
Georgian Implementation Science Fogarty Training 

(GIFT) Program

Ilia State University & Yale University

Accelerating Impact: 

Immersive Summer Bootcamp in 

Implementation

Science and Biostatistics



Survival Analysis







Survival Analysis

• Collection of methods that are used to describe how or 

why certain events occur

– Also called event history analysis, failure-time analysis, 

reliability analysis, duration analysis, transition analysis, hazard 

analysis

• Event – a qualitative change that can be localized in time 

(e.g. death, AIDS, marriage, promotion)

• Event history – a longitudinal record of when events 

occurred for set of individuals



Objectives of Survival Analysis

• Estimate survival time/time to event

– Example – time to death due to lung cancer diagnosis

• Compare time to event between 2 or more groups

– Example – time to death between patients receiving 

chemotherapy and surgery vs no treatment

• Examine the relation between independent variables and 

survival time

– Example – do type of treatment, smoking, coffee drinking, 

gender influence survival in cancer patients



Lung Cancer and Mortality

Death No Death

No Trt 50 0
50

Chemo + 

Surgery
50 0

50

100 0 100



Survival Analysis

• Evaluate time to event while taking into 

account censored observations

Begin 

Recruit

End 

Recruit

End

Study

time



Calendar Time vs Study Time



Survival Analysis

• Combination of two outcome variables

– Event/no event – i

– Time followed – ti 

• How do we define the outcome?

– What is the event?

– When do we start the clock?

• Time of first diagnosis

• Time of start of treatment

• Time of end of primary episode

• Time of entry into a cohort



Motivation for Survival Analysis



Survival Analysis

• Failure rate (hazard) –when rate is constant

• CI for failure rate
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Survival Analysis

• Example – time to death for cancer patients
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Survival Curves

• Estimation of the probability of surviving 

past a given time.



Survival Curves
Actuarial Method

• Breakdown time into equal intervals and 

quantify

– li - # under follow-up at beginning of interval

– di - # of outcomes during the interval

– wi - # censored during the interval



Survival Curves
Actuarial Method

 Interval di wi li li
1
 

x1 (0, 6]     

x2 (6, 12]     

x3 (12, 18]     

x4 (18, 24]     

x5 (24, 30]     

x6 (30, 36]     

 

1 1 6 5.5

1 1 4 3.5

1 0 2 2

0 0 1 1

0 0 1 1

0 1 1 0.5

pi Pi 

  

  

  

  

  

  

 

82.05.511 =−
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50.0211 =−

00.1101 =−

00.1101 =−
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• The conditional probability of surviving an interval given 

that alive at beginning of interval

6*   6   10   11*  13   35* 



Survival Curves
Actuarial Method

• Use the conditional probabilities to calculate the cumulative survival 

(i.e. the probability of surviving to a particular time)
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x5 (24, 30]     

x6 (30, 36]     

 

1 1 6 5.5

1 1 4 3.5

1 0 2 2

0 0 1 1

0 0 1 1

0 1 1 0.5
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Survival Curves
Actuarial Method

• Assumptions

– Withdrawals occur randomly during interval

– The probability of surviving one interval is independent 
of probability of surviving other intervals 

– Survival probabilities are the same for those entering the 
study early as those entering late – average survival is not 
changing during the course of the study 

• Example – if estimating survival from cancer in a lengthy 
observational study, the casemix of cancer can change due to 
earlier detection where less aggressive tumors are included

– Censoring is not informative (unrelated to event) 

• any subject that is censored has the same survival prospects as 
those that continue to be followed

– Observations are independent



Informative Censoring in Presence 

of Covariates

• If you have covariate information, censoring 
should be independent at each level of the 
covariate (i.e. among those with a given value of 
the covariate, censored subjects must have similar 
prospects for survival as uncensored)

– May be dependent on different levels of the covariate

– For example, earlier in a trial older subjects (with 
increased risk of event) may not be enrolled but 
conditional on age censoring is uninformative – need to 
adjust for age in the analysis



Survival Curves
Kaplan-Meier (Product Limit) Method

• Estimate survival each time an event occurs
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Plot of Survival Curve
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K-M Survival Curve

• Properties
– If last observation is an event, K-M estimate of survival 

is 0

– If last observation is censored, K-M estimate of 
survival is undefined after that time

