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EVENT HISTORY ANALYSIS: WHAT AND WHY?

New England Journal of Medicine
Editorial, Jan. 6, 2000, p. 42-49

The eleven most important developments in medicine over the past
millennium

Elucidation of human anatomy and physiology

Discovery of cells and their substructures

Elucidation of the chemistry of life

Application of statistics to medicine

Development of anesthesia

Discovery of the relation of microbes to disease

Elucidation of inheritance and genetics

Knowledge of the immune system

Development of body imaging

Discovery of antimicrobial agents

Development of molecular pharmacotherapy
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EVENT HISTORY ANALYSIS: WHAT AND WHY?

Application of statistics to medicine
“Sir David Cox’s 1972 paper on proportional-hazards regression ig-

nited the fields of survival analysis and semiparametric inference (us-

ing partial specification of the probability distribution of the outcomes

under investigation). Rapid improvements in computer support were

essential to the growing role of empirical investigation and statistical

inference.”
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TIME-TO-EVENT METHODS

Common names:

Survival analysis (Overlevelsesanalyse)

Event history analysis (Forløpsanalyse)

Some important aspects:

Better understanding of time scales

Studies of life histories, recurrent events

Truncation and censoring at beginning and end of registries

Time-dependent exposures

Competing risks, multi-state

Case-cohort, nested case-control and other study design

etc.
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EVENT HISTORY ANALYSIS: CHOICE OF TIME SCALE

Three most common time scales:

1 Time from inclusion to event (study time)

Example: Time from cancer diagnosis to death

Zero: Date of inclusion (individual)

2 Calendar time

Example: Time from a fixed date (e.g. 01 Jan 2020) to infection with

Covid-19

Zero: Start date (common)

3 Age

Example: Age at death

Zero: Date of birth (individual)
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EXAMPLES OF EVENT HISTORY ANALYSES

1 Life insurance, life tables

2 Maternal age at birth of first child

3 Time from first birth to second birth

4 Multi-state: Movement between states employed, retired, sick leave,

disability, dead

5 Clinical trials, cancer survival

6 Mortality, cause of death. Competing risk. Loss of life years.

7 Pregnancy: Gestational age as time scale.

Preterm birth: Birth before week 37. Rest censored at day 259.

8 Time from start of pandemic until an individual becomes infected

... and re-infected

May use vaccination status as time-dependent covariate

9 Time from insertion of a new hip prosthesis until failure

10 Etc., etc....
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EXAMPLE FROM COVID-19 MODELING

Time from hospital admission until discharge:
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“Survival” curve: Percentage still in hospital after x days

Close to current day, hospital stays are “censored” in length
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“THE BIBLE”
NORWEGIAN & NORDIC TRADITION IN SURVIVAL ANALYSIS
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“THE NEW TESTAMENT”(?)

Statistics for Biology and Health

Odd O. Aalen
Ørnulf Borgan
Håkon K. Gjessing

Statistics for Biology and Health

Survival and
Event History
Analysis

Survival and Event H
istory Analysis

Time-to-event data are ubiquitous in fields such as medicine, biology, demography, sociology,

economics and reliability theory. Recently, a need to analyze more complex event histories has emerged.

Examples are individuals that move among several states, frailty that makes some units fail before

others, internal time-dependent covariates, and the estimation of causal effects from observational data.

The aim of this book is to bridge the gap between standard textbook models and a range of models

where the dynamic structure of the data comes to its full right. The common denominator of such

models is stochastic processes. The authors show how counting processes, martingales, and stochastic

integrals fit very nicely with censored data. Beginning with standard analyses such as Kaplan-Meier

plots and Cox regression, the presentation progresses to the additive hazard model and recurrent event

data. Stochastic processes are also used as natural models for individual frailty; they allow sensible

interpretations of a number of surprising artifacts seen in population data.

The stochastic process framework is naturally connected to causality. The authors show how dynamic

path analyses can incorporate many modern causality ideas in a framework that takes the time aspect

seriously.

To make the material accessible to the readers, a large number of practical examples, mainly from

medicine, are developed in detail. Stochastic processes are introduced in an intuitive and non-technical

manner. The book is aimed at investigators who use event history methods and want a better

understanding of the statistical concepts. It is suitable as a textbook for graduate courses in statistics

and biostatistics.

