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We are…

• … open and helpful!

• …  active in the statistical methodologic research and in 

medical research

• …active in teaching in many ways 

Our Service Unit Biometry

• Free biometrical consulting for all medical research 

projects, registration online 

• “Statistik-Ambulanz” (Walk-in service): Consultation 

without prior  registration every Tuesday from 9am to 12pm

• Training in biometrical topics and statistical software  

• Responsibility for project biometry within cooperation 

For further information visit us online: 

https://biometrie.charite.de/

Contact: Univ.-Prof. Dr. Geraldine Rauch (Head of Institute), 

Institut für Biometrie und Klinische Epidemiologie (iBikE)

Standort Mitte (Charité Campus Mitte)

Reinhardstraße 58, 10117 Berlin

Standort Mitte (Charité Campus Klinik)

Rahel-Hirsch-Weg 5, 10117 Berlin

https://biometrie.charite.de/


Slots 

& Topics
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Slot Topic

1 So many tests! The agony of choice.

2 So many questions! Multiple testing.

3 So many patients? Sample size calculation.

4 What is it this odds ratio? Logistic regression.

5 Missing information? Dealing with missing data.

6 The right time? Survival analysis.

7 The variety of influences - Mixed models.

8 Who fits together? Patient matching.

1 So viele Tests! Die Qual der Wahl.

2 So viele Fragestellungen! Multiples Testen.

3 So viele Patienten? Fallzahlplanung.

4 Was ist dieses Odds Ratio? Logistische Regression.

5 Fehlende Information? Umgang mit fehlenden Daten.

6 Der richtige Zeitpunkt? Analyse von Ereigniszeiten.

7 Die Vielfalt der Einflüsse – Gemischte Modelle.

8 Wer passt zusammen? Matching von Patienten.
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Time-to-event analysis – fields of application

 Time-to-event analysis also known as survival analysis is about the 

length of time elapsing between a starting point and the occurrence of a 

certain event.

 Common outcomes in time-to-event analysis are: 

 The time

 between surgery and the first recurrence of the disease (oncology)

 between diagnosis and significant worsening of patient’s condition 

(e.g. multiple sclerosis)

 between start of a therapy and first signs of relief (e.g. therapy of 

depressions)

 From insertion of an implant to failure (dentistry) 

 From diagnosis to death of the patient

 ….
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Key-Message 1:

Note: in time-to-event analysis both the starting point (t=0) and the event

time must be well-defined.

!



Time-to-event-analysis – censored data

 The limited duration of the study produces censored data.

 Note: Patient 3 is a dropout.
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Pat ID time Status

1 14.7 1

2 22.7 1

3 6.0 0

4 7.9 1

5 10.1 0

6 5.8 1

7 4.3 0

8 4.1 0



Interpretation of relative frequencies of events

Warning: Relative frequencies (percentages) of the number of events are a 

biased and poor measure for risk, if data is censored.
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Key-Message 2:

Since the individual lengths patients are under observation are different,

the interpretation of relative event frequency is difficult.

Key-Message 3:

Caution! The relative frequency of the events may be biased for

censored data.

Don‘t use the relative event frequency as a measure for risk!

!



Kaplan-Meier Curves

 The most important tool to describe time-to-event data is the Kaplan-

Meier Curve.
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Pat ID Time Status

1 14.7 1

2 22.7 1

3 6.0 0

4 7.9 1

5 10.1 0

6 5.8 1

7 4.3 0

8 4.1 0

𝐿

𝑈
=
# 𝑢𝑛𝑑𝑒𝑟 𝑟𝑖𝑠𝑘 𝑖𝑚𝑚𝑒𝑑𝑖𝑎𝑡𝑒𝑙𝑦 𝑏𝑒𝑓𝑜𝑟𝑒 𝑡 − # 𝑢𝑛𝑐𝑒𝑛𝑠𝑜𝑟𝑒𝑑 𝑒𝑣𝑒𝑛𝑡𝑠 𝑎𝑡 𝑡

# 𝑢𝑛𝑑𝑒𝑟 𝑟𝑖𝑠𝑘 𝑖𝑚𝑚𝑒𝑑𝑖𝑎𝑡𝑒𝑙𝑦 𝑏𝑒𝑓𝑜𝑟𝑒 𝑡



Kaplan-Meier Curves

 “Under risk immediately bevor t“ are all patients whose event time 

(censored or uncensored) is ≥t.

 Kaplan-Meier-Curves are step functions. The steps are exactly at the 

uncensored event times.

 The Kaplan-Meier curve estimates for any time t the proportion of the 

patients that had no event until t. 

 The more patients are still “at risk“ at time t the better is the approximation 

of the Kaplan-Meier curve to the “true“ survival curve.
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Kaplan-Meier Curves

 The Kaplan-Meier method is more than a graphical tool. You can obtain a 

lot of useful information from Kaplan-Meier curves:

 Proportion of patients without event after X months/years (e.g. five-

year mortality)

 The median event time (time until one half of the patient had an event)

 The mean survival time

 …
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Kaplan-Meier Curves

 Kaplan-Meier curves compare study groups.
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 Visual inspection of the diagram at the 

right hand side demonstrates that 

patients under active medication live 

longer than patients who received a 

placebo.

