a false effect {two sided: double this if you need one sided).
« A accrual time during which subjects are recruited to the study.

« F: additional follow-up time after the end of recruitment.

« *input either (C and r) or (C and E), where r=E/C.

« C: median survival time for control group.

» E: median survival time for experimental group.

» 1 hazard ratio or ratio of median survival times.

+ M: number of controls per experimental subject.

Practical issuss

+ Usual values for POWER are 80%, 85% and 90%; try several in order to explore/scope.

* 5% is the usual choice for ALPHA.

+ Cis usually estimated from previous studies.

» [f possible, choose a range of hazard ratios that you want have the statistical power to detect.

Technical validation
The estimated sample size per group n is calculated as:

1+1/m
n=(Za2 +zﬁ}2 ({ —L{i)z)/p)
p=1—p, exp(—1In(2)F/m)
exp(—1n(2)A4/m)
In(2)A/m
m=(C4 F)/2

-where a = alpha, p = 1 - power and z;, is the standard normal deviate for probability p. n is rounded up to the closest integer. (1+1/m}/p is equivalent to 2/p in the first equation if the experimental and control group sizes are unequal.

Pa =1
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Statistical Power in Survival Analysis

B bl

R R Console | - ” = ” b |

» if ('require("gsDesign™)) install.packages("gsDesign™)
Loading required package: gsDesign
Loading regquired package: ggplot2

= niurvival (lambdal=1/12, lambdaz2=1/24, Ts=24, Tr=12, eta = 0, ratio = 1,
+ alpha = 0.025, beta = 0.10, =ided = 1, approx = FALSE,
+ type = "rr", entry = "unif", gamma = HA)

Fixed design, two-arm trial with time-to-event
outcome (Lachin and Foulkes, 1936).

Study duration (fixed): Ts=24
Bocrual duration (fixed): Tr=12
Uniform accrual: entry="unif"
Control median: log(2) flambdal=g.3

Experimental median: logi2)/ lambdaZ=l6.6
Censoring only at study end (eta=0)

Control failure rate: lambdal=0.083
Experimental failure rate: lambdaz=0.042
Censoring rate: eta=0

Power: 100*% (1-beta)=5%0%

Type I error (l-sided): 100*alpha=2.5%

Equal randomization: ratic=1

Sample size based on hazard ratic=0.5 (Cype="rr")
Sample size (computed): n=136

Events required [(computed): nEvents=87

"

Kingston Script: Time-to-event Sample Size Calculation.R
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Statistical Power in Survival Analysis

nSurvival: 3.4: Time-to-event sample size calculation (Lachin-
Foulkes)

In gsDesign: Group Sequential Design

Description Usage Arguments Details Value Author(s) References See Also Examples

Description

nSurvival() isused tocalculate the sample size for a clinical trial with a time-to-event endpoint. The Lachin and Foulkes (1936)
method is used. nEvents uses the Schoenfeld (1981) approximation to provide sample size and power in terms of the underlving
hazard ratio and the number of events observed in a survival analysis. The functions hrz2n(), hrn2z() and zn2Zhr() alsousethe
Schoenfeld approximation to provide simple translations between hazard ratios, z-values and the number of events in an analvsis:
input variables can be given as vectors.

Usage

nsurvival(lambdal=1/12, lambda2=1/24, Ts=24, Tr=12, eta = @, ratioc = 1,
alpha = 8.825, beta = .18, sided = 1, approx = FALSE,
type = <("rr", "rd"), entry = c("unif™, "expo™), gamma = NA)
## 53 method for class ‘nSurvival’
print(x,...)
nEvents(hr = .6, alpha = .825, beta = .1, ratioc = 1, sided = 1,
hré = 1, n = @, thl = FALSE)
hrn2z({hr, n, ratio=1, hre=1, hrl=.7)
hrz2zn(hr, z, ratioc=1, hré=1)
zn2hr(z, n, ratio=1, hré=1, hrl=.7)

WO s o o pa e

[
=
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R R Commander E‘M

File Edit Data [Statistics | Graphs Models Distributions Tools Help

S i L4
n Data set: [ ummaries Edit data se't] [@ View data sat] Model: | £ <No active mud&bl
Contingency tables » &
R Script [R Markdd ~ Means ’
Proportions L3

Variances L4
Monparametric tests *

For those of you who do not Dot
like to type a few lines of
code..... 3
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|+

... there is always
R Commander!
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[1] HOTE: R Commander Wersion 2.5-2: Wed Apr 17 23:00:44 2019

1 v

R Commander for Survival Analysis

l I A Guide to Data Analysis in
R Commander

FoF R Commander an introduction

o s N 3 ‘R hups://cran.r-project.org/doc/contrib/Karp-Rcommander-intro2 pdf
The RcmdrPlugm.SIIrVIWI PaCkage' EXtendlng the R Commander an introduction Natasha A. Karp nk3@sangerac.uk Jan 2014 Preface This v N F MA
1 1 material is intended as an intreductery guide to data analysis with R Commander. bk was iann guyen-reng, .
R Commander Interface to Suerval AnalySlS written as part of an applied statistics course, given at the Wellcome Trust Sanger Institute, Mark A~ M Ph.D.
Hinxton, UK. o
John Fox Marilia Sa Carvalho
McMaster University Escola Nacional de Satide Piiblica A Comparative Review of the R Commander GUIl for R
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https://cran.r-project.org/doc/contrib/Karp-Rcommander-intro2.pdf
http://stellmack.psych.umn.edu/sites/g/files/pua2461/f/media/_the_rcmdr_guide_.pdf
https://r4stats.com/articles/software-reviews/r-commander/
http://gchang.people.ysu.edu/r/R_SurvivalAnalysis.pdf
file:///C:/Users/dorak/Downloads/v49i07.pdf

R Commander for Survival Analysis

R Commander for Survival Analysis
Install Survival Package

To do survival analysis using R Commander, first you have to install RemdrPlugin.survival package. The
process is similar to installing R Commander. To do this, just like installing R Commander, in R Console
click Packages select Install package(s)..., you will be asked to choose CRAN mirror site. | would choose
a site that is close to my current location. And then, select RemdrPlugin.survival. The package will be
installed. To run it, you can first run R Commander and then load the RemdrPlugin.survival package.

Use Software R to do Survival Analysis and
Simulation. A tutorial

Mal Zuou

The RemdrPlugin.survival Package: Extending the
R Commander Interface to Survival Analysis

Kingst:
U::::rgi':y John Fox Marilia 84 Carvalho

London MeMaster University Fscola Nacional de Sande Priblica
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http://gchang.people.ysu.edu/r/R_SurvivalAnalysis.pdf
https://www.jstatsoft.org/article/view/v049i07/v49i07.pdf

R Studio

Want to make life easier?
Try R Studio, the most popular integrated development environment (IDE).

RStudio IDE : : CHEAT SHEET I
e i = @

RStudio makes R easier to use. It

includes a code editor, = [ _“
debugging & visualization tools. - =l
&.Download @ Learn More Rstudio Cheet Sheet

Kingston

University
London



http://www.kingston.ac.uk/
https://www.rstudio.com/
https://www.rstudio.com/wp-content/uploads/2018/08/rstudio-ide.png
https://www.rstudio.com/wp-content/uploads/2018/08/rstudio-ide.png
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