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Introduction to Survival Analysis

Definition

Survival analysis is a branch of statistics that measures the time until an
event occurs.

Survival time is the particular variable of interest.
Exposure → Event
Ex. Time of cancer diagnosis to death

Survival Analysis doesn’t have to just be involved with death, but in the
same lens of cancer, it could be the time of complete remission to relapse
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Censoring

Definition

Censoring occurs when we don’t know the exact time to event.

We don’t delete these observations
Make a note that the result was censored.

Different types of censoring
Right censoring
Left Censoring
Interval censoring
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Right Censoring

Definition

Time to the event is GREATER than some value x
ti > x

Study: Estimating survival time after diagnosis of pancreatic cancer
(Wahutu, 2016)

Consider: Patients still alive at the end of the study; Patients who are lost
to follow up
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Interval Censoring

Definition

Time to event is BETWEEN 2 values x1 and x2

x1 < ti < x2

Study: Oral lesion occurrence in immunosuppressed children (Rodrigues,
2018)

Consider: Lesion occurrence is identified by a specialist at regular checkups
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Left Censoring

Definition

Time to the event is LESS than some value x
ti < x

Study: Age at menarche cohort study (Wohlfahrt-Veje, 2016)
Consider: Young women enrolled in the study who have already begun
menstruating
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Important Functions

Functions of interest

Survival function: S(t) = P (T > t)

Hazard function: h(t) represents the instantaneous risk of occurrence of
the event given the history
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Kaplan-Meier Survival Curves

Purpose

A useful non-parametric way to estimate the survival function. We calculating
using the formula

S(tj) = S(tj−1)

(
1− dj

nj

)
Where dj is the number of deaths at time tj and nj is the number of subjects
at risk.

Assumptions

1. Random censoring

2. Non-informative censoring

3. Independence of censoring

4. Survival probabilities do not change over time

5. No competing risks
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Example: Calculating KM Curves By Hand for Lung Cancer Trial

Figure 1
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Example: Comparing KM Curves

Figure 2

Observations

Overall, Radiotherapy+CAP has a higher survival probability

The Radiotherapy+CAP group has greater median survival time
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Log-Rank Test

Purpose

A non-parametric test statistic used to compare two survival curves
(independent from each other) by calculating

χ2 =

g∑
i=1

(Oi − Ei)
2

Ei

where Oi is the observed number of events and Ei is the total expected
number of events in each group i.

Hypothesis
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Back to Cancer Research Example

Log Rank Test for Lung Cancer Trial

Observations

Log rank test yields a χ2 value of 9.1 on 1 degree of freedom (P<0.002)

Hazard Ratio of 0.58 indicates that there is 42% less risk of relapse at any
point in time among patients surviving in the combination treatment
group compared to those treated with radiotherapy alone

Indication is present that the combination treatment is more effective than
radiotherapy treatment
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The Cox Propotional Hazard model

Definition

h(t,X) = h0(t)e
∑p

i=1 βiXi

X = (X1, X2, . . . , Xp) explanatory/predictor variables

An expression for the hazard at time t for an individual with a given
specification of a set of explanatory variables denoted by X.

Product of Two Quantities

h0(t)× e
∑p

i=1 βiXi

h0(t) e
∑p

i=1 βiXi

Baseline hazard Exponential
Involves t but not X’s Involves X’s but not t (X’s are time-independent)
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Semi-Parametric Nature

What does semi-parametric mean?

Combines parametric and non-parametric components.

The baseline hazard, h0(t), is an unspecified function (non-parametric).

The relationship between the covariates and the hazard rate is expressed
parametrically.

Why is this important?

The Cox PH model is a “robust” model, so that the results from using the
Cox model will closely approximate the results for the correct parametric
model.

This property makes the Cox PH Model more flexible than fully parametric
models while still allowing meaningful interpretation.
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Interpretation

Hazard Ratio (HR)

ĤR =
ĥ(t,X∗)

ĥ(t,X)

Measures the relative risk of an event for different covariate levels.

Interval Estimation

Large sample 95% confidence interval:

exp

[
β̂1 ± 1.96

√
Var(β̂1)

]
where

sβ̂1
=

√
Var(β̂1)
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Cox PH Model Ovarian Dataset Example
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