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▪ I am a director of a company that offers causal inference training and research 
consultancy services

▪ I therefore potentially benefit from any activity that promotes the need for, or 
benefits of, causal inference methods

CONFLICT OF INTEREST DECLARATION
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HAVE DAGS FULFILLED THEIR PROMISE?

Have DAGs fulfilled 
their promise?

Yes

But...
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Before the debate

There was an equal split between yes 
and no, with most unsure:

 Yes 24%, 
 No 22%, 
 Not sure 54%

THE RESULTS

After the debate

The was the same equal split 
between yes and no, with fewer 
unsure:

 Yes 43%, 
 No 40%,
 Not sure 18%
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WHAT PROMISE?

Have DAGs fulfilled 
their promise?

What 
promise?
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THE PROMISES
▪ “Causal diagrams can provide a starting 

point for identifying variables that must be 
measured and controlled to obtain 
unconfounded effect estimates”

▪ “Such graphs can aid in: 
▪ Planning of data collection and analysis...
▪ Communication of results...
▪ Avoiding subtle pitfalls of confounder 

selection”

Greenland, Pearl, & Robins. Epidemiology. 1999
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THE PROMISES

▪ “The DAG approach can be used to 
help choose which covariates 
should be included in traditional 
statistical approaches in order to 
minimize the magnitude of the bias 
in the estimate produced”

▪ “...to help understand whether bias 
is potentially reduced or increased 
when conditioning on covariates”

Shrier and Platt. BMC Medical Research Methodology. 2008
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THE PROMISES

▪ 1) Helping identify variables that require measuring and adjusting to estimate 
a causal effect
▪ Including in planning data collection and analysis 

▪ 2) Communicating results
▪ Including communicating assumptions 

▪ 3) Helping to understand and avoid different types of bias
▪ Including understanding when conditioning introduces bias
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▪ DAGs are a very popular way to 
identify variables for adjustment

▪ 2021 review of DAGs identified 
hundreds of studies using DAGs to 
identify variables for adjustment

PROMISE 1: HELPING IDENTIFY VARIABLES

From Tennant et al 2021, IJE
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▪ DAGs are a very popular way to 
identify variables for adjustment

▪ 2021 review of DAGs identified 
hundreds of studies using DAGs to 
identify variables for adjustment

▪ Total numbers likely to be far 
greater!

PROMISE 1: HELPING IDENTIFY VARIABLES

Google Scholar: “Directed acyclic graph”
 AND (“Medicine” OR “Health”)
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PROMISE 1: HELPING IDENTIFY VARIABLES
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▪ DAGs are now strongly encouraged by many causal inference guidelines

PROMISE 1: HELPING IDENTIFY VARIABLES
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▪ DAGs are increasingly included in protocols to justify data collection and 
planned modelling strategies

PROMISE 1: HELPING IDENTIFY VARIABLES
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▪ Key benefits:

1. Encourage us to think explicitly 
about what variables to collect and 
control, and make this process much 
more transparent

PROMISE 1: HELPING IDENTIFY VARIABLES

List all potential 
confounding 
variables

Show your 
assumptions 
about potential 
confounders 
using a DAG 
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▪ Key benefits:

1. Encourage us to think explicitly 
about what variables to collect and 
control, and make this process much 
more transparent

2. Support wider stakeholder input

PROMISE 1: HELPING IDENTIFY VARIABLES

Confounders 
identified by the 
statistician

Confounders 
identified by 
consulting diverse 
stakeholders
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▪ The visual nature of DAGs makes them 
accessible even for people with little 
knowledge of the rules

▪ From this, people intuitively understand:
▪ X occurs before Y
▪ X influences Y

▪ This facilitates much wider input into model 
design than traditional approaches

PROMISE 1: HELPING IDENTIFY VARIABLES

YX



“Just because you can draw a 
DAG does not mean that the 
relationships depicted are causal”

Hernán
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▪ The health research literature is full of 
weak and implausible DAGs

▪ Common problems:
▪ Too few variables

PROMISE 1: HELPING IDENTIFY VARIABLES
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▪ The health research literature is full of 
weak and implausible DAGs

▪ Common problems:
▪ Too few variables
▪ Too few arcs

PROMISE 1: HELPING IDENTIFY VARIABLES
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▪ The health research literature is full of 
weak and implausible DAGs

