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DAGs
Tools for reasoning about causes



The Marko fallacy



The fundamental problem of observational research: 

seeing X ≠ doing X



Less clothing More thirsty

Baby’s first DAG: Marko’s causal model
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(D)irected (A)cyclic (G)raph



Less clothing More thirsty

(D)irected (A)cyclic (G)raph
Technical term for some dots joined up with lines



Less clothing More thirsty

(D)irected (A)cyclic (G)raph
The lines have direction



Less clothing More thirsty

(D)irected (A)cyclic (G)raph
No cycles: you can’t go backward, a thing cannot be its own cause



An arrow in the graph is a statement 
about a thought experiment



DAG anatomy
Three basic junctions

Chain

Fork

Collider



Chain: A causes B causes C

Fire Smoke Alarm



Chain: A causes B causes C

Transmits information:  
an alarm indicates fire, fire indicates alarm



Fork: your typical confounder

Shoe size Number of teeth

Age



Fork: your typical confounder

Transmits information:  
Few teeth indicates small shoes, 
small shoes indicates few teeth



Collider: a very interesting source of bias

Physical attractiveness

Hollywood success

Acting skills



Collider: a very interesting source of bias

Does not transmit information:  

acting skills doesn’t suggest attractiveness 
or vice versa



Puzzles: does information flow between A and B?

A B

A B

A B

A B



Puzzles: does information flow between A and B?

A B

A B

A B

A B



Probability intermission
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Conditional probability
Counting outcomes in a specific subset

P(       |       )  =   

“Probability of red color given square shape” or “probability of red color conditional on square shape” 

=  2/8



Conditional probability
Counting outcomes in a specific subset

P(       |       )  =   

“Probability of red color given square shape” or “probability of red color conditional on square shape” 

=  2/8 ≠ 6/16



Conditioning alters the flow of 
information in the 3 basic junctions



NB: the three data sets I use in this 
section are fake — I generated them with 

a computer to illustrate my points
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Fire 9 500
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Fire Smoke Alarm

Transmits info
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No fire 9338 153

Fire 9 500

P( fire ) = 9 + 500
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Fire Smoke Alarm

Transmits info

No alarm Alarm

No fire 9338 153

Fire 9 500

P( fire ) = 9 + 500

9 + 500 + 9338 + 153
= 509

10 000
≈ 0.05

P( fire | alarm ) = 500
500 + 153

≈ 0.77



Fire Smoke Alarm

Transmits info

No alarm Alarm

No fire 9338 153

Fire 9 500

P( fire ) = 9 + 500

9 + 500 + 9338 + 153
= 509

10 000
≈ 0.05

P( fire | alarm ) = 500
500 + 153

≈ 0.77

POINT: hearing the alarm gives us information about 
the likelihood of any ongoing fires



Fire Smoke = yes Alarm

No longer transmits info

No alarm Alarm
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No longer transmits info
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No fire 1 92
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No alarm Alarm

9337 61

3 0

Smoke = yes Smoke = no
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Fire Smoke = yes Alarm

No longer transmits info

No alarm Alarm

No fire 1 92

Fire 6 500

Smoke = yes

P( fire | smoke ) = 506/599 ≈ 0.84

P( fire | alarm, smoke ) = 500/592 ≈ 0.84Conditional on smoke, the alarm gives no extra information!

If I knew nothing about fire, smoke, or alarms, and analyzed these 
data haphazardly, I would conclude that smoke alarms are useless



Fire Smoke = yes Alarm

No longer transmits info

No alarm Alarm

No fire 1 92

Fire 6 500

Smoke = yes

P( fire | smoke ) = 506/599 ≈ 0.84

P( fire | alarm, smoke ) = 500/592 ≈ 0.84Conditional on smoke, the alarm gives no extra information!