 From the Kaplan-Meier curves you can 

obtain important characteristics, e.g. the 

median survival time:

 Median survival times (in years) with 

95% confidence limits:

 Placebo group: 6.23 (5.17-7.73)

 Active medication: 9.77 (8.17-12.28)



Kaplan-Meier Curves (Log-Rank-Test)

 The log-rank-test compares Kaplan-Meier curves statistically.
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 The difference between placebo 

and active medication is highly 

significant (log-rank test 

P=0.0001).

 Note: The log-rank-test compares 

survival curves over the entire 

period considered.



Hazard

 What is hazard? What is the difference to probability, odds or risk?

 Example: Life tables (Statistisches Bundesamt) contain for each age t the 

probability of a person of age t to die within the next year (between t and 

t+1). Note: We implicitly assume that the person is still alive at age t.

 Definition of hazard h(t) for an event: 

ℎ 𝑡 =
𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑓𝑜𝑟 𝑎𝑛 𝑒𝑣𝑒𝑛𝑡 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑡,𝑡+𝑑𝑡 𝑢𝑛𝑑𝑒𝑟 𝑡ℎ𝑒 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑛𝑜 𝑒𝑣𝑒𝑛𝑡 𝑢𝑛𝑡𝑖𝑙 𝑡

𝑑𝑡

𝑑𝑡 denotes a small time span.
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Age male female

0 0.00355799 0.00307816

1 0.00028674 0.0002348

2 0.0001689 0.00011769

⁞ ⁞ ⁞

100 0.38971586 0.35313235



Hazard Ratio

 In medical research sample sizes are usually too small to determine the 

hazard function h(t).

 Nevertheless, the hazard plays „behind the scene“ the central roll in time-

to-event analysis.

 The log-rank-test (comparison of Kaplan-Meier curves) assumes that the 

hazard curves h1(t) and h2(t) are proportional to each other, i.e. 

h1(t)/h2(t)=HR (Hazard ratio is constant). If h1(t)/h2(t)=HR does not depend 

on time the proportional hazard assumption is met.

 The hazard ratio HR is only well-defined if the proportional hazard 

assumption is met.
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Hazard Ratio

 Proportional hazard is a necessary condition for the log-rank test. The null 

(H0) and alternative hypothesis (H1) are 

 H0: HR=1 

 H1: HR≠1

 A simple rule of thumb says:

 The proportional hazard assumption is violated if the Kaplan-Meier 

curves intersect (diagram on the right hand side).

 We may assume proportional hazard if the Kaplan-Meier curves do 

not intersect (diagram on the left hand side).
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Cox-regression

 In contrast to the hazard function h(t) the hazard ratio HR is determinable 

even for small sample sizes.

 A necessary condition is that the hazard function are proportional 

(proportional hazard assumption).

 The most important tool to estimate (determine) the hazard ratio HR is the 

Cox proportional hazard regression (Cox-regression).

 In a multiple Cox-regression model the independent variables can be 

categorical, ordinal or continuous. Interactions between variables are also 

admissible.
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Cox-Regression

 The Cox-proportional hazard model calculates for each independent 

variable

 The hazard ratio (HR)

 The confidence interval for HR (e.g. two-sided 95% confidence 

interval)

 The p-value for the test of the null hypothesis H0:HR=1

 A significant p-value (p≤α) means that the covariate is associated with 

event times.
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HR CI95% P-value

Age (Years) 1.01 1.00-1.02 0.041

Sex (female) 1.2 0.9-1.7 0.129

T2 1.5 1.1-2.0 0.001

T3 1.7 1.4-2.2 <0.001

T4 2.1 1.8-2.7 <0.001

 Example of a typical 

table with results 

from Cox-regression:



Time-to-event analysis: pitfalls

 Proportional hazard assumption is hard to verify and often not fulfilled.

 The study groups are not defined at baseline (t=0) but at a later time. 

Example: Comparison of therapy responders with non-responders. 

Response cannot be assessed at start of therapy (t=0). Kaplan-Meier and 

Cox analysis could be biased.
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Way out:

• Narrow the analysis to a period where proportional hazard

assumption is fulfilled.

• Use time dependent covariates.

Way out:

• Make sure that the assignment of patients to study groups is

already possible at baseline t=0.

• The same applies to Cox-regression: Only covariates whose

values are known at baseline t=0 are allowed.



Time-to-event analysis: pitfalls

 Competing risks. Example: Patient can die before the recurrence of the 

disease.
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Key-Message 4: The correct treatment of competing risks

requires advanced methods in survival analysis. Consult a

statistician if you are not sure whether basic time-to-event

analysis is still appropriate or more advanced methods are

necessary.

Way out: Exclude competing risks by thorough choice of the

time-to-event outcome. Example: Time to the first recurrence is

a poor outcome. You‘d better consider time to death or first

recurrence (what comes first).

!



Suggestions for further reading

 A well-written introduction to survival analysis:

– David Collett: Modelling Survival Data in Medical Research, 

Chapmann and Hall/CRC, 2014. 

 A book for the advanced reader. Covers topics beyond Kaplan-Meier analysis 

and Cox regression:

– Jan Beyersmann, Martin Schumacher, Arthur Allignol: Competing Risks 

and Multistate Models with R

 A basic introduction to time-to-event analysis for physicians (in German): 

– Isabella Zwiener, Maria Blettner, Gerhard Hommel: 

Überlebenszeitanalyse, Teil 15 der Serie zur Bewertung 

wissenschaftlicher Publikationen 

https://www.aerzteblatt.de/archiv/81171/Ueberlebenszeitanalyse
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