
Confounding in health 
research

Part 2: adjustment and control

Madhukar Pai, MD, PhD
Assistant Professor of Epidemiology

McGill University
madhukar.pai@mcgill.ca

1



Quick Recap
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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
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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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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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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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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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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



Control of confounding: Outline

• Control at the design stage
– Randomization
– Restriction
– Matching

• Control at the analysis stage
– Conventional approaches

• Stratified analyses
• Multivariate analyses

– Newer approaches
• Graphical approaches using DAGs
• Propensity scores
• Instrumental variables
• Marginal structural models
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Control of confounding: at the 
design stage

• Options at the design stage:
– Randomization

• Reduces potential for confounding by generating groups that 
are fairly comparable with respect to known and unknown 
confounding variables (attempts to simulate a counterfactual 
contrast)

– Restriction
• Eliminates variation in the confounder (e.g. only recruiting 

males into the study will eliminate confounding by sex)

– Matching
• Involves selection of a comparison group that is forced to 

resemble the index group with respect to the distribution of 
one or more potential confounders
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Randomization
• Randomization

– Useful only for intervention studies
– Definition:  random assignment of study subjects to exposure 

categories (this breaks any links between exposure and 
confounders)

– The special strength of randomization is its ability to control/reduce 
the effect of confounding variables about which the investigator is 
unaware (i.e. both known and unknown confounders get 
distributed evenly because of randomization)

– Randomization does not always eliminate confounding
• Covariate imbalance after randomization can occur in small trials
• If there is “maldistribution” of potentially confounding variables after 

randomization (the reason for the classic “Table I: Baseline 
characteristics” in the randomized trial) then other confounding control 
options (see below) are applied

15
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Exposure                         Disease (outcome)

Confounder

Randomization breaks any links
between treatment and prognostic factors

E D

C

There can be no association between exposure and 
confounders (because intervention is randomly allocated)

X
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Aspirin                         Myocardial infarction

Example: aspirin to prevent MI

E D

Confounders: Obesity, smoking, family history of 
heart disease, etc

In a RCT, there can be no association between aspirin and 
confounders (because intervention is randomly allocated)

X
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Randomization resulted in highly comparable 
distribution of potential confounders; so 

confounding is not an issue!

Randomization results in groups with comparable distribution of confounders
Example: First RCT on circumcision and HIV



Restriction

• Confounding cannot occur if the distribution of the 
potential confounding factors do not vary across 
exposure or disease categories
– Implication of this is that an investigator may restrict study 

subjects to only those falling with specific level(s) of a 
confounding variable

• Extreme example: an investigator only selects subjects of 
exactly the same age or same sex.

• Advantages of restriction
– straightforward, convenient, inexpensive (but, reduces 

recruitment!)
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Restriction

• Disadvantages
– Will limit number of eligible subjects
– Will limit ability to generalize the study findings
– Residual confounding may persist if restriction 

categories not sufficiently narrow (e.g. “decade of 
age” might be too broad)

– Not possible to evaluate the relationship of interest at 
different levels of the confounder
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Matching

• Matching is commonly used in case-control studies (where each 
case is matched to a control)

• For example, if age and sex are the matching variables, then a 
35 year old male case is matched to a 35 year old male control

• Types:
– Pair matching (one to one individual matching)
– Frequency matching

• The use of matching usually requires special analysis 
techniques (e.g. matched pair analyses and conditional logistic 
regression)
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Matching

American Journal of Pharmaceutical Education 2004; 68 (3) Article 83 22



Matching

Kleinbaum, ActivEpi
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Matching

• Disadvantages of matching 
– Finding appropriate control subjects may be difficult and 

expensive and limit sample size
– Confounding factor used to match subjects cannot be itself 

evaluated with respect to the outcome/disease
– Obviously, matching does not control for confounding by 

factors other than that used to match
– The use of matching makes the use of stratified analysis (for 

the control of other potential but non-matched factors) very 
difficult

24



Matching

• Disadvantages of matching
– Matching is most often used in case- control studies 

because in a large cohort study the cost of matching 
may be prohibitive

• In a case-control study, matching may introduce confounding 
rather than eliminate confounding!

• Très compliqué and will be covered briefly here, but more in 
intermediate epi (EPIB603)
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Matching in a case control study
• Why can matching introduce confounding in a case-control study?

– The purpose of the control series in a case-control study is to permit 
an estimate of the person-time distribution of exposure in the source 
population (study base) from which cases arose

– In other words, controls selected for a case-control study are 
supposed to reflect the distribution of exposure in the source 
population. 

