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* Last time, we soared over a general » Today, we’ll dig our roots in deeper into the
overview of survival analysis and details.

playedlaround with some basic code . \ye will also look at more detailed examples
eXamples. in R and SAS.
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Data Formatting X2 e
(Basic information needed ) TSN OIS TR K TS
6

e Time Blue Anklo 1 2 1 H 120
 Status (Event or ‘Censoring’) Red Anklo 2 26 1 H 150
* Group Green Anklo 3 31 1 H 200
* Covariates Green Tricer 4 18 1 H 180
Getting data in the right format Black Iguan 5 38 1 H 88
* Change dates to time Grey Hadr 6 13 1 H 73
* Clarify status (0/1 vs 1/2, etc.)/ Green Sauro v 30 1 H 334
Calculating values for life tables Orange Pter 8 26 1 C 12
* N -># of subjects at risk Orange Carno 9 50 1 C 56
e 1-D/N -> proportion survived at Blue Red Carno 10 27 1 C 93
interval -
e S(t) -> survival function Grey_Carno = 16 1 2 85

— S(ti-l)*(l' Di—l/Ni—l) Light_Blue_Carno 12 41
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Data Formatting F

Basic information needed
* Time
 Status (Event or ‘Censoring’)
* Group
* Covariates

Getting data in the right format
* Change dates to time
* Clarify status (0/1 vs 1/2, etc.)

[Calculating values for life tables )
N -># of subjects at risk

* 1-D/N -> proportion survived at
interval

e S(t) -> survival function

=5(t1)*(1- D;.4/N; ;) )

_time | Deas | N | io/n | sy
0 12 1

13
16
18
26
27
30
31
38
41
50

R R R R R R W R R R

12
11
10

R N W Bk 00O OO

0.916667
0.909091
0.9
0.666667
0.833333
0.8
0.75
0.666667
0.5
0

0.916667
0.833333
0.75
0.5
0.416667
0.333333
0.25
0.166667
0.083333

0
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What is censoring? c.
* Full information on exact event time not present [1]
* AKA, event is not recorded during the time period x
* Unrealistic to have enough time to capture all events '
e Typically right censored .
e After 1st patient censored, survival becomes estimate [2] ;
* Informativeness of censoring needs to be considered [3,4]

Reasons for censoring [3] I oN sTUDY
* Loss to follow-up . .
e Withdrawal from study
* No event by end of study period

Types of Censoring [1]

* Fixed type | censoring
 Random type | censoring
* Type Il censoring P
* Censoring can also be generalized [5] e

START OF STUDY ENDOF STUDY

CALEMDAER TIME
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(Generating survival and hazard estimates

When discrete, equations are iterative and used to
produce non-parametric curves

Each can be derived from the others

~\

J

In the absence of censoring, survival data could be
analyzed with an empirical cumulative distribution
function

Otherwise, Kaplan-Meir estimator is common ->
non-parametric and ‘choppy’

Can also use maximum likelihood (ML) to estimate
via a distribution -> parametric and ‘smooth’

Comparing survival estimates

AKA, telling the difference between curves
Standard is Log Rank Test [6]

Others include Alternative Log Rank, Wilcoxon,
and Taron-Ware Test

IND,

uuuuuuuuuuuu

Function Considerations LL NORIHBRIETY

Discrete function

Survival S(t) = S(t;.,)*(1- D;.4/N; ;)

Hazard D=1: h(t) = D/N,
D>1:h(t)=1/(D,- N +1)

Cumulative Hazard H(t;) = -In(1-D,/N.)

