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Directed Acyclic Graphs (DAGs)
And Causal Structures of  Systematic Biases
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Cindy Leung, ScD, MPH
Center for Health and Community

Highlights from Week #1
 Theories of causal inference

• Inductive

• Deductive

• Other (refutationist, Bayesian)

Causal models (heuristics)

• A. Bradford Hill’s causal guidelines

• Sufficient-component cause model (‘causal pies’)

• Counterfactual model (‘potential outcomes’)

• Graphic models (DAGs)

• Agent-based modeling (multi-dimensional causal matrix)

 Practice of causal inference
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Highlights from Week #1

 Sufficient-component cause model 

• Advantages: 

‒ Useful for examining multiple risk factors that act in concert

‒ Can show interactions among causes

• Disadvantages: 

‒ Omits discussion of origins of causes

‒ Focuses on proximal causes

‒ Ignores induction period

‒ Does not address indirect effects

‒ Focuses on causes of diseases in individuals or groups, but not in populations

‒ Does not consider factors that control distributions of risk factors

‒ Ignores dynamic non-linear relations

1/12/2017

Highlights from Week #1

Counterfactual model

• Can be applied at the individual or population level

• Specifies what would happen to individuals or populations under alternative patterns of 
exposure

• Forces researchers to think about operational definitions of cases and controls, sampling 
schemes, and other important design questions

• One of the two conditions in the definitions of the effect measures must be contrary to the 
fact – exposures or treatment vs. a reference condition

• More on this in this lecture!
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 Theories of causal inference

• Inductive

• Deductive

• Other (refutationist, Bayesian)

Causal models (heuristics)

• A. Bradford Hill’s causal guidelines

• Sufficient-component cause model (‘causal pies’)

• Counterfactual model (‘potential outcomes’)

• Graphic models (DAGs)

• Agent-based modeling (multi-dimensional causal matrix)

 Practice of causal inference

1/12/2017

“Causal diagrams can provide a starting 
point for identifying variables that must 
be measured and controlled to obtain 
unconfounded effect estimates. They 
also provide a method for critical 
evaluation of traditional epidemiologic 
criteria for confounding.“
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Learning Objectives

Understand rules for causal DAGs

Examine DAGs depicting confounding bias

Examine DAGs depicting selection bias

Apply DAGs to real-life studies

Discuss current controversies around DAGs
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Causal DAGs

DAGs are used to:

• Think conceptually about causal inference

• Identify sources of bias in a study

• Identify approaches to study design and analysis to eliminate systematic bias and to 
help identify average causal effects

D: Directed

A: Acyclic

G: Graphs
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Causal DAGs
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L1 A1 L2 A2 Y3

Vocabulary for Causal DAGs

Nodes: variables

Direct effect: A directly affects Y if there is one arrow from A to Y

 Indirect effect: A indirectly affects Y if there is an intermediate between A to Y

1/12/2017
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Vocabulary for Causal DAGs

Descendants: variables directly affected by your variable of interest

Ancestors: variables that directly affect your variable of interest

Path: Any sequence of arrows that connect two variables

Collider: A variable directly affected by two variables

1/12/2017

Examples of  causal DAGs

Marginally randomized experiment

A Y

Conditionally randomized experiment

L A Y

1/12/2017
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Drawing causal DAGs

 Identify all random variables of interest/ common causes 
of exposure and outcome

• A DAG is causal only if all common causes are shown

• Variables not common causes do not need to be shown

Variables drawn in temporal order

Draw arrows in direction of causation

Complete DAGs do not make any assumptions

Missing arrows convey expert knowledge about the 
association of interest

1/12/2017

Two variables are associated if...

1) Direct causal effect

A Y

• A: high red meat intake Y: colorectal cancer

• B: heme iron

1/12/2017
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Two variables are associated if...

2) Shared common causes

L A Y

• A: high white potatoes intake Y: colorectal cancer

• L: high red meat intake

1/12/2017

Two variables are associated if...