– If controls are selected to match the cases for a factor that is 
correlated with exposure, this will change the distribution of the 
control population away from the distribution in the source population

• then the crude exposure odds in controls is distorted in the direction of 
similarity to that of the cases (e.g. friend controls of the same age and 
sex).

– This will introduce a selection bias that is very similar to confounding.
– If the matching factor were perfectly correlated with the exposure, 

the exposure distribution of controls would be identical to cases, and 
the crude OR estimate would be 1.0
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Matching in case control studies

• So, matching (whose well-meaning goal is to reduce confounding) 
does not attain that objective in case-control studies
– It substitutes a new confounding structure for the old one
– At times, it will introduce new confounding where none previously 

existed
– So, use matching with caution
– If you must match, then match on a strong confounder

• The confounding introduced by matching into a case-control study is 
not irremediable
– The proper form of analysis is needed in matched studies in order to 

reduce the confounding introduced by matching
• Matched Odds Ratios
• Conditional logistic regression
• General rule: paired data must be treated as such in the analysis (do not 

break up the pairs!)
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Matched odds ratio

Control
Exposed Not exposed

Case Exposed a b

Not exposed c d

Matched OR (mOR) = b/c

Definition: OR in a matched case-control study is defined as the 
ratio of the number of pairs a case was exposed and the control 
was not to the number of ways the control was exposed and the 

case was not

The pairs in cells A and D do not contribute any information since 
they are concordant
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Control of confounding: at the 
analysis stage

• Unlike selection and information bias, confounding is one 
type of bias that can be, to some extent, adjusted in the 
analysis

• Options at the analysis stage:
– Stratification
– Multivariate methods

• To control for confounding in the analyses, one must 
measure the confounders in the study!
– Investigators usually do this by collecting data on all known, 

previously identified confounders
– A sound knowledge of disease biology will help decide what to 

measure
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Stratification
• Objective of stratified analysis is to “fix” the level of the 

confounding variable and produce groups within which 
the confounder does not vary

• Then evaluate the exposure-disease association within 
each stratum of the confounder

• Within each stratum, the confounder cannot confound 
because it does not vary

• Question: Who is an epidemiologist?
• Answer: A physician broken down by age and sex!

30
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Stratified Analysis: graphic approach
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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 OR (e.g. M-H)

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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Mantel-Haenszel (M-H) estimators of 
adjusted effects from stratified data

Case-Control Study:

ORMH = ∑(ad / T)i

∑(bc / T)i

Cohort Study with Count Denominators:

RRMH = ∑{a(c + d) / T}i

∑{b(a + b) / T}I

Cohort Study with Person-years Denominators:

RRMH = 
∑{a(PY0) / T} i
∑{b(PY1) / T}i
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UC Berkeley
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Webb. Essential Epidemiology, Cambridge Univ Press.
35



Observational Study on Vit E and Coronary 
Heart Disease

Fitzmaurice, 2004

Crude OR = (50)(384)/(501)(65) = 0.59

Are there potential confounders that can explain this crude OR? 36



Vitamin E                                        CHD

Confounding factor:
Smoking

Stratify on the 
confounding 

variable

Could reduced smoking among Vit E users partly 
explain the observed protective effect?
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Stratified Analyses (by smoking status)

Fitzmaurice, 2004

OR (smokers) = (11)(200)/(40)(49) = 1.12

OR (non-smokers) = (39)(184)/(461)(16) = 0.97 

Stratum 1

Stratum 2
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• Before adjusting for smoking, Vit E had a strong 
protective effect (Crude OR=0.59)

• After stratification, there is little evidence of an 
association between vitamin E and CHD after 
controlling for smoking (Stratum-specific ORs 
1.1 & 0.97)

• Why is there an apparent contradiction with the 
results obtained from the crude data?

• Vitamin E group contains considerably fewer 
smokers (9.3% versus 55.5%), thereby 
decreasing this group's apparent risk of CHD

Inference

Fitzmaurice, 2004
39



• Confounding “pulls” the observed 
association away from the true association
– It can either exaggerate/over-estimate the true 

association (positive confounding)
• Example

– RRcausal = 1.0
– RRobserved = 3.0

or
– It can hide/under-estimate the true association 

(negative confounding)
• Example

– RRcausal = 3.0
– RRobserved = 1.0

Direction of Confounding Bias

40



Crude

Stratum 1 Stratum 2

ORCrude

OR1 OR2

Limitations of Stratified Analyses

Stratum 1 Stratum 1Stratum 2 Stratum 2

Confounder 1

Confounder 2

“Sparseness of data” problem
Computational and interpretational difficulties 41



Multivariate Analysis
• Stratified analysis works best when there are 

few strata (i.e. if only 1 or 2 confounders have to 
be controlled)

• If the number of potential confounders is large, 
multivariate analyses offer the only real solution
– Can handle large numbers of confounders 

(covariates) simultaneously (e.g. in the Vit E example, 
one could control for smoking, alcohol, physical 
activity, diet, in the same analysis)

– Based on statistical regression “models”
• E.g. logistic regression, multiple linear regression

– Always done with statistical software packages (e.g. 
SAS, Stata)

• Multivariate analysis was a nightmare before the advent of 
microcomputers and software options!