Odd O. Aalen is professor of medical statistics at the University of Oslo, Norway. His PhD from the

University of California, Berkeley in 1975 introduced counting processes and martingales in event

history analysis. He has also contributed to numerous other areas of event history analysis, such as

additive hazards regression, frailty, and causality through dynamic modelling.

Ørnulf Borgan is professor of statistics at the University of Oslo, Norway. Since his PhD in 1984 he has

contributed extensively to event history analysis. He is co-author of the monograph Statistical Models

Based on Counting Processes, and is editor of Scandinavian Journal of Statistics.

Håkon K. Gjessing is professor of medical statistics at the

Norwegian Institute of Public Health and the University

of Bergen, Norway. Since his PhD in probability in 1995,

he has worked on a broad range of theoretical and

applied problems in biostatistics.

› springer.com

Odd O. Aalen, Ørnulf Borgan and Håkon K. Gjessing

Survival and Event History Analysis

Aalen • Borgan • Gjessing

A Point Process View

S T A T I S T I C S  |  L I F E  S C I E N C E S ,
M E D I C I N E , H E A LT H  S C I E N C E S

 ----

Much emphasis on event histories as stochastic processes
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BUT PLENTY OF EASIER AND VERY USEFUL BOOKS OUT THERE...

Two nice examples

But also many newer ones

As well as software manuals, e.g. the STATA manuals

And lots of instructive “tutorial” papers, of course
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CASE-COHORT, NESTED CASE-CONTROL, ETC.
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CASE-COHORT, NESTED CASE-CONTROL, ETC.
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ØRNULF BORGAN
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NORBIS/UNIVERSITY OF OSLO COURSE, DECEMBER

IMB9335 - Modern methods for analyzing survival and time to event data
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MULTI-STATE MODELS

Standard survival model:

Illness-death model:
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MULTI-STATE MODELS

Conditional model:

Competing risk model:
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40-ÅRSUNDERSØKELSEN

Health screenings 1974–1978

(Statens Helseundersøkelser)

Participants roughly 40 years old

Record linkage Statistics Norway

(SSB): Followed until end of 2000

24

Examples 3.3 and 
3.15: Competing 
causes of death

Data from the 
health screenings 
in three Norwegian 
counties 1974-78. 

Followed-up to the 
end of 2000 by 
record linking to 
the cause of death 
registry at 
Statistics Norway.

Alive

0

Dead due 
to cancer

1

Dead due 
cardiovascular 
disease

2

Dead due to other 
medical causes 

3

Alcohol abuse, 
accidents, violence 

4

Vollset, Tverdal, Gjessing (2006) Annals of Internal Medicine
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SMOKING AND DEATHS 40-70, PERCENT SURVIVING BY AGE
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PERCENT DEATHS 40-70, EFFECT OF AGE STARTED SMOKING

Age started smoking
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CAUSE-SPECIFIC CUMULATIVE INCIDENCE

1 Cancer

2 Cardiovascular

disease

3 Other medical

4 Alcohol abuse,

violence,

accidents

27

Example 3.15: Causes of death in Norway

Estimates of 

1) Cancer
2) Cardiovascular 
disease
3) Other medical
4) Alcohol abuse, 
violence, accidents

0 (40, )hP t

Estimates of the probability of dying between age 40 and t of cause h

“Cumulative incidence” is not a good name...
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SMOKING AND DEATHS 40-70: SOME ASPECTS

Age as time axis

Estimate mortality 40-70 even though none of the subjects are followed
all the way

Left truncation (delayed entry)

Right censoring

“Smooth” effects of age at smoking start

Handle competing risks of death

... but effects of covariates are always difficult to interpret in a competing risk

situation

Different causes of death may well be dependent, even conditional on

covariates
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H1N1 PANDEMIC

T h e  n e w  e ngl a nd  j o u r na l  o f  m e dic i n e

n engl j med  nejm.org 1

original article

Risk of Fetal Death after Pandemic 
Influenza Virus Infection or Vaccination

Siri E. Håberg, M.D., Ph.D., Lill Trogstad, M.D., Ph.D.,  
Nina Gunnes, Ph.D., Allen J. Wilcox, M.D., Ph.D., Håkon K. Gjessing, Ph.D.,  
Sven Ove Samuelsen, Ph.D., Anders Skrondal, Ph.D., Inger Cappelen, Ph.D., 