3) Conditioning on a common effect

• Sometimes called “collider bias”

A Y C

• A: raining Y: sprinkler turned on

• C: wet grass

1/12/2017
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Two variables are associated if...

3.1) Conditioning on the descendant of a common effect

A Y C L

• A: raining Y: sprinkler turned on

• C: wet grass L: slipped on the grass

1/12/2017

D-separation terminology

Set of graphical rules to decide whether two variables are:

• Independent (d-separated)

• Associated (d-connected)

Path is any arrow-based route between two variables in the graph

• Not dependent on arrow directions

• Paths can be blocked or open according to a specific set of rules

Conditioning

• Comparing the levels of one variable with another

• Study design phase: restriction, matching

• Study analysis phase: stratification, adjustment via regression

1/12/2017
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D-separation rules

Each path goes between the exposure and the outcome

• Disregard the arrow directions

• Do not pass through a node more than once

1/12/2017
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D-separation rules

A path is blocked:

• If there is a collider

• When conditioning on a non-collider

1/12/2017
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D-separation rules

A path is open: 

• When no non-colliders have been conditioned

• When conditioning on a collider

• When conditioning on a descendent of a collider

1/12/2017

Sample DAGs – test your knowledge

1/12/2017

A Y

A B Y

A Y  L C

A Y L1

2

3

4

5
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Learning Objectives

Understand rules for causal DAGs

Examine DAGs depicting confounding bias

Examine DAGs depicting selection bias

Apply DAGs to real-life studies

Discuss current controversies around DAGs
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Confounders

Standard definition

• L is associated with A 

• L is associated with Y independent of A

• L is not on the causal pathway between A and Y

Collapsibility definition

• L is a confounder if conditional on L, the association between A and Y is 
different from the unconditional association

Causal definition

• A variable that can be used to block a backdoor path

1/12/2017
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Confounding

Bias due to common causes 

• The exposed and unexposed are not exchangeable

1/12/2017

Confounding : an example

 L: Education

A: Aspirin use

Y: Heart disease

1/12/2017
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Confounder?

U L A Y

U L A Y

• Is confounding present?
• Which variable(s) 

encompass the standard 
definition of a confounder?

• Which variable(s) can be 
used to block the backdoor 
path between A and Y?
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Another example

U: Genetic factor

 L: Family history of malformation

A: Multivitamin use during pregnancy

Y: Congenital malformation

U L A Y
122

2

Hernan et al., Causal knowledge as a Prerequisite for Confounding Epidemiology: An Application to Birth Defects Epidemiology. AJE 2002. 

1/12/2017
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Proxies for confounders

U: Socioeconomic status

L: Education, income

A: Poor diet

Y: Obesity

Unmeasured confounding exists even after conditioning on L. 

The strength of the association between U and L can indicate degree of 
unmeasured confounding.

U A Y
L

1/12/2017

So what?

We need expert knowledge to determine if we should adjust for a 
variable

• Statistical criteria are insufficient

Causal DAGs allow us to integrate expert knowledge into an 
analysis to identify true confounders

1/12/2017
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Neighborhood violence and CVD

Fleischer NL, Diez Roux AV. Using directed acyclic graphs to guide analyses of neighbourhood effects: an introduction. JECH 2009. 

1/12/2017

Neighborhood violence and CVD

Fleischer NL, Diez Roux AV. Using directed acylic graphs to guide analyses of neighbourhood effects: an introduction. JECH 2009. 

1/12/2017



1/20/2017

20

Learning Objectives

Understand rules for causal DAGs

Examine DAGs depicting confounding bias

Examine DAGs depicting selection bias

Apply DAGs to real-life studies

Discuss current controversies around DAGs
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Selection/ Collider bias

Naughty

Santa

Nice

1/12/2017
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Selection/ Collider bias

Naughty

Santa

Nice

Candy cane

1/12/2017

Selection bias

Systematic bias due to the selection of subjects into the study or 
the analysis

• Conditioning on a common effect 

‒Survival

‒Diagnosis with disease

‒Selection into a study

‒Complete data

1/12/2017
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Differential loss to Follow-Up

