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Summary

• How do we commonly use proportions in medical research?

• Relative risk
• Risk difference
• Odds ratio
• NNT/NNH

• Chi-square and Fisher’s exact test – Formal comparisons

• Multivariate regression models to compare proportions



Summary Survival (time to event) 
analysis
• What is survival analysis?

• Estimating the survival function (life tables and Kaplan-Meier curves)

• The log rank test

• Cox Proportional Hazard regression (multivariate analysis)

• Univariate screening

• Building up a multivariate model

• (Assessing the proportional hazard’s assumption)

• Poisson regression

• Competing risks regression
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What is survival analysis?

• Statistical methods for analysing longitudinal data on the 
occurrence of events.

• Events (Binary variables) may include:

• death, injury, onset/recovery from illness, drug 
toxicity or changing above or below a clinical 
threshold of a meaningful continuous variable (eg
CD4 counts)

• Often used for data from randomised clinical trials or 
cohort studies



What are we trying to estimate?

• S(t) = Survivor function

• S(t) = Proportion surviving at least to time t or beyond



Early versus Standard Antiretroviral Therapy for 
HIV-Infected Adults in Haiti - NEJM 2010; 363:257-
265

Early versus Standard Antiretroviral 
Therapy for HIV-Infected Adults in Haiti -
NEJM 2010; 363:257-265

Cumulative survival probability

= 1 - incidence of death

Risk table



Survivor function

S(t)



Failure function

1 - S(t)



Survival analysis terms

• Time-to-event:  Time from study entry until a participant has a 
particular outcome

• Censoring: Participant are ‘censored’ if they are lost to follow up or 
drop out of the study, or if the study ends before they die or have 
an outcome of interest.  

• They are counted as ‘event’-free for the time they were enrolled in the 
study. 



Types of censoring/truncation
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Why do we want to censor?
• When we make absolute and relative comparisons between groups 

(relative and absolute risks) we base these comparisons on ‘incidence 
density’ between groups.  Subjects who do not experience the event, 
contribute person time until while they are in the study.

• Rate expressed with a relevant denominator
• (eg X/100 PYFU)



Longitudinal studies, rates and censoring

Years of follow-up

0        1        2        3        4        5        6        7        8        9         10
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Rates and incidence

• Subjects are followed for different amounts of time 
(drop outs, enter at different times)

• Subjects who drop out are ‘censored’ in the analysis
(they contribute time until they drop out)

Total person years of follow-up (PYFU)
Rate = 

Number of events occurring



• 1. Why not compare proportion of events in your groups using 
risk/odds ratios or logistic regression?

• 2. Why not compare mean time-to-event between your groups 
using a t-test or linear regression?

Survival analysis

Doesn’t account for time 

Doesn’t account for follow-up time of people 
who didn’t have an event



Setting up a survival dataset
• Variables required:

• 1)  Subject ID

• 2)  Did the subject experience the event?
• 0 = censored; 1 = experienced event

• 3) Time from study start to the event, or being censored

• 4) Other potentially important co-variates



Beginning of study End of study
→ Time in months →

Subject B

Subject A

Subject C

Subject D

Subject E

Survival Data

1. subject E dies at 4 
months

X

Slide from Kristen Cobb, Stanford



100%

→ Time in months →

Corresponding Kaplan-Meier Curve

Probability of 
surviving to 4 
months is 100% = 
5/5

Fraction 
surviving this 
death = 4/5

Subject E dies at 4 
months

Slide from Kristen Cobb, Stanford



Beginning of study End of study
→ Time in months →

Subject B

Subject A

Subject C

Subject D

Subject E

Survival Data

2.  subject A 
drops out after 
6 months

1. subject E dies at 4 
months

X

3. subject C dies 
at 7 monthsX

Slide from Kristen Cobb, Stanford



100%

→ Time in months →

Corresponding Kaplan-Meier Curve

subject C dies at 
7 months

Fraction 
surviving this 
death = 2/3

Slide from Kristen Cobb, Stanford



Beginning of study End of study
→ Time in months →

Subject B

Subject A

Subject C

Subject D

Subject E

Survival Data

2.  subject A 
drops out after 
6 months

4. Subjects B 
and D survive 
for the whole 
year-long 
study period

1. subject E dies at 4 
months

X

3. subject C dies 
at 7 monthsX

Slide from Kristen Cobb, Stanford



100%

→ Time in months →

Corresponding Kaplan-Meier Curve

53%

Slide from Kristen Cobb, Stanford



The product limit estimate

• The probability of surviving in the entire year, taking into account 
censoring

• = (4/5) (2/3) = 53% (conditional probability)

•  40% (2/5) because the one drop-out survived at least a some of the 
year. 