Anders Engeland, Ph.D., Preben Aavitsland, M.D., Steinar Madsen, M.D., 
Ingebjørg Buajordet, Ph.D., Kari Furu, Ph.D., Per Nafstad, M.D., Ph.D.,  

Stein Emil Vollset, M.D., Dr.P.H., Berit Feiring, M.Sc.Pharm.,  
Hanne Nøkleby, M.D., Per Magnus, M.D., Ph.D.,  

and Camilla Stoltenberg, M.D., Ph.D.

From the Norwegian Institute of Public 
Health (S.E.H., L.T., N.G., H.K.G., S.O.S., 
A.S., I.C., A.E., P.A., K.F., P.N., S.E.V., B.F., 
H.N., P.M., C.S.), the University of Oslo 
(S.O.S., P.N., P.M.), and the Norwegian 
Medicines Agency (S.M., I.B.), Oslo; the 
University of Bergen, Bergen (H.K.G., A.E., 
S.E.V.); and the University of Tromsø, 
Tromsø (K.F.) — all in Norway; the Na-
tional Institute of Environmental Health 
Sciences, Durham, NC (A.J.W.); and the 
London School of Hygiene and Tropical 
Medicine, London (A.S.). Address reprint 
requests to Dr. Håberg at the Norwegian 
Institute of Public Health, P.O. Box 4404, 
Nydalen, N-0403 Oslo, Norway, or at  
siri.haberg@fhi.no. 

This article was published on January 16, 
2013, at NEJM.org.

N Engl J Med 2013.
DOI: 10.1056/NEJMoa1207210
Copyright © 2013 Massachusetts Medical Society.

A bs tr ac t

Background

During the 2009 influenza A (H1N1) pandemic, pregnant women were at risk for 
severe influenza illness. This concern was complicated by questions about vaccine 
safety in pregnant women that were raised by anecdotal reports of fetal deaths after 
vaccination.

Methods

We explored the safety of influenza vaccination of pregnant women by linking 
Norwegian national registries and medical consultation data to determine influenza 
diagnosis, vaccination status, birth outcomes, and background information for preg-
nant women before, during, and after the pandemic. We used Cox regression models 
to estimate hazard ratios for fetal death, with the gestational day as the time metric 
and vaccination and pandemic exposure as time-dependent exposure variables.

Results

There were 117,347 eligible pregnancies in Norway from 2009 through 2010. Fetal 
mortality was 4.9 deaths per 1000 births. During the pandemic, 54% of pregnant 
women in their second or third trimester were vaccinated. Vaccination during preg-
nancy substantially reduced the risk of an influenza diagnosis (adjusted hazard 
ratio, 0.30; 95% confidence interval [CI], 0.25 to 0.34). Among pregnant women 
with a clinical diagnosis of influenza, the risk of fetal death was increased (ad-
justed hazard ratio, 1.91; 95% CI, 1.07 to 3.41). The risk of fetal death was reduced 
with vaccination during pregnancy, although this reduction was not significant 
(adjusted hazard ratio, 0.88; 95% CI, 0.66 to 1.17).

Conclusions

Pandemic influenza virus infection in pregnancy was associated with an increased 
risk of fetal death. Vaccination during pregnancy reduced the risk of an influenza 
diagnosis. Vaccination itself was not associated with increased fetal mortality and 
may have reduced the risk of influenza-related fetal death during the pandemic. 
(Funded by the Norwegian Institute of Public Health.)

The New England Journal of Medicine 
Downloaded from nejm.org at HELSEBIBLIOTEKET GIR DEG TILGANG TIL NEJM on January 17, 2013. For personal use only. No other uses without permission. 