A: Antiretroviral therapy

Y: AIDS

C: Lost during follow-up

 L: CD4 count

U: Immunologic status

1/12/2017

Differential loss to Follow-Up

A: Antiretroviral therapy

Y: AIDS

C: Lost during follow-up

 L: CD4 count

U: Immunologic status

U*: Health behaviors

A L C Y

U

U*
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Volunteer/ self-selection

A: Smoking

Y: Heart disease

C: Volunteer to participate

L: Awareness of heart disease

U: Family history of heart disease

1/12/2017

Healthy Worker Bias

A: Occupational exposure

Y: Death

C: Being at work

L: Self-reported health status

U: Underlying health status

1/12/2017
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What do these DAGs have in common?

All DAGs represent conditioning on a common effect of:

• The exposure and the outcome, or

• A cause of the exposure and a cause of the outcome

• Not controlled by the investigator (usually)

The conditioning of the common effect opens an alternate path from A to Y 
that is not the direct effect of interest

• Unlike confounding, not a backdoor path

• Perhaps a “frontdoor path”?

1/12/2017

Control of  selection bias

 In the design phase:

• Sample controls in a manner that ensure that they represent the exposure distribution 
in the population

 In the analytic phase:

• Stratification

• IPW

1/12/2017
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Confounding or Selection Bias?

A: Physical Activity

Y: Heart disease

C: Being a firefighter

 L: Parental SES

U: Attraction to activities that involve physical activity

C A Y

L

U

1/12/2017

Confounding or Selection Bias?

A: Aspirin use

Y: Stroke

 L: Gastrointestinal bleeding

U: Underlying health status

A0 L1 A1 Y2

U

1/12/2017
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Learning Objectives

Understand rules for causal DAGs

Examine DAGs depicting confounding bias

Examine DAGs depicting selection bias

Apply DAGs to real-life studies

Discuss current controversies around DAGs
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Drawing a DAG

 Identify all the variables of interest

• Exposure, outcome, common causes, modifying variables, common effects, selection factors, etc. 

• Draw on the expert knowledge of your field and research team

• Draw your DAG before running any analyses (not data driven) and preferably BEFORE you collect 
any data

 List your variables in temporal order (so arrows point to the right)

 Find all paths between the exposure and the outcome

• Distinguish between causal and non-causal paths

• Distinguish between open and closed paths

 Determine the minimally sufficient set of variables to condition on so that:

• All causal paths will be open

• All non-causal paths will be blocked

1/12/2017
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Try it!

You are part of a team evaluating the effects of a mindful eating intervention on excessive 
gestational weight gain. Women were not randomized; however, the intervention and 

control group differed only on parity. 

Your PI suggests excluding women who developed gestational diabetes (measured at 24 
weeks gestation) from the main analysis, even though they had complete follow-up through 

delivery. 

1. Use a DAG to guide your decisions on which variables should be included in the main 
analysis of intervention effect on gestational weight gain. 

2. Should cases of gestational diabetes be excluded from the analysis? Why/why not?

1/12/2017

MAMAS intervention DAG

Mindfulness 
intervention

Gestational 
weight gain

1/12/2017



1/20/2017

28

MAMAS intervention DAG

Mindfulness 
intervention

Gestational 
weight gain

Prepregnancy
BMI

Maternal age

Household 
income

Maternal 
race/ethnicity

Maternal 
education

Parity
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MAMAS intervention DAG

Should cases of gestational diabetes be excluded from the analysis? Why/why 
not?

No, excluding GDM (conditioning on GDM, a collider) will open a non-causal path 
between A and Y through GDM and unmeasured confounders of GDM and GWG that 
will induce a bias

1/12/2017

Pedersen JM et al. Accumulation of  major life events in childhood and adult life and risk of  type 2 diabetes mellitus. PLoS One. 2015. 

“Confounders were identified 
based on a prior knowledge and 
according to the directed acyclic 
graph method.”

