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Plan for today

Paths, doors, and adjustment

do()ing observational causal inference

Potential outcomes



Paths, doors, 
and adjustment



Causal identification

Bkgd

Edu

JobCx

Loc

Req

U1

Year

Earn

All these nodes 
are related; 

there’s correlation 
between them all

We care about 
Edu → Earn, but 

what do we do with 
all the other nodes?



Causal identification

A causal effect is “identified” if the 
association between treatment and 

outcome is properly stripped and 
isolated



Paths and associations

Arrows in a DAG 
transmit associations

You can redirect and control those 
paths by “adjusting” or “conditioning”



Causation

Three types of associations

Confounding Collision

Common cause Mediation Selection / 
Endogeneity



X causes Y

Confounding

But Z causes 
both X and Y

Z confounds 
X → Y 

association



Paths between X and Y?

Paths

X → Y

X ← Z → Y

Z is a backdoor



X and Y are 
“d-connected” 

because information 
can pass through Z

d-connection



Paths between money 
and win margin?

Money → Margin
Money ← Quality → Margin

Backdoor!





Close the backdoor by 
adjusting for Z

Closing doors



Find what part of X (campaign 
money) is explained by Q 
(quality), subtract it out. This 
creates the residual part of X. 

Find what part of Y (the win 
margin) is explained by Q 
(quality), subtract it out. This 
creates the residual part of Y. 

Find relationship between residual 
part of X and residual part of Y. This is 
the causal effect.



We’re comparing 
candidates as if they 
had the same quality

Holding quality constant

We remove differences that 
are predicted by quality



Include term in regression

Win margin = �0 + �1Campaign money + �2Candidate quality + ✏
<latexit sha1_base64="o5HLXXxxGhe/M81/uQ/f19Qtjoo="></latexit>

Win margin = ↵+ � Campaign money + � Candidate quality + ✏
<latexit sha1_base64="bak5KZt7lcpKt0gTEobmPDf1LJ4="></latexit>

How to adjust?

Matching Stratifying Inverse probability weighting



If we control for Z, 
X and Y are now 

“d-separated” and 
association is isolated!

d-separation

X ⫫ Y | Z
X is independent of Y, given Z



Bkgd

Edu

JobCx

Loc

Req

U1

Year

Earn

Block backdoor pathways 
to identify the main 

pathway you care about



Education → Earnings

Education → Job connections → Earnings

Bkgd

Edu

JobCx

Loc

Req

U1

Year

Earn
Education ← Background → Earnings

Education ← Background ← U1 → 
Location → Earnings

Education ← Location → Earnings

Education ← Location ← U1 → 
Background → Earnings

Education ← Year → Earnings

All paths





Education → Earnings

Education ← Background → Earnings

Education ← Background ← U1 → 
Location → Earnings

Education ← Location → Earnings

Education ← Location ← U1 → 
Background → Earnings

Education ← Year → Earnings

Education → Job connections → Earnings

Closing doors



Closing doors
Earnings = �0 + �1Education+

�2Location + �3Background + �4Year + ✏
<latexit sha1_base64="wTqTYdX+Tv1Le5Apu1XSBVfzdRo="></latexit>

Earnings = ↵+ �Education+

�1Location + �2Background + �3Year + ✏
<latexit sha1_base64="P4CekkjZsPpqvHD0aWBvj8uPgE0="></latexit>



Bkgd

Edu

JobCx

Loc

Req

U1

Year

Earn

dagitty.net

Let the computer do this!

R and ggdag



How do you know if this is right?

Once you start 
closing doors, 

you can test the 
implications of 
the model and 
see if they’re 

right in your data

X ⫫ Y | Z
X is independent of Y, given Z



Treatment/exposure Outcome



Wine → Lifespan

Wine ← Health → Lifespan

Wine ← Health ← Something → 
Income → Lifespan

Wine ← Income → Lifespan

Wine ← Income ← Something → 
Health → Lifespan

Wine → Drugs→ Lifespan







Go to andhs.co/nyt and read the article 

Pick one of the causal claims in the article 
(There are a lot! Look for words like “improve”, “affect”, and “reduces)

Draw a diagram for that causal claim

Determine what needs to be 
adjusted to identify the effect

Your turn



X causes Y

Causation

X causes Z 
which causes Y

Should you 
control for Z?



Causation

Should you 
control for Z?

No!
Overcontrolling



Causation and overcontrolling

Should you 
control for JobCx?

Bkgd

Edu

JobCx

Loc

Req

U1

Year

Earn



What would happen if 
we controlled for 

drug use?



X causes Z

Colliders

Y causes Z
Should you 

control for Z?



Do programming 
skills reduce your 

social skills?

Go to a tech company and conduct a survey. 
You find a negative relationship! Is it real?