42



Computing has come a long way! 43



Multivariate Analysis: Demo
• Example: Association between preterm labor and low birth weight
• N = 189 subjects
• Outcome: low birth weight [low] (yes=1; no=0)
• Main exposure of interest: History of preterm labor [ptl] (yes=1; no=0)
• Covariates:

– Smoking status of mother [smoke] (yes=1; no=0)
– Age (mother’s age in years)
– Race (0=white; 1=black/others)

Data adapted from Hosmer & Lemeshow. Applied Logistic Regression, Wiley, 2000
44



• Outcome: low birth weight [low] (yes=1; no=0)
• Main exposure of interest: History of premature labor [ptl] (yes=1; no=0)
• 59/189 (31%) were low birth weight
• Crude association: OR = 4.31

Bivariate analysis: Preterm labor and low birth weight

45



Mantel-Haenszel adjusted OR:

Stratified analysis (by smoking status)
Preterm labor and low birth weight

Crude OR = 4.31
OR (smokers) = 4.22
OR (non-smokers) = 3.47
M-H (adjusted) OR = 3.88

46



Model 1: Logistic regression model with no covariates (unadjusted)

Multivariate analysis:
Preterm labor and low birth weight

OR is the same as we got from a simple 2 x 2 table

47



Model 2: Logistic regression model with covariates (adjusted)
– ORs are adjusted for only smoking

Multivariate analysis:
Preterm labor and low birth weight

After adjusting for smoking, the
OR is significant and strong, but less than the crude OR

48



Model 3: Logistic regression model with all covariates (adjusted)
– ORs are adjusted for age, race and smoking

Multivariate analysis:
Preterm labor and low birth weight

After adjusting for age, race and smoking, the
OR is significant and strong, but less than the crude OR;

Smoking and race also appear to be independent risk factors for low birth weight
49



Logistic regression equation

• General:
– ln (odds of disease) = a + b1X1 + b2X2 + b3X3 + b4X4 

– Where, a is the intercept; b1 b2 etc are the beta coefficients; and 
X1, X2, etc are covariates in the model

• Low birth weight study:
– ln (odds of low birth wt) = a + b1(preterm labor) + b2(age) + 

b3(race) + b4(smoking)
– From the final model, we can get ORs for each covariate by 

generating the exponential of the beta coefficients (i.e. eb)

More on this in EPIB621
and computer lab on Oct 21

50



Residual confounding
• Confounding can persist, even after adjustment
• Why?

– All confounders were not adjusted for (unmeasured confounding)
– Some variables were actually not confounders!
– Confounders were measured with error (misclassification of 

confounders)
– Categories of the confounding variable are improperly defined 

(e.g. age categories were too broad)

51



Residual confounding: a case study

52



Residual confounding: a case study

AJRCCM 2004
53



Residual confounding: a case study

• In the observational component of the Multiple Risk Factor Intervention 
Trial, subjects were followed to determine whether changes in risk 
behaviour (e.g. smoking cessation) reduces the risk of coronary heart 
disease

• A coincidental finding was an increased risk of suicide among smokers. 
• After adjustment for a large number of confounding factors, compared with 

non-smokers, the RRs of suicide for those who smoked 1–19, 20–39, 40–59 
and ≥60 cigarettes per day were 1.4, 1.9, 2.3 and 3.4, respectively 
(significant trend).

• One explanation is that depressed people tend to smoke and also to commit 
suicide. 

• That is, depression confounded the association; it produced a statistically 
significant, but nevertheless spurious, dose-response relationship

• The confounding effect of depression could not be eliminated because it 
was not adequately defined or measured.

J Fam Plann Reprod Health Care 2008; 34(3): 185–190
Lancet. 1992 Sep 19;340(8821):709-12. 
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Overadjustment and unnecessary 
adjustment 
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Overadjustment bias is control for an intermediate variable 
(or a descending proxy for an intermediate variable) on a 

causal path from exposure to outcome

56

Example: mediating role of triglycerides (M) in the 
association between prepregnancy body mass index 
(E) and preeclampsia (D)

If M is adjusted for, then the causal effect will be 
biased towards null 

Example: adjusting for prior history of spontaneous 
abortion (M); an underlying abnormality in the 
endometrium (U) is the unmeasured intermediate 
caused by smoking (E), and is a cause of prior (M) and 
current (D) spontaneous abortion. M is a “descending” 
proxy for the intermediate variable U.

