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Why is confounding so important in 
epidemiology?

 BMJ Editorial: “The scandal of poor epidemiological 
research” [16 October 2004]
 “Confounding, the situation in which an apparent 

effect of an exposure on risk is explained by its 
association with other factors, is probably the 
most important cause of spurious associations in 
observational epidemiology.”

BMJ 2004;329:868-869 (16 October) 
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Overview

 Causality is the central concern of epidemiology
 Confounding is the central concern with establishing 

causality
 Confounding can be understood using at least 4 

overlapping approaches
 A strong understanding of various approaches to 

confounding and its control is essential for all those 
who engage in health research
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Causality (etio-gnosis): the central 
concern of epidemiology

 Most fundamental application of 
epidemiology: to identify etiologic (causal) 
associations between exposure(s) and 
outcome(s)

Exposure Outcome
?
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Contradictory causal claims have greatly 
tarnished the reputation of epidemiology
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Question: Do you want to reduce 
your risk of Alzheimer’s?

Answer: be dutiful and conscientious about your 
601 coursework! 



7

Here is why…
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Confounding: a central concern 
with etiologic research

 Confounding is one of the most important issues 
with establishing causality in epidemiologic research

 Spurious causal claims may often be due to 
unaddressed confounding

 Most of us intuitively understand confounding, even 
if we have never formally studied it!
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Who has higher wound infection 
rates: junior or senior 
surgeons?

Anti-snake venom: too much is fatal? 
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Adapted from: Maclure, M, Schneeweis S. Epidemiology 2001;12:114-122.

Causal Effect

Random Error

Confounding

Information bias (misclassification)

Selection bias

Bias in inference

Reporting & publication bias

Bias in knowledge use

Confounding is one of the key biases in identifying 
causal effects

RRcausal
“truth”

RRassociation



11

Confounding: 
4 ways to understand it!

1. “Mixing of effects”
2. “Classical” approach based on a priori

criteria
3. Collapsibility and data-based criteria
4. “Counterfactual” and non-comparability 

approaches
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First approach:
Confounding: mixing of effects

 “Confounding is confusion, or mixing, of 
effects; the effect of the exposure is mixed 
together with the effect of another variable, 
leading to bias” - Rothman, 2002

Rothman KJ. Epidemiology. An introduction. Oxford: Oxford University Press, 2002 

Latin: “confundere” is to mix together
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Example
Association between birth order and Down syndrome 

Source: Rothman 2002 Data from Stark and Mantel (1966) 
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Source: Rothman 2002 

Association between maternal age and Down syndrome 

Data from Stark and Mantel (1966) 
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Source: Rothman 2002 

Association between maternal age and Down syndrome, stratified by 
birth order 

Data from Stark and Mantel (1966) 
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Mixing of Effects: the water pipes analogy

Adapted from Jewell NP. Statistics for Epidemiology. Chapman & Hall, 2003

Exposure Outcome

Confounder

Mixing of effects – cannot separate the effect of exposure from that of confounder

Exposure and disease
share a common cause (‘parent’)
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Mixing of Effects: “control” of the confounder

Adapted from: Jewell NP. Statistics for Epidemiology. Chapman & Hall, 2003

Exposure Outcome

Confounder

Successful “control” of confounding (adjustment)

If the common cause (‘parent’)
is blocked, then the exposure –
disease association becomes 

clearer
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Second approach: “Classical” approach 
based on a priori criteria

 A factor is a confounder if 3 criteria are met:
 a) a confounder must be causally or noncausally 

associated with the exposure in the source population 
(study base) being studied;

 b) a confounder must be a causal risk factor (or a 
surrogate measure of a cause) for the disease in the 
unexposed cohort; and

 c) a confounder must not be an intermediate cause (in 
other words, a confounder must not be an intermediate 
step in the causal pathway between the exposure and the 
disease)

“Bias of the estimated effect of an exposure on an outcome 
due to the presence of a common cause of the exposure 
and the outcome” – Porta 2008
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Exposure                         Disease (outcome)

Confounder

Confounding Schematic

E D

C

Szklo M, Nieto JF. Epidemiology: Beyond the basics. Aspen Publishers, Inc., 2000.
Gordis L. Epidemiology. Philadelphia: WB Saunders, 4th Edition. 
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Exposure Confounder

Intermediate cause

E DC
Disease
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Exposure

Confounder

General idea: a confounder could be a 
‘parent’ of the exposure, but should not be 
be a ‘daughter’ of the exposure

E D

C

Disease



Example of schematic (from Gordis)
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Birth Order                        Down Syndrome

Confounding factor:
Maternal Age

Confounding Schematic

E D

C
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HRT use                          Heart disease

Confounding factor:
SES

Are confounding criteria met?
Association between HRT and heart disease
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BRCA1 gene                          Breast cancer

Confounding factor:
Age

Are confounding criteria met?

x

Should we adjust for age, when evaluating the association 
between a genetic factor and risk of breast cancer?