_ 0log(5(t))
ot

H(t) = —log(5(t))
S(t) = exp(—H(t))

h(t) =
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Function Considerations AL romAeT

Generating survival and hazard estimates E— S(t) = S(t..)*(1- D_./N. .
i i-1 i-1/ 7 Vi1

* When discrete, equations are iterative and used to
produce non-parametric curves

 Each can be derived from the others Hazard D;=1: h(t;) = D/N;

/~* Inthe absence of censoring, survival data could be™\ D>1:h(t;) =1/(D;-N; +1)
?nalyzed with an empirical cumulative distribution | Cumulative Hazard H(t) = -In(1-D,/N.)
unction

* Otherwise, Kaplan-Meir estimator is common ->
non-parametric and ‘choppy’

* Can also use maximum likelihood (ML) to estimate
\_ via a distribution -> parametric and ‘smooth’ |

Comparing survival estimates
* AKA, telling the difference between curves

e Standard is Log Rank Test [6]

e Others include Alternative Log Rank, Wilcoxon,
and Taron-Ware Test

0]
o4 05 06 07 08 09 10
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Generating survival and hazard estimates §
* When discrete, equations are iterative and used to
produce non-parametric curves :
* Each can be derived from the others
* In the absence of censoring, survival data could be ’
analyzed with an empirical cumulative distribution
function .
* Otherwise, Kaplan-Meir estimator is common -> e |} : : : :
non-parametric and ‘choppy’ : o oo o °
* Can also use maximum likelihood (ML) to estimate
via a distribution -> parametric and ‘smooth’
- - - Test of Equality over Strata
Comparing survival estimates ) Chi- Pr>
. . Test Square DF Chi-Square
* AKA, telllr)g the difference between curves T EYoT) 60
* Standard is Log Rank Test [6] Wilcoxon 05226 1 0.4697
e Others include Alternative Log Rank, Wilcoxon, Tarone 07964 1 0.3722
and Taron-Ware Test ) Peto 0.5061| 1 0.4768
Modified Peto 0.4459 1 0.5043
Fleming(1) 0.5226 1 0.4697
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/(aplan-Meier \
o Strata All

Non-parametric estimation of the ‘true’ survival function [7]
* Deals with differing survival times where censoring is present [2]

* Probability of surviving in a given length of time while
considering time as intervals [8]

* Different types of curves include overall survival, disease-free
survival, progression-free survival, disease-specific survival [2]

e Tick marks are censored data
* Test difference between 2 curves? -> Log-Rank Test
\ * More than 2 curves or covariates? ->Cox regression [9] /

Nelson-Aalen
0.00+1

* Non-parametric estimation of the ‘true’ cumulative hazard - o e = P
function [10] Days

* Used to estimate the cumulative humber of expected events
within a certain period of time [7]

Parametric Curves

* Will cover in part Il
» Suffice to say they attempt to fit the survival curve smoothly

—

o

o
1

o
~
o

o
)
o

Overall survival probability
g
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Curve Considerations=sm

Kaplan-Meier
* Non-parametric estimation of the ‘true’ survival function [7]
* Deals with differing survival times where censoring is present [2]

* Probability of surviving in a given length of time while
considering time as intervals [8]

* Different types of curves include overall survival, disease-free
survival, progression-free survival, disease-specific survival [2]

* Tick marks are censored data
* Test difference between 2 curves? -> Log-Rank Test
* More than 2 curves or covariates? ->Cox regression [9]

(Nelson-Aalen A
* Non-parametric estimation of the ‘true’ cumulative hazard
function [10]
* Used to estimate the cumulative humber of expected events
\_ within a certain period of time [7] y

Parametric Curves
* Will cover in part Il
» Suffice to say they attempt to fit the survival curve smoothly

[11]

0.25

o
-
o

Cumulative Probability of Death
=]
=]

o
g

o
¢

o
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1

Neuroticism

T I I I
5 10 15 20
Years Since 1992-94 Interview

Openness

1 I I I
5 10 15 20
Years Since 1992-94 Interview
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Kaplan-Meier
* Non-parametric estimation of the ‘true’ survival function [7]
* Deals with differing survival times where censoring is present [2]

* Probability of surviving in a given length of time while
considering time as intervals [8]

* Different types of curves include overall survival, disease-free
survival, progression-free survival, disease-specific survival [2]