Other examples

1/12/2017
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Learning Objectives

Understand rules for causal DAGs

Examine DAGs depicting confounding bias

Examine DAGs depicting selection bias

Apply DAGs to real-life studies

Discuss current controversies around DAGs
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DAGs vs. Change-in Estimate Method

1. DAG full model: only covariates identified as confounders in the DAG were 
included

2. DAG gold-standard change-in-estimate procedure: start with initial DAG 
full model and remove 1 covariate at a time with the smallest change in OR 
compared to OR in the full model

3. DAG gold-standard change-in-estimate procedure with consideration of 
precision: compare precision of model estimates of #1 to #2, and select #2 
only if it has smaller standard error than #1

4. DAG-stepwise change-in-estimate procedure: start with initial DAG full 
model and remove 1 covariate at a time with the smallest change in OR 
compared to the previous step

1/12/2017

Weng et al. Methods of  Covariate Selection: Directed Acylic Graphs and the Change-in-Estimate Procedure. AJE 2009. 
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DAGs vs. Change-in Estimate Method

1/12/2017

Weng et al. Methods of  Covariate Selection: Directed Acylic Graphs and the Change-in-Estimate Procedure. AJE 2009. 

Scenarios 1-3 
contain 

confounders of  
decreasing 
strengths

DAGs vs. Change-in Estimate Method

1/12/2017

Weng et al. Methods of  Covariate Selection: Directed Acylic Graphs and the Change-in-Estimate Procedure. AJE 2009. 

“For modeling binary outcomes in a case-control study, the 
authors recommend construction of  a “conservative” DAG, 
determination of  all potential confounders, and then change-in-
estimate procedures to simplify this full model.... The selection 
of  final model should be based on changes in precision. 

Adopt the reduced model if  its standard error is substantially 
smaller; otherwise, the full DAG-based model is appropriate.” 
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Some Limitations of  DAGs

DAGs don’t provide info on the strength or direction of the confounding or selection bias

• Can use + and – on arrows with hypothesized directions

• Only works for binary variables and for direction of confounding

DAGs don’t provide info on how bias will affect precision of estimates

DAGs do not easily show effect modification

DAGs are not well-suited for multiple exposures, outcomes or multi-level exposures. 

1/12/2017

“In our view, no one causal approach should 
drive the questions asked or delimit what 
counts as useful evidence. Robust causal 
inference instead comprises a complex 
narrative, created by scientists appraising, 
from diverse perspectives, different strands 
of evidence produced by myriad methods.
DAGs can of course be useful, but should 
not alone wag the causal tale.”

1/12/2017
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Current controversies around DAGs

Restricted Potential Outcomes Approach (RPOA)

• Causal claims are well-defined only when interventions are well-specified

• Epidemiologists should only well-defined interventions in order to generate causal 
hypotheses

• To investigate causal hypotheses, observational studies should emulate all aspects of 
experimental studies 

 Arguments against RPOA

• Some interventions are infeasible (e.g. race, sex)

• Epidemiologists need to study ‘states’, not just interventions

• Focus on individual study design, 

Need for a pluralistic approach, which includes triangulation, negative controls, and 
interlocking evidence

1/12/2017
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Lessons for future epidemiologists

1. Causal inference remains a judgment based on integration of diverse types 
or evidence

2. Diverse strategies to assess causality by ruling out alternatives, such as 
triangulation, negative controls and interlocking evidence from other types 
of science

3. Elements of all types of epidemiological study designs, inclusive of those 
types of design that do not match the ideal counterfactual situation

4. Reflect critically on whether potential biases matter, e.g. for follow-up 
studies of prevalently exposed persons, or in setting up case-control studies 
in dynamic populations
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Putting it all together

Causal DAGs is one approach to identify approaches to study design and analysis to 
eliminate systematic bias

Confounding is a bias of common causes

• Causal DAGs allow us to integrate expert knowledge into an analysis to identify true 
confounders 

Selection bias is a bias of common effects

• Causal DAGS allow us to identify the structure of selection bias and methods to 
“adjust” for bias
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