No!
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Sex with multiple partners                        Cervical cancer

Confounding factor:
HPV

Are confounding criteria met?
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Sex with 
multiple 
partners

HPV Cervical 
cancer

What if this was the underlying causal 
mechanism?



28

Obesity                                           Mortality

Confounding factor:
Hypertension

Are confounding criteria met?
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Obesity Hypertension Mortality

What if this was the underlying causal 
mechanism?
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Direct vs indirect effects

Obesity Hypertension Mortality

Obesity Hypertension Mortality

Direct effect

Indirect effect

Indirect effect

Direct effect is portion of the total effect that does not act via an intermediate cause 
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Confounding



32http://pkedu.fbt.wur.nl/cora/demosite/
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Simple causal graphs

E DC

Maternal age (C) can confound the association 
between multivitamin use (E) and the risk of certain 

birth defects (D) 

Hernan MA, et al. Causal knowledge as a prerequisite for confounding evaluation: an application 
to birth defects epidemiology. Am J Epidemiol 2002;155(2):176-84. 
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Complex causal graphs

Hernan MA, et al. Causal knowledge as a prerequisite for confounding evaluation: an 
application to birth defects epidemiology. Am J Epidemiol 2002;155(2):176-84. 

E DC

U

History of birth defects (C) may increase the chance of 
periconceptional vitamin intake (E). A genetic factor (U) could 
have been the cause of previous birth defects in the family, and 
could again cause birth defects in the current pregnancy 
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A

E D

C

Smoking

BMI

Calcium 
supplementation

Bone 
fractures

U

B

Physical 
Activity

Source: Hertz-Picciotto

More complicated causal graphs!



The ultimate complex causal graph!

36A PowerPoint diagram meant to portray the 
complexity of American strategy in Afghanistan! 
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Confounding
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Third approach: Collapsibility and data-
based approaches

 According to this definition, a factor is a confounding 
variable if
 a) the effect measure is homogeneous across the strata 

defined by the confounder and
 b) the crude and common stratum-specific (adjusted) effect 

measures are unequal (this is called “lack of collapsibility”) 

 Usually evaluated using 2x2 tables, and simple 
stratified analyses to compare crude effects with 
adjusted effects

“Collapsibility is equality of stratum-specific measures of effect with the crude 
(collapsed), unstratified measure” Porta, 2008, Dictionary
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Crude vs. Adjusted Effects

 Crude: does not take into account the effect of the 
confounding variable

 Adjusted: accounts for the confounding variable(s) 
(what we get by pooling stratum-specific effect 
estimates)
 Generating using methods such as Mantel-Haenszel 

estimator
 Also generated using multivariate analyses (e.g. logistic 

regression)
 Confounding is likely when:
 RRcrude =/=  RRadjusted
 ORcrude =/=  ORadjusted
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Hormone replacement therapy and 
cardiovascular disease

BMJ 2004;329:868-869 (16 October) 
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For a more in-depth analysis of this 
case study, see B-File #1
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Crude 2 x 2 table
Calculate Crude OR (or RR)

Stratify by Confounder

Calculate OR’s 
for each stratum

If stratum-specific OR’s are similar,
calculate adjusted RR (e.g. MH)

Crude

Stratum 1 Stratum 2

If Crude OR =/= Adjusted OR,
confounding is likely

If Crude OR = Adjusted 
OR, confounding is 
unlikely

ORCrude

OR1 OR2

Stratified Analysis
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Kleinbaum, ActivEpi

Stratified Analysis: Example
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Kleinbaum, ActivEpi
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We say we are “controlling for smoking”
and smoking is a “control variable”.

Kleinbaum, ActivEpi
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Kleinbaum, ActivEpi
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Kleinbaum, ActivEpi
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Examples: crude vs adjusted RR

Study Crude RR Stratum1 
RR

Stratum2 
RR

Adjusted 
RR

Confound
ing?

1 6.00 3.20 3.50 3.30

2 2.00 1.02 1.10 1.08

3 1.10 2.00 2.00 2.00

4 0.56 0.50 0.60 0.54

5 4.20 4.00 4.10 4.04

6 1.70 0.03 3.50
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Fourth approach: Causality: 
counterfactual model

 Ideal “causal contrast” between exposed and 
unexposed groups:
 “A causal contrast compares disease frequency 

under two exposure distributions, but in one target 
population during one etiologic time period”

 If the ideal causal contrast is met, the observed 
effect is the “causal effect”

Maldonado & Greenland, Int J Epi 2002;31:422-29
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Iexp

Iunexp
Counterfactual, unexposed cohort

Exposed cohort

Ideal counterfactual comparison to determine causal effects

RRcausal = Iexp / Iunexp
“A causal contrast compares disease frequency under two exposure distributions, but in one
target population during one etiologic time period”

Maldonado & Greenland, Int J Epi 2002;31:422-29

“Initial conditions” are identical in 
the exposed and unexposed groups 
– because they are the same 
population!
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Iexp

Iunexp

Counterfactual, unexposed cohort

Exposed cohort

Substitute, unexposed cohort

Isubstitute

What happens actually?

counterfactual state 
is not observed

A substitute will usually be a population other than the target population 
during the etiologic time period  - INITIAL CONDITIONS MAY BE 
DIFFERENT
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What happens actually?