If I knew nothing about fire, smoke, or alarms, and analyzed these 
data haphazardly, I would conclude that smoke alarms are useless

“Conditioning on a mediator” — adjusting away the effect of interest
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Shoe size Number of teeth

Age = 7, 8, …

Does not transmit info
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# teeth vs shoe size,
 regressions conditional on age

shoe size (cm)
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m
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ee
thNumber of teeth informs on shoe size only through their mutual association with age

Controlling age by fixing it to some value blocks the “information flow”

Ignoring age leaves “uncontrolled confounding”
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Physical attractiveness

Hollywood success = Yes

Acting skills
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Physical attractiveness

Hollywood success = Yes

Acting skills

Transmits info
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 among Hollywood stars

Attractiveness (0−10)
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Acting skill and attractiveness not related 
among ordinary people

Very high attractiveness or very high acting 
skill alone enough to ensure success

Conditioning on collider called  
“collider bias:” introduces an effect where 
there should be none



break probably



The Marko fallacy: confounding



Lessons so far

• The three basic junctures are like “information pipes”


• The chain and the fork are open, information flows through them


• The collider is closed, information does not flow through


• Conditioning on the middle node of a chain or fork closes the pipe


• Conditioning on the middle node of a collider opens the pipe



Less clothing More thirsty

Please suggest a more sane model by applying one of the basic 
junctions to this mess
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Less clothing More thirsty

Warm weather

Note: leaving an arrow in is a weaker assumption than removing it. 

assuming an effect might be anything (including 0)  
VS assuming that it is 0 exactly



Less clothing More thirsty

Warm weather

Transmits info



Less clothing More thirsty

Warm weather

Transmits info

to confound: to mix or confuse
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Less clothing More thirsty

Warm weather

Confounding shows up as an open “back-door path” between exposure and 
outcome:

• open: no collider along the path


• back-door: an arrow goes into the exposure


• The problem: there is a mixing of the presumed causal relation along the 
direct path and the purely associational relation through the back-door path 



Less clothing More thirsty

Warm weather

Please to tell me what I can do about this situation.
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Temperature = x, y, z, …
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Temperature = x, y, z, …
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Thirst level as a function of state of undress,  

regressions conditional on temperature
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Comparing 25 degree days with one 
another: comparing like with like
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Less clothing More thirsty

Temperature UNOBSERVED: what do we do???

U

Not much to do: the effect is non-identifiable (get more data or do an actual experiment)

An effect is identifiable if it is possible to close all back-door paths without opening new ones
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Why randomization is so good



Less clothing More thirsty

U
Throw of a die

Why randomization is so good



Point: For the price of making some causal 
assumptions, the rule about closing back-

door paths tells us exactly what to adjust for



Point: For the price of making some causal 
assumptions, the rule about closing back-

door paths tells us exactly what to adjust for

(Also you need to have made the right measurements)



Puzzles: what should we adjust for to close 
the back-door paths between x and y?













A+B+C also works but this set is not minimal,  
since we can remove something from it and  
still have a valid adjustment set



A warning



The analysis and interpretation of your data 
depends on the assumed causal model

−0.5 0.0 0.5

50
10

0
15

0
20

0

Fake clinical data

Dosage of treatment

Sy
m

pt
om

 b
ad

ne
ss



The analysis and interpretation of your data 
depends on the assumed causal model
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Effect reverses if we condition on disease severity



The analysis and interpretation of your data 
depends on the assumed causal model
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“Simpson’s paradox”: which is it, is the treatment good or bad???



Dosage Symptoms

Severity

Drug acts by reducing both symptoms and disease severity. 
No back-door path: don’t adjust.
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Dosage Symptoms

Severity

Drug acts by reducing both symptoms and disease severity. 
No back-door path: don’t adjust.

Dosage Symptoms

Severity

Drug acts on symptoms. Different doses given to severe and 
non-severe cases. Back-door path present: adjust.

The data can NEVER tell you which is right.

Be very skeptical of claims like “we found an effect but only for 
women” or similar. 