No! “hired” here is a collider 
(you need one or both to work there), 

and we controlled for it. 
That inadvertently connected the two.



Colliders can create 
fake causal effects

Colliders can hide 
real causal effects

Height is unrelated to basketball skill! …among NBA players



Colliders and selection bias



Causation

Three types of associations

Confounding Collision

Common cause Mediation Selection / 
Endogeneity



Does SES cause vaping?





Smoking → 
socioeconomic 
inequalities in 

health

Vaping = 
alternative to 

smoking

So what is 
effect of SES on 

vaping?



Adjust for 
smoking, not 
because it’s a 
backdoor, but 

because vaping 
by never-

smokers is 
different than 

vaping by 
current/former 

smokers



Adjust for other 
confounders 

because they’re 
backdoors

Age, gender, 
race, ethnicity, 

etc.



But smoking can 
also be caused 

by SES

Including 
smoking 

introduces 
collider bias!



There are other 
confounders 

between SES and 
vaping, like 

earlier behavior

Adjust for earlier 
behavior to fix 

the collider that 
comes from 

adjusting for 
smoking



But adjusting for 
earlier behavior 

creates a bad 
control! It takes 

away some of 
the SES → 

vaping effect

oh no



They figure out 
how to control 

for earlier 
behavior and

smoking without 
causing a 

collider effect or
causing bad 

controls



Main findings: 
Low SES causes 

more vaping 
among never-

smoking youth + 
former-smoking 

adults

Low SES doesn’t 
cause vaping 
among never-

smoking or 
current-smoking 

adults 



do()ing observational 
causal inference



Structural models

Bkgd

Edu

JobCx

Loc

Req

U1

Year

Earn

Earn = fEarn(Edu, Year, 
Bkgd, Loc, JobCx)

Loc = fL(U1)

Bkgd = fB(U1)

JobCx = fJ(Edu)

Edu = fEdu(Req, 
Loc, Year)



Interventions
do-operator

Marking an intervention in a DAG

P(Y | do(X = x))
P = probability distribution, or effect

Y = outcome; X = treatment; 
x = specific value of treatment



Interventions
P(Y | do(X = x))

P(Firm growth | do(Government R&D funding))

P(Wages | do(College))

P(Air quality | do(Carbon tax))

P(Juvenile delinquency | do(Truancy program))

P(Malaria infection rate | do(Mosquito net))



Interventions

Observational DAG Interventional DAG

When you do() X, remove all arrows into it 

Z = fZ(•) X = fX(Z) Y = fY(X, Z) Z = fZ(•) X = x Y = fY(X, Z)



Interventions
P(Malaria infection rate| do(Mosquito net))

Observational Experimental



Un do()ing things
We want to know P(Y | do(X)), 

or P(Malaria rate | do(Mosquito net)), 
but all we have is observational data X, Y, and Z

P(Y | do(X)) ≠ P(Y | X)
Correlation isn’t causation!

We need to transform P(Y | do(X)) into something 
that is “do-free” and only uses observed  data



Un do()ing things
Backdoor adjustment

Frontdoor adjustment

Do-calculus

Matching, regression, stratifying, inverse probability weighting

P (Y |do(X)) =
X

Z

P (Y |X,Z)⇥ P (Z)
<latexit sha1_base64="S61lMyDNIXk6ozi0W9LZ2qFkLWM=">AAACFnicbZDLSsNAFIYnXmu9RV26GSxCA1qSKuhGKLpxWcG2sU0Ik8mkHTq5MDMRSu1TuPFV3LhQxK24822ctllo6w8DP985hzPn91NGhTTNb21hcWl5ZbWwVlzf2Nza1nd2myLJOCYNnLCE2z4ShNGYNCSVjNgpJyjyGWn5/atxvXVPuKBJfCsHKXEj1I1pSDGSCnn6cb18Bx9gkJRtw4AX0BFZ5LXhlNpHsG1AR9KICIXahqeXzIo5EZw3Vm5KIFfd07+cIMFZRGKJGRKiY5mpdIeIS4oZGRWdTJAU4T7qko6yMVKb3OHkrBE8VCSAYcLViyWc0N8TQxQJMYh81Rkh2ROztTH8r9bJZHjuDmmcZpLEeLoozBiUCRxnBAPKCZZsoAzCnKq/QtxDHGGpkiyqEKzZk+dNs1qxTirVm9NS7TKPowD2wQEoAwucgRq4BnXQABg8gmfwCt60J+1Fe9c+pq0LWj6zB/5I+/wBS0abFw==</latexit>



Frontdoor adjustment

S → T is d-separated; T → C is d-separated; combine the effects for S → C 



Do-calculus

WAAAAAY beyond the scope of this class! 
Just know it exists and computer algorithms can do it for you

A set of three rules that let you manipulate a DAG 
in special ways to remove do() expressions