RRassoc = Iexp / Isubstitute

RRcausal = Iexp / Iunexp IDEAL

ACTUAL



53

Counterfactual definition of confounding

 “Confounding is present if the substitute 
population imperfectly represents what the 
target would have been like under the 
counterfactual condition”
 “An association measure is confounded (or biased 

due to confounding) for a causal contrast if it does 
not equal that causal contrast because of such an 
imperfect substitution”

Maldonado & Greenland, Int J Epi 2002;31:422-29

RRcausal  =/= RRassoc
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Counterfactual, unexposed cohort

Exposed cohort

Substitute, unexposed cohort

“Confounding is 
present if the 
substitute 
population 
imperfectly 
represents what 
the target would 
have been like 
under the 
counterfactual 
condition”

Maldonado & Greenland, Int J Epi 2002;31:422-29
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Simulating the counter-factual comparison:
Experimental Studies: RCT

Randomization helps to make the groups “comparable” (i.e. similar 
initial conditions) with respect to known and unknown confounders

Therefore confounding is unlikely at randomization - time t0

Eligible patients

Treatment

Randomization

Placebo

Outcomes

Outcomes
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Simulating the counter-factual comparison:
Experimental Studies: Cross-over trials

Although cross-over trials come close to the ideal of counterfactual 
comparison, they do not achieve it because a person can be in only 
one study group at a time; variability in other exposures across time 
periods can still introduce confounding (Rothman, 2002)

Eligible patients

Treatment

Randomization

Placebo

Treatment

Placebo
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Simulating the counter-factual comparison:
Observational Studies

Disease present

Disease absent

Disease present

Disease absent

Exposed

Not exposed

compare rates

PRESENT FUTURE

In observational studies, because exposures are not assigned randomly, 
attainment of exchangeability is impossible – “initial conditions” are likely 
to be different and the groups may not be comparable

Confounding is ALWAYS a concern with observational designs!



Confounding in observational 
studies vs randomized trials

 Two case studies:
 Male circumcision and HIV
 Aspirin to reduce cardiovascular mortality

58



59

Example: Does male circumcision reduce risk 
of HIV?

Many observational studies had shown a protective effect, but it was 
impossible to be sure



60

Cochrane review in 2005: confounding was a 
major concern

Observational studies had major limitations, especially confounding
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Confounders considered in the Cochrane 
review

Siegfried N et al. Lancet Infect Dis 2005
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In 2005, first RCT gets published

First RCT showed 
a big effect – 60% 

protection!
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Randomization resulted in highly comparable 
distribution of potential confounders; so 

confounding is not an issue!

First RCT: comparability of the randomized groups
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In 2007, two other RCT 
confirm the first RCT findings
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UNAIDS endorsed 
this intervention in 

2007

Meta-analysis of 3 RCTs in 2008
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“Circumcision has been proven to reduce a man’s 
risk of contracting HIV by more than half. Yet two 

years after the WHO recommended the surgery, the 
government here still does not provide it to help fight 
the disease or educate the public about its benefits.” 

Modelling studies show large benefits But not reaching the target groups?



Another example: Confounding by indication (a 
huge concern with pharmacoepi studies)

67



RCT on aspirin for reducing 
cardiovascular mortality

68

After the trial was stopped early, all participants were then offered the 
opportunity to take aspirin, and the study population remained under 
observation. Some participants chose to take aspirin while others did 

not take it or stopped taking after a while.



Observational follow-up of the same 
RCT population

69
Subjects who chose to take aspirin for 180 days or more (compared with nonusers) were: 1) slightly heavier, 2) 

slightly older, 3) about 30% more likely to have a family history of MI, 4) almost 20% more likely to be under 
treatment of hypertension, 5) almost 50% more likely to be under treatment to lower their cholesterol (and still 

had higher cholesterol levels), and 6) about 45% more likely to be daily alcohol drinkers.



So, major difference between RCT and 
observational designs

70

Randomization ensured that aspirin 
was not selectively offered to, for 
example, older males who smoke, 
are overweight, and have family 
history of cardiovascular problems. 
Thus, confounding by these factors is 
unlikely to occur.

In observational studies, it is likely 
that aspirin users will be older, 
smokers, overweight, have already 
had cardiovascular events, and/or 
have comorbid conditions. These 
factors will result in confounding by 
indication because they are also 
associated with the outcome.



Healthy-user bias

71
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Readings for this module

 Rothman text:
 Chapters 5 and 

8

 Gordis text:
 Chapters 14 and 

15
 B-File #7 

(confounding by 
indication)
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