* Tick marks are censored data
* Test difference between 2 curves? -> Log-Rank Test
* More than 2 curves or covariates? ->Cox regression [9]

Nelson-Aalen

* Non-parametric estimation of the ‘true’ cumulative hazard
function [10]

* Used to estimate the cumulative humber of expected events
within a certain period of time [7]

Parametric Curves
* Will cover in part Il
» Suffice to say they attempt to fit the survival curve smoothly

Predicted Survival for Exponential model vs Kaplan —Meier

Predicted Survival for Weibull model vs Kaplan—Meier

Curve Considerations=sm
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https://und.qualtrics.com/jfe/form/SV 6PznuRrv40I2IFk
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Step-by-step Example 1.1§ -
Survival Analysis in R: NCCTG Lung Cancer

inst time status age sex ph.ecog ph.karno pat.karno meal.cal wt.loss
#Packages 1 3 306 2 74 1 1 90 100 1175 NA
. 2 3 455 2 68 1 0 90 90 1225 15
library(ggplot2) 3 3 1010 1 56 1 0 90 90 NA 15
4 5 210 2 57 1 1 a0 60 1150 11
library(survival) 5 1 883 2 60 1 0 100 90 NA 0
6 12 1022 1 74 1 1 50 80 513 0
library(survminer)
library(broom) -
library(knitr) z °]
head(lung) A
E
? I -
#Basic Plot g
fitl <-survfit(Surv(time, status)~1, ° o
data=lung)
plot(fitl, xlab="Days", ylab="0verall survival probability") =
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. Strata All
#Nicer Plot
1.00 1
fit2 <- ggsurvplot(
fit = survfit(Surv(time, status)~ 1, data=lung), 200 ]
xlab="Days", g
ylab="0verall survival probability", S co ]
c
palette ="orange" Z
) 30_25-
fit2
) . ) OOO_
#Median survival time : - s - Py
fitl Days
call: survfit(formula = surv(time, status) ~ 1, data = lung)
#Survival time based on years n events median 0.95LCL 0.95UCL
summary(fitl, times=182.625) #six months 228 16> 210 25> 202
summary(fitl, times=365.25) #one year Six months One year Two years
summary(fitl, times=730.50) #two years
v J#twoyy 0.708 0.409 0.116
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Survival Analysis in R: Rat treatment

head(rats)
4 #Basic Plot h =
fit3 <-survfit(Surv(time, status), o |
data=rats) -
plot(fit3, xlab="Days", ylab="Tumor-free progression") < |
.

04

#Males and Female Plot

surv_objl <- Surv(time=ratsStime, event=ratsSstatus)
fitd <-survfit(surv_objl ~ sex, data=rats)
ggsurvplot(fit4, data=rats, pval=TRUE)

Tumor-free progression

02

0.0
|

litter rx time status sex 0 20 40 60 80 100
1 1 1 101 0o f Days
2 1 0 49 1 Tt
3 1 0 104 0 f
4 2 1 a1 0 m
5 2 0 104 0 m
(5] 2 0 102 0 m
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Survival Analysis in R: Rat treatment

head(ratS) Strata sex=f =+ sex=m
#Basic Plot R S T
fit3 <-survfit(Surv(time, status),
data=rats) 0.75-
plot(fit3, xlab="Days", ylab="Tumor-free progression")

\
#Males and Female Plot
surv_objl <- Surv(time=ratsStime, event=ratsSstatus)
fitd <-survfit(surv_objl ~ sex, data=rats) 022

Survival probability
>
[a=]

p < 0.0001
ggsurvplot(fit4, data=rats, pval=TRUE) Y
litter rx time status sex 000 .
1 1 1 101 o f ’ 2 e &
2 1 0 49 1 f
3 1 0 104 o f
4 2 1 91 0 m
5 2 0 104 0 m
6 2 0 102 0 m




DaCCoTk LND
DAKOTA CANCER COLLABORATIVE )