 Copyright © 2013 Massachusetts Medical Society. All rights reserved. 
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H1N1 PANDEMIC T h e  n e w  e ngl a nd  j o u r na l  o f  m e dic i n e

n engl j med  nejm.org4

2009, to December 31, 2009), 54% were vacci-
nated. Characteristics of these pregnancies are 
provided in Table 1, with an extended list in 
Table S2 in the Supplementary Appendix. Vaccina-
tion coverage of pregnant women was higher in 
those with chronic diseases and lower in daily 
smokers and younger women.

A clinical diagnosis of influenza during the 
pandemic wave was recorded for 2278 eligible 
pregnant women, among whom there were 16 
fetal deaths. There were 516 women with posi-
tive laboratory results for the A(H1N1)pdm09 
strain; among these women, there were 5 fetal 
deaths (too few to estimate risk). The temporal 
distribution of vaccinations and positive labora-
tory tests in pregnant women is shown in Fig
ure 2. Vaccination during pregnancy reduced the 
risk of receiving a clinical diagnosis of influenza 
(adjusted hazard ratio, 0.30; 95% confidence in-
terval [CI], 0.25 to 0.34).

In an analysis in which women who were preg-
nant outside the pandemic window were the ref-

erence group, women who were exposed to the 
pandemic had an increased risk of fetal death 
(adjusted hazard ratio, 1.26; 95% CI, 1.02 to 1.55) 
(Table 2). The risk of fetal death was increased 
among women with a clinical diagnosis of influ-
enza (adjusted hazard ratio, 1.91; 95% CI, 1.07 to 
3.41). Pregnant women who were vaccinated had 
a slightly lower risk of fetal death, as compared 
with unvaccinated women, a difference that was 
not significant (hazard ratio, 0.88; 95% CI, 0.66 
to 1.17). Since nearly all vaccinations occurred 
during the main pandemic wave, the estimated 
hazard ratio in effect compares vaccinated and 
unvaccinated women who were pregnant during 
the pandemic period. Unvaccinated women had 
a higher risk of fetal death during the pandemic 
(hazard ratio, 1.25; 95% CI, 1.02 to 1.55) (Table 3).

Adjustment for covariates did not substantially 
influence the estimates, which were likewise simi-
lar in models in which multiple births were in-
cluded, women who received first-trimester vacci-
nations were excluded, adjustment was made for 

Jan. 1,
2009

Jan. 1,
2010

Oct. 1,
2009

Jan. 1,
2011

Eligible dates of pregnancy onset
43 wk

12 wk

The main wave of the pandemic
Oct. 1–Dec. 31, 2009

Unobserved pregnancy
days (not in risk set)

Observed pregnancy days 
as exposed to influenza

Observed pregnancy days
as unexposed to influenza

Figure 1. Eligible Pregnancies, Observed Pregnancy Days, and Exposure to the Main Pandemic Wave.

Births in Norway that occurred in 2009 and 2010 were eligible for the study if women had become pregnant at least 
43 weeks before December 31, 2010. Eligible pregnancies were classified as involving maternal exposure to the influ-
enza pandemic if any day of pregnancy occurred between October 1, 2009, and December 31, 2009. For a given preg-
nancy, days at risk were defined as pregnancy days after week 12 that occurred starting on January 1, 2009, and expo-
sure days were defined as all pregnancy days from the first day of exposure until delivery. For simplicity, the figure 
shows all pregnancies as lasting 9 months. The study included all registered pregnancies lasting at least 12 weeks. 
The period of the main wave of the influenza pandemic is shaded.

The New England Journal of Medicine 
Downloaded from nejm.org at HELSEBIBLIOTEKET GIR DEG TILGANG TIL NEJM on January 17, 2013. For personal use only. No other uses without permission. 

 Copyright © 2013 Massachusetts Medical Society. All rights reserved. 
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CENSORING OR TRUNCATION?

Right censoring:

Individuals are followed through the study

Event (may) happen at an unknown time later than the time of censoring

Right truncation:

Event (may) happen later than the time of truncation

And for that reason the individual is not known to the study

Data from the Medical Birth Registry:

Pregnancies do not enter the registry until birth has taken place

You risk oversampling short pregnancies close to the end of the study
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PRELIMINARY ANALYSIS, EFFECT OF VACCINE ON FETAL DEATH
HÅBERG ET AL.