▪ Common problems:
▪ Too few variables
▪ Too few arcs
▪ Complex situations oversimplified 

PROMISE 1: HELPING IDENTIFY VARIABLES
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▪ The health research literature is full of 
weak and implausible DAGs

▪ Common problems:
▪ Too few variables
▪ Too few arcs
▪ Complex situations oversimplified 
▪ Relationships implausible

PROMISE 1: HELPING IDENTIFY VARIABLES

Assumes: 
Blood pressure causes BMI 
Cardiovascular disease causes height
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▪ Drawing plausible DAGs requires considerable time and skill

PROMISE 1: HELPING IDENTIFY VARIABLES

Physical 
activity (T1)

Mental 
health (T1)

Physical 
activity (T2)

Mental 
health (T2)

Physical 
activity (T3)

Mental 
health (T3)

Physical 
activity (T4)

Mental 
health (T4)

Physical 
activity

Mental 
health

Many real-world settings are very 
complicated, with time-varying relationships 
and feedback loops

Rather than admitting this complexity, some 
researchers produce simpler diagrams that 
appear designed to ‘justify’ their analysis
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▪ Margarita’s main argument:
▪ It is challenging (if not impossible) to come up with a 

“defensible DAG” that truly captures all the complexity of 
a real-world dataset

PROMISE 1: HELPING IDENTIFY VARIABLES

▪ Simply creating a DAG is not sufficient to ensure a high-quality causal estimate!
▪ DAGs may create ‘false confidence’ in the quality of observational studies
▪ Anecdotally, DAGs are allegedly being used by some authors to claim their 

results are “causal”
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▪ DAGs offer a huge improvement 
in transparency making data 
generating assumptions explicit 
and open to scrutiny

PROMISE 2: COMMUNICATING RESULTS

TRYING TO IDENTIFY 
ASSUMPTIONS WITHOUT 

DAGS
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▪ DAGs offer a huge improvement 
in transparency making data 
generating assumptions explicit 
and open to scrutiny

▪ Great for highlighting residual 
sources of bias (e.g. unobserved 
confounding)

PROMISE 2: COMMUNICATING RESULTS

Source: Friden et al 2024 Am J Clin Nutr
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▪ DAGs offer a huge improvement 
in transparency making data 
generating assumptions explicit 
and open to scrutiny

▪ Great for highlighting residual 
sources of bias (e.g. unobserved 
confounding)

▪ Great for explaining ‘what’s going 
on’ and why you shouldn’t adjust 
for certain variables

PROMISE 2: COMMUNICATING RESULTS

Source: Peng et al 2024 Allergy
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▪ Alas, these benefits are rarely utilised to 
their full potential

▪ DAGs are often relegated to 
supplementary materials, if shared at all

PROMISE 2: COMMUNICATING RESULTS
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▪ Alas, these benefits are rarely utilised to 
their full potential

▪ DAGs are often relegated to 
supplementary materials, if shared at all

▪ DAGs are often unclear, sometimes 
illegible

▪ It is rare for DAGs to include all the 
main assumptions 

▪ Unobserved confounding, information 
bias, and selection bias are usually 
ignored

PROMISE 2: COMMUNICATING RESULTS
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▪ DAGs can help everyone understand 
key statistical concepts

▪ E.g. Just 2-hours training plus a DAG-
drawing tool can substantially 
improve probabilistic reasoning 
among lay people

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS
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▪ Among epidemiologists, DAGs have revolutionised our understanding of 
conditional dependencies – i.e. non-causal associations due to inadvertent or 
inappropriate conditioning

▪ E.g. the ‘lazy genius’ and the ‘mediocre grafter’ stereotype

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS

Passed exam

Academic 
ability

Hard work
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▪ Among epidemiologists, DAGs have revolutionised our understanding of 
conditional dependencies – i.e. non-causal associations due to inadvertent or 
inappropriate conditioning

▪ E.g. the ‘lazy genius’ and the ‘mediocre grafter’ stereotype

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS

‘Mediocre 
grafter’

‘Lazy 
genius’

[Passed exam]

Academic 
ability

Hard work
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▪ This has been provided many 
groundbreaking insights!