• Assumptions
– A censored value is not informative (unrelated to event)

– The probability of surviving one interval is independent 
of probability of surviving other intervals

– Survival probabilities are the same for those entering 
the study early as those entering late

– Observations are independent

 



Comparing Survival Curves

• Log-rank (Mantel-Haenszel 

Test)

– H0: Survival curves are the same

– Ha: Survival curves differ

• At each event time, calculate
Trt 2

Trt 1
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Comparing Survival Curves
Example

• Patients with hypernephroma 

– Nephrectomy        77*    18   68   35   8    (days)

– No Nephrectomy    8      17*   6   12   21

• Make a contingency table for each event time

 Death No Death  

Nephr 0 5 5 

No Nephr 1 4 5 

 1 9 10 
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Comparing Survival Curves
Example

Time 8

 Death No Death  

Nephr 1 4 5 

No Nephr 1 3 4 

 2 7 9 
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Nephr          8   18   35   68   77*

No Nephr    6     8   12   17*  21

Time 12

 Death No Death  

Nephr 0 4 4 

No Nephr 1 2 3 

 1 6 7 
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Comparing Survival Curves
Example

Time 18

 Death No Death  

Nephr 1 3 4 

No Nephr 0 1 1 

 1 4 5 
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Nephr          8   18   35   68   77*

No Nephr    6     8   12   17*  21

Time 21

 Death No Death  

Nephr 0 3 3 

No Nephr 1 0 1 

 1 3 4 
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Comparing Survival Curves
Example

Time 35

 Death No Death  

Nephr 1 2 3 

No Nephr 0 0 0 

 1 2 3 

 

0E

1
3

3(1)
   E

NN

N

=

==

Nephr          8   18   35   68   77*

No Nephr    6     8   12   17*  21

Time 68

 Death No Death  

Nephr 1 1 2 

No Nephr 0 0 0 

 1 1 2 
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Comparing Survival Curves
Example

 

Time 

Nephr 

      ai            E(ai) 

No Nephr 

  ci           E(ci) 

6 0 0.5 1 0.5 

8 1 1.11 1 0.89 

12 0 0.57 1 0.43 

18 1 0.80 0 0.20 

21 0 0.75 1 0.25 

35 1 1.00 0 0.00 

68 1 1.00 0 0.00 

 

Nephr 

Var(ai) 

0.25 

0.43 

0.24 

0.16 

0.19 

0 

0 
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Comparing Survival Curves
Example

• Strength of Association 

– Subjects in the nephrectomy group have a 52% less 
chance of dying at the next time point compared to non-
nephrectomy group

– Another interpretation: calculate 
HR/(1+HR)=0.48/1.48=0.32

• For a randomly selected neph patient and a randomly selected 
non-neph patient, the probability of the neph patient dying first 
is 0.32

48.0
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Comparing Survival Curves
Example

• Approximation

• Mantel-Haenszel Log Rank

• Compare to 2
, p-1 d.f.   (

2
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Comparing Survival Curves
Log Rank

• Properties

– Optimal if failure rate for one group is constant 

multiple of failure rate for another group

– Can also compare >2 groups

– Can also adjust for a confounder (stratified log rank)



AN R EXAMPLE OF 

SURVIVAL ANALYSIS



Cox Regression

• Model the hazard rate (conditional rate)

– P(event at t | no event to time t)

• Instantaneous risk –event rate at t for those at risk

• Example.  Event is seizure, event time is time since 

withdrawal of seizure meds measured in months

– A hazard of 0.02 at t=24 mos means that at 2-years, patients 

are having seizures at a rate of 2% per month; or at 2-years the 

chance of having a seizure in 1 month is 2%



Cox Regression

• Hazard for an individual at time t is the product of:
• Baseline hazard function

• Linear function of the independent predictors
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Hazard rate at time t for individual with covariates=0



Cox Regression

• Interpretation

– 0/1 indicator for gender

• x1=0=M / x1=1=F
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Cox Regression

• Assumption - Hazards are proportional
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Cox Regression

• Confidence interval for HR
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Cox Regression



Cox Regression



Cox Regression



AN R EXAMPLE OF COX 

REGRESSION
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