Logistic regression, fetal death vs. vaccinated

Total fetal  loss

These results were based on a preliminary file (incomplete MBRN)

Is this a reasonable effect size of vaccination on fetal death?

Why is there such a strong protective effect of the vaccine?

The vaccine appears to be strongly protective

... even when accounting for possible truncation effects

But is this correct?
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PROBLEM: IMMORTAL TIME BIAS
HÅBERG ET AL.Immortal time bias

Vaccine
 Vaccinated

unvaccinated

Pregnancy

Time as unvaccinated

”Immortal time”

= Fetal death

Mothers receiving vaccine in the third trimester must by necessity still

have an ongoing pregnancy

Hence the term “immortal time”
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IMMORTAL TIME BIAS

BMJ | 24 april 2010 | Volume 340   				    907

research methods  
& reporting

1Department of Epidemiology, 
Biostatistics, and Occupational 
Health, McGill University, Montréal, 
Canada
2Department of Community 
Health and Epidemiology, Queen’s 
University, Kingston, Canada
3Kingston, Frontenac, Lennox and 
Addington Public Health, Kingston, 
Canada 
4Center for Clinical Epidemiology, 
Jewish General Hospital, McGill 
University, Montréal, Canada
Correspondence to: L Lévesque 
linda.levesque@queensu.ca
Accepted: 25 August 2009

Cite this as: BMJ 2010;340:b5087
doi: 10.1136/bmj.b5087

and treatment status in the design and analysis of such 
studies can introduce immortal time bias.7 

What is immortal time bias?
Immortal time refers to a period of follow-up during which, 
by design, death or the study outcome cannot occur.8 In 
pharmacoepidemiology studies, immortal time typically 
arises when the determination of an individual’s treatment 
status involves a delay or wait period during which follow-
up time is accrued—for example, waiting for a prescrip-
tion to be dispensed after discharge from hospital when 
the discharge date represents the start of follow-up (box 1 
see bmj.com).9‑14 This wait period is considered immortal 
because individuals who end up in the treated or exposed 
group have to survive (be alive and event free) until the 
treatment definition is fulfilled. If they have an event before 
taking up treatment they are in the untreated or unexposed 
group. Bias is introduced when this period of “immortality” 
is either misclassified with regards to treatment status or 
excluded from the analysis (fig 1).7 Immortal time bias is 
particularly problematic because it necessarily biases the 
results in favour of the treatment under study by conferring 
a spurious survival advantage to the treated group.

Immortal time bias is increasingly common in cohort 
studies of drug effects.7 A recent example is a study of 
3-hydroxy-3-methylglutaryl coenzyme A reductase inhibi-
tors (statins) that reported a 26% reduction in the risk of 
diabetes progression with one year or more of treatment 
(adjusted hazard ratio 0.74, 95% confidence interval 0.56 
to 0.97).15 This is a surprising finding given that this asso-
ciation would be expected to be subject to confounding and 
yield a hazard ratio >1.0 because people whose diabetes 
progresses are more likely to develop cardiovascular dis-
ease, an indication for statins.

Below, we replicate this study to show how immortal 
time bias can be introduced in cohort studies, quantify 
the relation between the extent of immortal time and the 
magnitude of the bias, determine the extent to which this 
bias accounted for the protective association previously 
reported, and show how immortal time bias can be pre-
vented through time dependent analysis. 

Demonstration of bias
We replicated Yee et al’s statin study using the same 
Saskatchewan Health databases. These computerised 
databases, generated by the province’s universal health 
programmes, provide information on dates of health 

Immortal time in observational studies can 
bias the results in favour of the treatment 
group, but it is not difficult to identify and avoid 

Well designed observational studies have made impor-
tant contributions to our understanding of the risks and 
benefits of drug treatment. Such studies are often the first 
to identify or confirm important adverse health events 
associated with drugs, as seen recently with the cardiac 
effects of ergot derived dopamine agonists1 and cyclo-
oxygenase 2  inhibitors.2 3 Observational studies can also 
assess aspects of drug safety, such as the time varying 
nature of risk, which cannot be readily appraised using 
an experimental design.4 