ON TRANSLATIONAL ACTIVITY S t b t E | 1 2 O«0O NORTH DAKOT
ep-by-step Example 1.2{ -

#Treatment and Control Plot -> females only e
f.rats <-rats[ratsSsex=="f",]
surv_obj2 <- Surv(time=f.ratsStime, event=f.ratsSstatus) g 7
fit5 <-survfit(surv_obj2 ~ rx, data=f.rats) 2
ggsurvplot(fit5, data=f.rats, pval=TRUE, conf.int=TRUE, 5050

xlab="Days", g
ylab="Tumor-free progression",) ) I

#Rank test 0001 | | | |
survdiff(surv_obj2~rx, data=f.rats) ’ * Days N 10

call:

#Hazards ratio survdiff(formula = surv_obj2 ~ rx, data = f.rats)
fité <- coxph(surv_obj2~ rx, data=f.rats) N Observed Expected (0-E)A2/E (0-E)A2/V
broom::tidy(fit6, exp=TRUE) %>% kable() o 2w e oo

Chisq= 8.6 on 1 degrees of freedom, p= 0.003
term | estimate| std.error| statistic p.value|
T siariarhl o, 3175104 | 2. 840456] 000437931
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Survival Analysis in SAS: NCCTG Lung Cancer Remix

*Load Data;

DATA lung; Obs time status
input time status; 1 306 2
cards; 2 455 2
3062 3 1010 1
455 2
1010 1 4 210 2
2102 5 883 2
8832 6 1022 1
10221 7 310 2
3102
361 2 8 361 2
218 2 9 218 2
166 2 10 166 2

PROC PRINT data=lung(obs=10);
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tep-pvy-ste Xxamplile Z. !
P-DY P P md
*Survival Plot and median survival time; *Survival time based on years;
PROC LIFETEST data=lung plots=survival(atrisk cb ); PROC LIFETEST data=lung timelist=182.625 365.25 730.50;
time time*status(1); time time*status(1);
Product-Limit Survival Estimate Product-Limit Survival Estimates
With Number of Subjects at Risk
1.0 Survival Number Number
Timelist time Survival Failure Standard Error Failed Left
08 182.625 182.00 0.7081 0.2919 0.0303 66 156
365.250  364.00 0.4092 0.5908 0.0358 121 65
% 06 730.500 728.00 0.1157 0.8843 0.0283 159 13
g 0.4
02 Quartile Estimates
Point 95% Confidence Interval
00 Percent Estimate Transform [Lower Upper)
At Risk 228 144 57 24 8 2
. 200 00 c0o 00 1000 75 550.00 LOGLOG 457.00 643.00
time 50 310.00 LOGLOG 284.00 361.00
+ Censored O 95% Hall-Wellner Band 25 17000 LOGLOG 14400 19400
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P-DY-5LEP P -
*Hazard Function; *Culmulative Hazard Function;
PROC LIFETEST data=lung plots=hazard; PROC LIFETEST data=lung nelson method=pl;
time time*status(1); time time*status(1);

ods output ProductLimitEstimates=lung_ple;
PROC PRINT data=lung_ple(obs=25);
PROC SGPLOT data=lung_ple;

series x=time y=CumHaz;

Epanechnikov Kernel-Smoothed Hazard Function 30
0.006

25
0.005

20

0.004

0.003

Estimated Hazard Rate
Melson-Aalen Estimate
&

0.002
0.5

0.001
0 200 400 600 200 0.0
time 0 200 400 600 800 1000

Bandwidth=200.4367 time
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!
He<©
Survival Analysis in SAS: Bone Marrow Transplant