Could be a collider, a mediator, or a confounding factor.

Adjustment without some kind of domain knowledge (which you 
can encode as a DAG) practically impossible to interpret



Real DAGs can be complicated





There are automated tools that tell you what to adjust for to close 
back-door paths 

One such tool: DAGitty — http://www.dagitty.net/

http://www.dagitty.net/


Go to dagitty.net, start the online browser mode. Input these 
DAGs and see that you get the adjustment sets you expect

http://dagitty.net


Save your DAG by 
copying this text. Can be 

pasted into the same 
box when you want to 

continue



Once you have a diagram, computers will 
help you do a lot of the analysis. Frees up 

time to think about the science 



Adjustment in terms of 
regression models



Adjustment in terms of regression

Broadly speaking: adjustment for Z to close back door paths is simply 
to add it as a predictor in the regression model


Big assumption: the mathematical form of the regression model is 
correct



Adjustment in terms of regression
Basic linear model (symptom is continuous: blood pressure maybe)

Enough to include the adjustment variable as a predictor: 

Dosage Symptoms

Severity

<latexit sha1_base64="1EaqESgKkL9EecH3In13B8Uy21s=">AAACN3icbVDLSgMxFM34rPVVdekmWARBKDPiayMU3biSClaFtpRMemtDk8mQ3BHKMH/lxt9wpxsXirj1D0zrKL4uBA7n3MvJOWEshUXfv/fGxicmp6YLM8XZufmFxdLS8rnVieFQ51pqcxkyC1JEUEeBEi5jA0yFEi7C/tFQv7gGY4WOznAQQ0uxq0h0BWfoqHbppKkY9oxK7UDFqFVGD2gzBGRtn27mKPjc6WjLriD7Era+jsF5CBxk7VLZr/ijoX9BkIMyyafWLt01O5onCiLkklnbCPwYWykzKLiErNhMLMSM951vw8GIKbCtdJQ7o+uO6dCuNu5FSEfs94uUKetyhW5z+FH7WxuS/2mNBLv7rVREcYIQ8Q+jbiIpajoskXaEAY5y4ADjLrjglPeYYRxd1UVXQvA78l9wvlUJdis7p9vl6mFeR4GskjWyQQKyR6rkmNRInXByQx7IE3n2br1H78V7/Vgd8/KbFfJjvLd3CRGtSg==</latexit>

symptom = �0 + �1dosage + �2severity

<latexit sha1_base64="p6fWSygmNjSN3KT0lKo4OVk+r7E="></latexit>

�1 is an estimate of the causal e↵ect of dosage on symptom
<latexit sha1_base64="3g3V/10ASfyIq7NZ5yKkgeOXcx4="></latexit>

�2 does not have a straight-forward interpretation: Simply there to “deconfound”
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Basic linear model (symptom is continuous: blood pressure maybe)
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�2 does not have a straight-forward interpretation: Simply there to “deconfound”
Daniel Westreich, Sander Greenland, The Table 2 Fallacy: Presenting and Interpreting Confounder and Modifier Coefficients, American Journal of Epidemiology, 

Volume 177, Issue 4, 15 February 2013, Pages 292–298, https://doi.org/10.1093/aje/kws412



Adjustment in terms of regression
Average treatment effect

The       of linear regression is an estimate of the average treatment 
effect:  

Which reads “average difference between giving someone the 
treatment and not giving them the treatment”