Cohort studies are often preferred to case-control stud-
ies because they are less susceptible to certain biases.5 6 
However, the inappropriate accounting of follow-up time 

Problem of immortal time bias in cohort studies: example 
using statins for preventing progression of diabetes 
Linda E Lévesque,1 2 3 James A Hanley,1 4 Abbas Kezouh,4 Samy Suissa1 4

Fig 1 | Immortal time bias is introduced in cohort studies when the period of immortal time is 
either incorrectly attributed to the treated group through a time fixed analysis (top) or excluded 
from the analysis because the start of follow-up for the treated group is defined by the start of 
treatment and is, by design, later than that for the untreated group (bottom)

Misclassified immortal time (misclassification bias)

Misclassified immortal time

Treated

Start of follow-up First prescription Death or event

Untreated

Start of follow-up Death or event

Excluded immortal time (selection bias)

Excluded immortal time

Treated

Diagnosis First prescription
(start of follow-up)

Death or event

Untreated

Diagnosis
(start of follow-up)

Death or event

Treated Untreated
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SOLUTION: EVENT HISTORY ANALYSIS

Cox regression with time-dependent covariates

Time scale: Gestational age

Event: Fetal death

Censoring: Live birth

Time-dependent covariates

Vaccination status

Influenza diagnosis

Pregnancy within influenza period

Constant covariates:
Age, Parity, Marital status, Supplements in pregnancy, Smoking in pregnancy
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RESULTS FROM COX

Logistic regression:

Total fetal  loss

These results were based on a preliminary file (incomplete MBRN)

Is this a reasonable effect size of vaccination on fetal death?

Why is there such a strong protective effect of the vaccine?

Cox:
Adjusted Hazard Ratio (95%CI) for fetal death given vaccination:

HR = 0.88 (0.66 − 1.17)
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IT ALL GOES BACK TO THE GREEKS...

AMIRICAN JOURNAL or EPIDIMIOLOOY - Vol. 107, No. 3

Copyright C 1978 by The Johns Hopkins University School of Hygiene and Public Health Printed m USA.

A FETAL-INFANT LIFE TABLE BASED ON SINGLE BIRTHS IN NORWAY,
1967-1973

LEIV S. BAKKETEIG,1 DANIEL G. SEIGEL1 AND PHYLLIS M. STERNTHAL'

Bakketeig, L. S. (U. of Trondheim, Dept. of Community Medicine, Eirik
Jarlsgt. 4, 7000 Trondheim, Norway), 0. G. Selgel, P. M. Sternthal. A fetal-
Infant life table based on single births In Norway, 1967-1973. Am J Epidemiol
107:216-225, 1978.

The study Is based on 440,452 single births occurring In Norway, 1967-
1973, with known gestatJonal age. The information was collected through a
notification system known as "Medical Registration of Births," covering all
births occurring In Norway, and the data are made available through the
Medical Birth Registry of Norway, which allows for linkage between births
and infant deaths. The life table describes the experience of women still
pregnant at a gestatlonal age of 16 completed weeks, and states for each
subsequent week the number of pregnancy terminations, the outcome, and
the number of women still pregnant. Seven outcomes of pregnancy are
considered: fetal death prior to labor, fetal death during labor, death within
24 hours, death 1-6 days, death 7-27 days, death 28 days-1 year, and
survival of one year or more. The data In the life table provide Information on
the probability of pregnancy termination In each week of gestation (after 16
completed weeks), and the probabilities of the various outcomes. The fetal-
Infant life table Is considered as an extension of descriptive perinatal
statistics and Is of value In monitoring health changes and in comparing
perinatal mortality between populations. It also provides Information on time
of pregnancy termination and outcome, which has some clinical applications.

fetal deaths; gestational age; Infant mortality; life table

The life table has frequently been used little use has been made of this method in
in the analysis of mortality, but relatively describing pregnancy outcome. Several

authors (1-4) have prepared life table
Received for publication June l, 1977, and in analyses of fetal loss, but only one to our

final form October 10,1977. knowledge has described the course of
Abbreviations: LMP, last menstrual period; wks, p r e g n a n c y distinguishing among the sev-