1. A step change in our understanding 
of selection bias

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS



@PWGTennant

▪ This has been provided many 
groundbreaking insights!

1. A step change in our understanding 
of selection bias

2. A step change in our understanding 
of overadjustment bias (and the 
Table 2 Fallacy)

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS
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▪ This has been provided many 
groundbreaking insights!

1. A step change in our understanding 
of selection bias

2. A step change in our understanding 
of overadjustment bias (and the 
Table 2 Fallacy)

3. Solved multiple paradoxes!

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS
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▪ These are not trivial achievements!

▪ Until very recently, overadjustment 
bias and Table 2 Fallacy were very 
common

▪ E.g. this scoping review of 421 
studies in oral health journals 
published from 2013-2018 found 
45% committed Table 2 Fallacy!

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS
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▪ As recently as 2020, UK Biobank still had the following statement on their 
website!

▪ "UK Biobank is not representative of the general population... with evidence of a 
'healthy volunteer' selection bias... However, the large sample size and heterogeneity of 
exposure measures allow for valid...inferences of associations between exposures and 
health outcomes that are generalizable to the wider population"

▪ They even advised users to add the following to their publications :
▪ “Valid assessment of exposure-disease relationships... do not require participants to be 

representative of the population"

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS
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▪ A simple M-bias DAG explains how 
non-random selection can distort 
exposure-outcome relationships in 
prospective studies

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS

Z

[Participation]

Exposure Outcome

W

▪ This knowledge became widely shared 
during COVID-19 pandemic, when 
DAGs were used to explain selection 
bias of risk-factor/severity studies
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▪ Many domains have struggled with 
apparently paradoxical findings

▪ Thanks to DAGs, these are being 
resolved at unprecedented pace

▪ Porta et al 2015: “The current 
deconstruction of paradoxes is one 
among several signs that a profound 
renewal of methods for clinical and 
epidemiological research is taking place”

▪ These revelations promise real-world 
impact, by ending confusion and 
unlocking new models of 
understanding

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS
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▪ This is the most undisputed power of DAGs
▪ Even sceptics acknowledge the power of DAGs for explaining certain biases!

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS

“DAGs are a powerful tool that can, 
for example, make the general 
structure of certain mechanisms 
generating biases clear”

“DAGs and counterfactual approaches are but one set 
of conceptual tools that epidemiologists can employ, 
and should not occupy a privileged place in delimiting 
the kinds of questions we ask or causes we theorize”
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▪ Not every concept/issue can be 
understood using DAGs

▪ Type 2 selection bias (which occurs 
due to effect modification) cannot be 
conventionally depicted within a DAG

▪ Parametric specification of the model 
is completely separate to the DAG

▪ Over-reliance on DAGs may lead to 
such issues being underappreciated

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS

Source: xkcd.com/2048/
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▪ The benefits of DAGs for understanding 
issues like selection bias is only useful if 
they are used!

▪ Very few applied research studies include 
selection nodes in their routine DAGs
▪ Zero in the DAG review!

▪ It’s unclear whether DAGs have 
‘revolutionised’ understanding of 
selection bias beyond core 
methodological circles

PROMISE 3: IMPROVING UNDERSTANDING OF BIAS
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HAVE DAGS FULFILLED THEIR PROMISE?

Have DAGs fulfilled 
their promise?

Yes

But...
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HAVE DAGS FULFILLED THEIR PROMISE?
Yes
▪ Have helped researchers to identify variables that require measuring and 

adjusting
▪ Have improved communication of assumptions
▪ Have helped hugely with understanding and avoiding different types of bias

But
▪ Many DAGs in practice are weak and/or implausible
▪ Full power of DAGs for communicating assumptions is not being used
▪ DAGs are still mostly used as tools for identifying and reducing confounding, and 

there is perhaps an overreliance on DAGs to understand sources of bias
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▪ Need more meta-research and 
‘translational methods research’, to 
help people understand and use 
DAGs better 

▪ Guidance and ‘how to’ articles
▪ Reporting guidelines
▪ Better software

▪ This needs support from funders!

WAYS FORWARD



CAUSAL 
INFERENCE
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IF YOU WANT TO SEE THE DEBATE

tinyurl.com/dagdebate
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