• <60% (3/5) because we don’t know if the one drop-out would have 
survived until the end of the year.



Kaplan-Meier function

• Non-parametric estimate of the survival function

• The probability of surviving past certain times in the sample

• Commonly used to compare study populations and screen 
continuous variables for multivariate analysis 



Is survival equivalent by sex?

HR = 1.46 (95%CI 1.11 – 1.91); P=0.006
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Kaplan-Meier example

Researchers randomised 44 patients with chronic active 
hepatitis were to receive prednisolone or no treatment 
(control), then compared survival curves.

Example from: BMJ 1998;317:468-469 ( 15 August )



Prednisolone (n=22) Control (n=22) 

2 2 
6 3 

12 4 
54 7 

56* 10 
68 22 
89 28 
96 29 
96 32 

125* 37 
128* 40 
131* 41 
140* 54 
141* 61 
143 63 

145* 71 
146 127*

148* 140*
162* 146*
168 158*

173* 167*
181* 182*

Survival times (months) of 44 patients with chronic active hepatitis randomised to receive 
prednisolone or no treatment. (*=censored)



Log-Rank X2
1df = 4.66; P = 0.03

Are these two curves 
different?

Slide from Kristen Cobb, Stanford



Good practices with KM curves



Fig 4 Kaplan-Meier plot from trial of strategies to improve adherence to tuberculosis treatment 
(redrawn from Thiam et al16). 

Pocock S J et al. BMJ 2008;336:1166-1169

©2008 by British Medical Journal Publishing Group



Fig 3 Kaplan-Meier curve from trial of percutaneous coronary intervention (PCI) for persistent 
occlusion after myocardial infarction. 

Pocock S J et al. BMJ 2008;336:1166-1169

©2008 by British Medical Journal Publishing Group



Variables in dataset



Age 
groups



20 year increase in hazard

Age 
groups

Age as 
continuous



Plotting the midpoint of the quartile against 
the coefficient



Multivariate model for age and sex

Univariate Multivariate

Covariate HR (95%CI) P HR (95%CI) P

Female vs male 1.46 (1.11 = 1.91) 0.006 0.94 (0.71 – 1.23) 0.64

Age (per year) 1.07 (1.06 – 1.08) <0.001 1.07 (1.06 – 1.08) <0.001



HR 
groups



Thai National UC AIDS Program (NAP): 2008-2014
N =201,688 with 618,837 person-years of follow up. Median age 37 yrs.
Median CD4+ T-cell count was 109 cells/mm3 and
ART first-line: NNRTI 91% (NPV 59%, EFV 32%), bPI 7 %



Average Life-expectancy from 35 yo
National AIDS Program, Thailand



J Acquir Immune Defic Syndr Volume 75, Number 2, June 1, 2017

• N=4120
• Children receiving ART through UC program had good treatment 

outcomes, although a fifth (20%) required switching regimen by 3 
years. 

• Avoiding NNRTI first-line regimens in high-risk children may help 
prevent treatment failure.

J Acquir Immune Defic Syndr 2017;75:219–225



National AIDS Program, Thailand
Children and Adolescents Antiretorviral Treatment Outcomes

N=4120

4%

20 %

13 %

Switching to Second-line ART

Switching due to failure 
(N=1054)
1. 84% had VF
2. 19% had immunological failure

Risk factors
1. Children aged ≥12 years & <5 

years at ART initiation 
2. starting with NNRTIs, and 
3. baseline CD4% <10% 

Median age of 9.3  yrs (IQR 5.8–12.0) 
Median duration of ART = 3.7 years

J  AIDS 2017;75:219–225