W ^ Institute of Hygiene and Social Medicine, Uni- eral possible outcomes in terms of survival
versity of Bergen, Norway. (2). Though one is working at the two

•Epidemiologyand Biometry Research Program, ends of the life scale, the life table has
NICHD, National Institutes of Health, Bethesda, , , , . ' . . . . . ,,
MD 20014 analogous elements in the analysis of birth

Reprint requests to Leiv s. Bakketeig, Univer- and death. The three principal elements
sity of Trondheim, Department of Community Med- ^ ^ entry, a t ime Scale, and an exit,
icine, Eirik Jarlsgt. 4,7000 Trondheim, Norway. _ ,. . . . , . I_-_LI_

The authors wish to express gratitude to Profes- Conception is the entry in one case, bir th
sor Tor Bjerkedal and his staff at the Medical Birth in the other; gestational age is the time
Registry of Norway, Institute of Hygiene and Social sca[e i n o n e instance y e a r s lived in the
Medicine, University of Bergen, for having made , . . S . . ,
the data available for this analysis. The authors o t h e r > o n e e x i t s fr°m the experience With
also want to thank Karen Fetterly and Ernest E. pregnancy termination in one instance,
Harley of the National Institute of Child Health b y d e a t h i n t h e other. Probabilities associ-
and Human Development, National Institutes of •; , , . , _ ,
Health, for their skillful conduct of the computer ated with various modes of exit can be
processing. described: fetal death, live birth resulting
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COX (PROPORTIONAL HAZARDS) REGRESSION

HAZARD:

α(t) = α0(t) exp (β1x1 + β2x2 + · · · )

α0(t) is the baseline hazard

x1, x2, . . . are the covariates

β1,β2, . . . are the corresponding parameters

Covariates:

x1, x2, . . . covariates may change over time

Baseline hazard:

α0(t) is the hazard (at time t) when all x1 = x2 = · · · = 0
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AALEN ADDITIVE HAZARDS REGRESSION
TIME-DEPENDENT PARAMETERS

HAZARD:

α(t) = β0(t) + β1(t)x1 + β2(t)x2 + · · ·+ βK(t)xK

β0(t) = α0(t) is the baseline hazard

x1, x2, . . . are the covariates

β1,β2, . . . are the corresponding parameters

Note the improvement: βi(t) are allowed to depend on time!

Covariates:

x1, x2, . . . covariates may change over time
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AALEN REGRESSION, EXAMPLE TREATMENT EFFECT (WITH CI)
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TIME-VARYING...

Time-dependent covariates:

Exposure (and other covariates) can change over time

But effect of exposure (and other covariates) assumed the same

regardless of time

Available in both Cox and Aalen

Time-dependent effects:

The effect of exposure (and other covariates) can change over time

This can be combined with time-dependent covariates

Available only in Aalen

(...although various types of Cox-adaptations do exist)
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COX PROPORTIONAL HAZARDS OR AALEN ADDITIVE HAZARDS?

Cox:

+ Well known

+ Easily summarized

(a single Hazard Ratio for the treatment effect)

- Requires proportional hazards

Aalen:

- Less well known

- Harder to summarize

(cumulative effects curves)

+ Much more flexible than Cox

(allows effect to change over time)

+ No assumption of proportional hazards
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Thank you!
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ENTEROTOXIGENIC E. COLI INFECTIONS IN CHILDREN

For personal use. Only reproduce with permission from The Lancet.

MECHANISMS OF DISEASE

286 THE LANCET • Vol 362 • July 26, 2003 • www.thelancet.com

Summary

Background Enterotoxigenic Escherichia coli (ETEC) are an
important cause of diarrhoea and diarrhoeal deaths in
children living in developing countries and of travellers’
diarrhoea. During the past 25 years, vaccine development
efforts have been focused on induction of protective
immunity against surface colonisation factors (CFs) and the
heat-labile enterotoxin. Although vaccines that induce
immunity to heat-labile toxin offer protection against
diarrhoea from ETEC that produce this toxin, the benefit of
including CF antigens remains uncertain. We aimed to
estimate the protection that natural ETEC infections induce
against new infections.