If U is adjusted for, the observed association between 
the exposure E and outcome D will typically be biased 
toward the null with respect to the total causal effect

Schisterman E et al. Epidemiology 2009



Content area expertise is important for 
evaluation of confounding

Know your field!! 57



Newer approaches to address 
confounding

• Mostly based on the counterfactual 
causality model
– Causal graphs (Directed Acyclic Graphs) 

[Pearl 2000]
– Marginal structural models (Robins 2000)
– Propensity score analysis (Rubin 1974; 

Rosenbaum & Rubin 1983)

You are not responsible for this material
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Graphical solutions to the adjustment problem 
(based on directed acyclic graphs [DAG])

Pearl J. Causality: models, reasoning and inference. 
Cambridge: Cambridge University Press, 2000 

Greenland S, Pearl J, Robins JM. 
Causal diagrams for epidemiologic 
research. Epidemiology 
1999;10(1):37-48. 
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Confounders vs. Confounding

X Outcome
Which measurements should be included in the model if we are interested in 
the relation between X and Outcome? 

Graphical solutions to the adjustment problem

Pearl J. Causality: models, reasoning and inference. Cambridge: Cambridge University Press, 2000 
Slide:

Shrier, I
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X Outcome

Z1

Z2

Which measurements should be included in the model if we are interested in 
the relation between X and Outcome? Do Z1 and Z2 remove confounding?

Confounders vs. Confounding

Pearl J. Causality: models, reasoning and inference. Cambridge: Cambridge University Press, 2000 

Graphical solutions to the adjustment problem

Slide:
Shrier, I
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PEARL’S RULES

X Outcome

Z1

Z2

Step 1: Z1 and Z2 should not be descendents of X.
Step 2: Delete all non-ancestors of {X, Outcome, Z1 and Z2}.

Which measurements should be included in the model if we are interested in 
the relation between X and Outcome? Do Z1 and Z2 remove confounding?

Graphical solutions to the adjustment problem

Slide:
Shrier, I
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PEARL’S RULES

X Outcome

Z1

Z2

Step 3: Delete all arcs emanating from X.

Which measurements should be included in the model if we are interested in 
the relation between X and Outcome? Do Z1 and Z2 remove confounding?

Graphical solutions to the adjustment problem

Slide:
Shrier, I
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PEARL’S RULES

X Outcome

Z1

Z2

Step 4: Connect any two parents sharing a common child.

Which measurements should be included in the model if we are interested in 
the relation between X and Outcome? Do Z1 and Z2 remove confounding?

Graphical solutions to the adjustment problem

Slide:
Shrier, I
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PEARL’S RULES

X Outcome

Z1

Z2

Step 5: Strip arrow-heads from all edges.

Which measurements should be included in the model if we are interested in 
the relation between X and Outcome? Do Z1 and Z2 remove confounding?

Graphical solutions to the adjustment problem

Slide:
Shrier, I
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PEARL’S RULES

X Outcome

Z1

Z2

Step 5: Strip arrow-heads from all edges.

Which measurements should be included in the model if we are interested in 
the relation between X and Outcome? Do Z1 and Z2 remove confounding?

Step 6: Delete all lines from Z1 and Z2.

Graphical solutions to the adjustment problem

Slide:
Shrier, I
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PEARL’S RULES

X Outcome

Z1

Z2

If X is disconnected from Outcome, then there is no confounding

Which measurements should be included in the model if we are interested in 
the relation between X and Outcome? Do Z1 and Z2 remove confounding?

Pearl J. Causality: models, reasoning and inference. Cambridge: Cambridge University Press, 2000 

Graphical solutions to the adjustment problem

Slide:
Shrier, I
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Newer analytical methods to 
address confounding

• Marginal structural models & 
propensity scores

• Build on previously used methods 
such as “multivariate confounder 
scores” (Miettinen 1976) and 
“propensity scores” (Rosenbaum & 
Rubin)

• Use a new class of estimators, the 
inverse-probability-of-treatment 
weighted estimators

• Particularly helpful for observational 
studies with exposures (or 
treatments) that vary over time and 
are affected by time-dependent 
confounders

Robins et al. Epidemiology. 2000 Sep;11(5):550-60 

Rosenbaum PR, Rubin DB. Biometrika (1983) 70:41–55 68
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Readings for this lecture

•Rothman text:
Chapter 8

•Gordis text:
Chapters 15
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