<latexit sha1_base64="QDpS8mze8nLYGkpkl5NM3FpbJdc=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69BIvgqSTi17HoxWMFawttKJvtpF262YTdiVBKf4QXD4p49fd489+4bXPQ1gcDj/dmmJkXplIY8rxvp7Cyura+UdwsbW3v7O6V9w8eTZJpjg2eyES3QmZQCoUNEiSxlWpkcSixGQ5vp37zCbURiXqgUYpBzPpKRIIzslKzEyKxrt8tV7yqN4O7TPycVCBHvVv+6vQSnsWoiEtmTNv3UgrGTJPgEielTmYwZXzI+ti2VLEYTTCenTtxT6zSc6NE21LkztTfE2MWGzOKQ9sZMxqYRW8q/ue1M4qug7FQaUao+HxRlEmXEnf6u9sTGjnJkSWMa2FvdfmAacbJJlSyIfiLLy+Tx7Oqf1m9uD+v1G7yOIpwBMdwCj5cQQ3uoA4N4DCEZ3iFNyd1Xpx352PeWnDymUP4A+fzB++Oj1I=</latexit>

�1

<latexit sha1_base64="Oew89Ox65INRFsEYriMGB9nsuNs=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWwY0lEV/LogguK9iHpCFMppN26OTBzEQooRt/xY0LRdz6Ge78GydtFtp6YIbDOfdy7z1+wplUlvVtlBYWl5ZXyquVtfWNzS1ze6cl41QQ2iQxj0XHx5JyFtGmYorTTiIoDn1O2/7wOvfbj1RIFkf3apRQN8T9iAWMYKUlz9zrhlgNfB/dIAc9eDY61r+FXM+sWjVrAjRP7IJUoUDDM7+6vZikIY0U4VhKx7YS5WZYKEY4HVe6qaQJJkPcp46mEQ6pdLPJAWN0qJUeCmKhX6TQRP3dkeFQylHo68p8XTnr5eJ/npOq4NLNWJSkikZkOihIOVIxytNAPSYoUXykCSaC6V0RGWCBidKZVXQI9uzJ86R1UrPPa2d3p9X6VRFHGfbhAI7Ahguowy00oAkExvAMr/BmPBkvxrvxMS0tGUXPLvyB8fkDC9+UIA==</latexit>

E[Y1 � Y0]
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Adjustment in terms of regression
Logistic regression and similar (eg. binary outcome)

Adjustment is still to add Z as predictor, BUT interpretation more tricky. 


We know that          is an estimate of odds ratio, but it is not the “average 
causal” odds ratio. We say that the odds ratio is noncollapsible.


<latexit sha1_base64="c5Mqi8TJBMO7tgstUIMwvJaIHYs=">AAACHXicbZDLSsNAFIYnXmu9RV26GSyCIJak1MtGKLpxWcFeoAlhMp20QyeTMDMRa8iLuPFV3LhQxIUb8W2ctkG09YeBj/+cw5nz+zGjUlnWlzE3v7C4tFxYKa6urW9smlvbTRklApMGjlgk2j6ShFFOGooqRtqxICj0GWn5g8tRvXVLhKQRv1HDmLgh6nEaUIyUtjyz6rCoB51AIJzGWWofxRk8h45PFPIseJiTDe9+uALvPbNkla2x4CzYOZRArrpnfjjdCCch4QozJGXHtmLlpkgoihnJik4iSYzwAPVIRyNHIZFuOr4ug/va6cIgEvpxBcfu74kUhVIOQ193hkj15XRtZP5X6yQqOHNTyuNEEY4ni4KEQRXBUVSwSwXBig01ICyo/ivEfaSTUjrQog7Bnj55FpqVsn1SPr6ulmoXeRwFsAv2wAGwwSmogStQBw2AwQN4Ai/g1Xg0no03433SOmfkMzvgj4zPb6D0n74=</latexit>