Methods In Guinea-Bissau, we followed up 200 neonates
until up to age 2 years, most of whom were breastfed
throughout the study. We collected stool specimens from the
children every week irrespective of whether they had
diarrhoea. As a measure of protection, we used Cox
regression models to estimate the change in infection rates
after a primary ETEC infection. We thus estimated the
protection attributable to CFs, toxins, and to any other
factors that could be shared by ETEC with the same toxin-CF
profile. 

Findings ETEC infections induced a 47% (95% CI 12 to 69)
protection against new infections with ETEC that had 
the same toxin-CF profile; the corresponding estimate
attributable to CFs was –1% (–40 to 27). Infection with heat-
labile toxin-positive ETEC conferred a 45% (–1 to 70)
protection against symptomatic infections with ETEC positive
for this toxin. 

Interpretation For breastfed children living in endemic areas,
other antigens are substantially more important than CFs for
induction of protective immunity against ETEC infection. 

Lancet 2003; 362: 286–91

Introduction
ENTEROTOXIGENIC ESCHERICHIA COLI (ETEC) are an important
cause of diarrhoea in children in developing countries—an
estimated 380 000 deaths occur annually.1 ETEC are also
the main cause of travellers’ diarrhoea.2,3 Infections with
ETEC are often asymptomatic in people living in endemic
areas.4 ETEC that cause disease in human beings produce
one or more of three protein enterotoxins—porcine and
human heat-stable toxins and heat-labile toxin—and might
produce one or more of several different COLONISATION

FACTORS (CFs). These factors are protein surface antigens
that mediate adherence to the small intestinal mucosa.4 To
date, 21 different CFs have been identified.5,6 

In developing countries, the incidence of ETEC-
associated diarrhoea falls during the first 5 years of life,7

whereas children and adults from industrialised areas who
travel to these countries are susceptible to this type of
diarrhoea.2,3 This difference suggests that children who live
in endemic areas develop a natural immunity to ETEC over
time, which offers hope that effective vaccines can be
developed. 

During the past 25 years, the ETEC vaccine
development effort has been focused on induction of
PROTECTIVE IMMUNITY by immunisation with CF antigens
and antigens homologous to heat-labile toxin.8–11 CFs and
heat-labile toxin are targeted mainly because they are
present in ETEC that belong to a wide range of 
O-serogroups,12 and by contrast with porcine and human
heat-stable toxins,13 they elicit strong immune responses
during natural infections.14 Results of studies in man15–17 and
animals18–20 suggest that CFs might induce protective
immunity against diarrhoea from ETEC infection. So far,
results of a vaccine trial in human beings have shown that
immunisation with the cholera toxin B subunit, which
cross-reacts immunologically with the corresponding
subunit of the heat-labile toxin, offers protection against
diarrhoea from infection with ETEC that only produce the
heat-labile toxin.21 Results of a phase 3 (protective efficacy)
trial of a vaccine based on several different CFs8,22 showed
that travellers were protected against severe diarrhoeal
episodes, but not against diarrhoea in general.23

We undertook a cohort study of natural ETEC
infections.24 We wanted to estimate the protection induced
by these infections to create an evidence-base against which
future phase 3 trials in children living in developing
countries can be assessed. We aimed to estimate the
protection induced by primary ETEC infections against
new infections with ETEC positive for the same toxin,
against ETEC positive for one or more of the same CFs,
and against ETEC with the same toxin-CF profile. 

Methods
Participants
The present study was undertaken as part of a large cohort
study of the natural history of childhood intestinal
infections, done between Jan 25, 1996, and April 28, 1998,

Protection from natural infections with enterotoxigenic
Escherichia coli: longitudinal study

Hans Steinsland, Palle Valentiner-Branth, Håkon K Gjessing, Peter Aaby, Kåre Mølbak, Halvor Sommerfelt
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ENTEROTOXIGENIC E. COLI INFECTIONS IN CHILDREN

Håkon K. Gjessing (NIPH) Event history analysis Bergen, Thursday 4 November, 2021 40 / 41



ENTEROTOXIGENIC E. COLI INFECTIONS IN CHILDREN

Is there a protective effect of earlier infections?
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