* L]
Get data’ Obs Group T Status Table of Group by Status
DATA BMT; 1 ALL 2081 0 Status(Event Indictor: 1=Event 0=Censored)
set sashelp.BMT; 2 ALL 1602 5 Group(Disease Group) 0 1 Total
PROC PRINT data=BMT(obs=15); i o o] |55 1022 1752 21,74
’ 4 ALL 1462 0 36.84 63.16
5T ALL 1433 0 25.93 28.92
PROC FREQ data=BMT; AML-High Risk 11 34 45
6 ALL 1377 0
* . 8.03 24.82 32.85
tables Group*Status; — 1330 5 ot 2 s
8 ALL 996 0 20.37 40.96
9 ALL 226 0 AML-Low Risk 29 25 54
21.17 18.25 39.42
G AL 1199 0 53.70 46.30
11 ALL 1111 0 53.70 30.12
12 ALL 530 0 Total 54 83
13 ALL 1182 0 39.42 60.58
14 ALL 1167 0
15 ALL 418 1
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H-®
*Overall Survival Plot;
! . R Product-Limit Survival Estimate
PROC LIFETEST data=BMT plots=survival(atrisk cb); With Number of Subjects at Risk
time T*Status(0); "
08
*Survival Function (low and high risk) and rank test;
PROC LIFETEST data=BMT plots=survival(atrisk cb); 3 o
where Group not in ('ALL'); <
time T*Status(0); S
strata Group / test=logrank;
02
Test of Equality over Strata At R?i . . i . ” .
PI" > 0 500 1000 1500 2000 2500
Test Chi-Square DF | Chi-Square Disease-Free Survival Time
134456 1 00002 + Censored O 95% Hall-Wellner Band
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He<®
*Overall Survival Plot;
’ . . Product-Limit Survival Estimates
PROC LIFETEST data=BMT plOtS:SurVIVal(atrlsk Cb); With Number of Subjects at Risk and 85% Hall-Weliner Bands
1 10 + Censore
time T*Status(0); Censored
08
4 *Survival Function (low and high risk) and rank test;\ .
PROC LIFETEST data=BMT plots=survival(atrisk cb); é 05 ;
where Group not in (‘'ALL'); s I
time T*Status(0); g ™
_ strata Group / test=logrank; ) 02 i
00
Test of Equality over Strata )| = S e . : '
Pr > 0 300 1000 1300 2000 2500
Test Chi-Square DF = Chi-Square Disease-Free Survival Time
13.4456 1 0.0002 Disease Group 1: AML-High Risk 2: AML-Low Risk
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Epanechnikov Kernel-Smoothed Hazard Functions

*Hazard Function;
PROC LIFETEST data=BMT plots=hazard; |
where Group not in ('ALL'); el | ||
time T*Status(0);
strata Group;

Estimated Hazard Rat:

*Culmulative Hazard Function;
PROC LIFETEST data=BMT nelson method=pl; """"“"-----—i---___,_______7_______7_ |

where Group not in ('ALL'); .
Disease-Free Survival Time /
tl me T* StatUS(O); Group AML-High Risk AML-Low Risk 1.25 //

strata Group;
ods output ProductLimitEstimates=BMT _ple; |
PROC PRINT data=BMT _ple;

PROC SGPLOT data=BMT_ple; e P
series x=T y=CumHaz/ group=Group; ' / —

075 /‘

MNelson-Aalen Estimate

0 500 1000 1500 2000 2500

T
AML-Low Risk

AML-High Risk

Disease Group




DaCCoTk LND
DAKOTA CANCER COLLABORATIVE )

ON TRANSLATIONAL ACTIVITY ‘ ‘ lu\]N erﬁ_lns:kv _(l)_r.
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{
He<©®

*Adding a third group;

PROC LIFETEST data=BMT plots=survival(atrisk cb); Adjustment for Multiple Comparisons for the Logrank Test
time T*Status(O); Strata Comparison p-Values
strata Group / test=logrank adjust=sidak; Group Group Chl-Square| Raw| Sidak

ALL AML-High Risk 2.6610 0.1028 0.2779
" ALL AML-Low Risk 5.1400 0.0234 0.0685
Plot curves separately; AML-High | AML-Low Risk 13.8011  0.0002 0.0006