log
p

1� p
= �0 + �1x+ �2z

<latexit sha1_base64="jbajVUbXZo2yjLJe2y3wjuhSHfA=">AAAB8nicbVDLSgNBEJyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJGmYnvcmQ2ZllplcISz7DiwdFvPo13vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1gwZTQul2SA0ILqGBHAW0Ew00DgW0wtHt1G89gTZcyQccJxDEdCB5xBlFK3XgMeuGgLTnT3rlilf1ZnCXiZ+TCslR75W/un3F0hgkMkGN6fhegkFGNXImYFLqpgYSykZ0AB1LJY3BBNns5Il7YpW+GyltS6I7U39PZDQ2ZhyHtjOmODSL3lT8z+ukGF0HGZdJiiDZfFGUCheVO/3f7XMNDMXYEso0t7e6bEg1ZWhTKtkQ/MWXl0nzrOpfVi/uzyu1mzyOIjkix+SU+OSK1MgdqZMGYUSRZ/JK3hx0Xpx352PeWnDymUPyB87nDzCikTU=</latexit>

e�1

<latexit sha1_base64="mbEPVYDRmmxlFHusMciBBSjgJPE=">AAACIXicbZDLSgMxFIYz9VbrbdSlm2ARKmKZKV66EYpuXFawF2hryaRn2tDMhSQj1mFexY2v4saFIt2JL2N6QbT1h8CX/5xDcn4n5Ewqy/o0UguLS8sr6dXM2vrG5pa5vVOVQSQoVGjAA1F3iATOfKgopjjUQwHEczjUnP7VqF67ByFZ4N+qQQgtj3R95jJKlLbaZjHEF7jpCkJjO4ltfIThLj7ONR1QpG3p64Rs/PDDBfx4mCRtM2vlrbHwPNhTyKKpym1z2OwENPLAV5QTKRu2FapWTIRilEOSaUYSQkL7pAsNjT7xQLbi8YYJPtBOB7uB0MdXeOz+noiJJ+XAc3SnR1RPztZG5n+1RqTcYitmfhgp8OnkITfiWAV4FBfuMAFU8YEGQgXTf8W0R3RcSoea0SHYsyvPQ7WQt8/ypzcn2dLlNI402kP7KIdsdI5K6BqVUQVR9IRe0Bt6N56NV+PDGE5aU8Z0Zhf9kfH1DQbJoGA=</latexit>

p =
1

1 + e�(�0+�1x+�2z)



Adjustment in terms of regression
Logistic regression and similar (eg. binary outcome)

Adjustment is still to add Z as predictor, BUT interpretation more tricky. 


We know that          is an estimate of odds ratio, but it is not the “average 
causal” odds ratio. We say that the odds ratio is noncollapsible.
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p =
1

1 + e�(�0+�1x+�2z)



Adjustment in terms of regression
Logistic regression and similar (eg. binary outcome)

It’s always possible to “stratify-and-average:” 


Slightly annoying to do by 

hand, but there is software

<latexit sha1_base64="e334Av9fUblFXYRdfaifN21lMEs=">AAACNHicbVDLSgMxFM34rPU16tJNsAgtSJkRX5tCUQTBTQX7sA+GTJq2ocnMkGSk7dCPcuOHuBHBhSJu/QYzbRfa9kLC4ZxzufceN2BUKst6MxYWl5ZXVhNryfWNza1tc2e3JP1QYFLEPvNFxUWSMOqRoqKKkUogCOIuI2W3exXr5UciJPW9e9UPSIOjtkdbFCOlKce8LaQfnF4G5mBdhtyJBkOoGVjntAkrud4RrOYGmUI6/mMPR6rjuvDaqc6xOWbKylqjgrPAnoAUmFTBMV/qTR+HnHgKMyRlzbYC1YiQUBQzMkzWQ0kChLuoTWoaeogT2YhGRw/hoWaasOUL/TwFR+zfjghxKfvc1c54azmtxeQ8rRaq1kUjol4QKuLh8aBWyKDyYZwgbFJBsGJ9DRAWVO8KcQcJh JXOOalDsKdPngWl46x9lj29O0nlLydxJMA+OABpYINzkAc3oACKAIMn8Ao+wKfxbLwbX8b32LpgTHr2wL8yfn4BCfemPg==</latexit>
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Last slides coming up!



Humans are great at drawings, 
terrible at text and numbers



Thank you.