PROC LIFETEST data=BMT plots=survival(cl cb=hw Risk

strata=panel);
time T*StatUS(O); Wit :roc:gcgfwi:gukwizzlsis;imﬁls Band Product-Limit Survival Curves
strata Group; 10 + Censored 10

z y

g 08 r%:o.z ...................

n_gT Euu G = AML-High Risk G = AML-Low Risk
Di Group 1:ALL 2: AML-High Risk 3. AML-Low Risk + Censored ------ 95% Confidence Limits [ 95% Hal-Wellner Band




DaCCoTk LND
DAKOTA CANCER COLLABORATIVE . .

ON TRANSLATIONAL ACTIVITY gl NORTH DAKOTA.

Assessment 2 |z

qualtrics®

NORTHDAKOTA LD

https://und.qualtrics.com/jfe/form/SV 6KXKzqGgDIh2BPS8



https://und.qualtrics.com/jfe/form/SV_6KXKzqGqDlh2BP8

DaCCoTE. U\]}D
DAKOTA CANCER COLLABORATIVE ;

ON TRANSLATIONALACTIVITY O e s UMV ERSITY OF

Caveats and ConcernsA NORTHEAKGTA

* Too much or too few censoring
* No censoring, standard regression could possibly be used [1]
* Too many censors questions the validity of the study design [2]

* Truncation is also a thing [12]
* Checking curves and survival function to match

* Make sure assumptions are valid [13]
 Random sampling®

* Independent survival times

* Measuring survival doesn’t impact survival
* Time to event is known with accuracy

* Censoring mechanism is random
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Orr BA, Haffner MC, Nelson WG, Yegnasubramanian S, Eberhart CG (2012) Decreased 5-Hydroxymethylcytosine Is Associated with
Neural Progenitor Phenotype in Normal Brain and Shorter Survival in Malignant Glioma. PLOS ONE 7(7): e41036. [14]
https://doi.org/10.1371/journal.pone.0041036

Epigenetic modification of DNA by cytosine methylation to produce 5-methylcytosine (5mC) has become well-recognized as an important epigenetic process
in human health and disease

...we identified a significant relationship between low levels of 5hmC and reduced survival in malignant glioma

A, 1;3 Alll B 1;3 adult GBM

— m' = 'B'ﬂ
S s > 80
E T0= . ShimC ; T0
3 604 high 7 60 _
£ 50 : p=0.04 £ 50 i p=0.02
3 40= | 3 40 i
e | ——— b 3ﬂ
g 30- Shm( ! o
B 204 |QT-,.- : & 20

104 1 10

0 T T T T T T T T T 1 c'

0 90 20 30 40 S50 60 7O B0 90 100 0 25 S0 75 100 125
months months
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Mjgrud M, Selbzek G, Bjertness E, Edwin TH, Engedal K, et al. (2020) Time from dementia diagnosis to nursing-home admission and
death among persons with dementia: A multistate survival analysis. PLOS ONE 15(12): e0243513. [15]
https://doi.org/10.1371/journal.pone.0243513

To estimate transition times from dementia diagnosis to nursing-home (NH)
admission or death and to examine whether sex, education, marital status, level
of cognitive impairment and dementia aetiology are associated with transition
times.

Markov multistate survival analysis and flexible parametric models

The probability of NH admission was greater for women than men due to
women'’s lower mortality rate.

Age, dementia aetiology and severity of cognitive impairment at time of
diagnosis did not influence the probability of NH admission.

Time in nursing home (years)

Fig 3. Survival in nursing home by sex. N = 992, estimated in flexible parametric models.
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Summary and Conc\usion%ﬁé>

 Survival analysis provides estimates of survival for a group and
can also determine if two groups are significantly different

e Censoring needs to be kept in mind

* The selection of functions, curves, and tests depends on the
analysis

* Tune in next time for deeper details into survival analysis in
Survival Analysis Module Ill: Deep Dive

IND,
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NORTH DAKOTA.
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