Moral of the story

Backdoor adjustment

Frontdoor adjustment

Do-calculus

If you can transform do() expressions to do-free 
versions, you can legally make causal inferences 

from observational data



Calculating adjustment sets with R



Potential outcomes



Program effect

Post-program outcome level
Outcome with program

Outcome
without program
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Before program During program After program

Program effect

Pre-program
outcome level

δ

Y

X



Some equation translations

� = P (Y |do(X))
<latexit sha1_base64="mrj29KeXdBFG1YaYs/b1vIjiaqE=">AAAB/nicbVBNS8NAEN34WetXVDx5WSxCeylJFfQiFL14rGA/pA1ls5m2SzebsLsRSiz4V7x4UMSrv8Ob/8Ztm4O2Phh4vDfDzDw/5kxpx/m2lpZXVtfWcxv5za3tnV17b7+hokRSqNOIR7LlEwWcCahrpjm0Ygkk9Dk0/eH1xG8+gFQsEnd6FIMXkr5gPUaJNlLXPuwEwDXBl7hWvMePOIiKrVKpaxecsjMFXiRuRgooQ61rf3WCiCYhCE05UartOrH2UiI1oxzG+U6iICZ0SPrQNlSQEJSXTs8f4xOjBLgXSVNC46n6eyIloVKj0DedIdEDNe9NxP+8dqJ7F17KRJxoEHS2qJdwrCM8yQIHTALVfGQIoZKZWzEdEEmoNonlTQju/MuLpFEpu6flyu1ZoXqVxZFDR+gYFZGLzlEV3aAaqiOKUvSMXtGb9WS9WO/Wx6x1ycpmDtAfWJ8/CGmTlg==</latexit>

� = (Y |X = 1)� (Y |X = 0)
<latexit sha1_base64="mV6zpEfD9CQ06MbS6u9P8VklX9Q=">AAACC3icbZDLSgMxFIbP1Futt1GXbkKL0C4sM1XQjVB047KCvUg7lEwmbUMzF5KMUMbu3fgqblwo4tYXcOfbmLYDausPgS//OYfk/G7EmVSW9WVklpZXVtey67mNza3tHXN3ryHDWBBaJyEPRcvFknIW0LpiitNWJCj2XU6b7vByUm/eUSFZGNyoUUQdH/cD1mMEK211zXzHo1xhdI6Kt+getTTYJXT0c7NKXbNgla2p0CLYKRQgVa1rfna8kMQ+DRThWMq2bUXKSbBQjHA6znViSSNMhrhP2xoD7FPpJNNdxuhQOx7qhUKfQKGp+3siwb6UI9/VnT5WAzlfm5j/1dqx6p05CQuiWNGAzB7qxRypEE2CQR4TlCg+0oCJYPqviAywwETp+HI6BHt+5UVoVMr2cblyfVKoXqRxZOEA8lAEG06hCldQgzoQeIAneIFX49F4Nt6M91lrxkhn9uGPjI9vZHWWKg==</latexit>

� = Y1 � Y0
<latexit sha1_base64="Y3246V1lNJpRUthV/7KKaxLrH0s=">AAAB+3icbVDLSsNAFJ3UV62vWJduBovgxpJUQTdC0Y3LCvYhbQiTybQdOpmEmRuxhP6KGxeKuPVH3Pk3TtsstPXAvRzOuZe5c4JEcA2O820VVlbX1jeKm6Wt7Z3dPXu/3NJxqihr0ljEqhMQzQSXrAkcBOskipEoEKwdjG6mfvuRKc1jeQ/jhHkRGUje55SAkXy73AuZAIKv8IPv4lPTHd+uOFVnBrxM3JxUUI6Gb3/1wpimEZNABdG66zoJeBlRwKlgk1Iv1SwhdEQGrGuoJBHTXja7fYKPjRLifqxMScAz9fdGRiKtx1FgJiMCQ73oTcX/vG4K/Usv4zJJgUk6f6ifCgwxngaBQ64YBTE2hFDFza2YDokiFExcJROCu/jlZdKqVd2zau3uvFK/zuMookN0hE6Qiy5QHd2iBmoiip7QM3pFb9bEerHerY/5aMHKdw7QH1ifPxVjkoQ=</latexit>

E = expected value, 
or average

P = probability 
distribution

� = E(Y |do(X))� E(Y |!do(X))
<latexit sha1_base64="n4YXIxAEThwZuXbjmaECd6bAXQw=">AAACDnicbVDLSgMxFM34rPU16tJNtBTahWWmCroRiiK4rGAf0g4lk8m0oZlkSDJCqf0CN/6KGxeKuHXtzr8xbWehrQcC555zLzf3+DGjSjvOt7WwuLS8sppZy65vbG5t2zu7dSUSiUkNCyZk00eKMMpJTVPNSDOWBEU+Iw2/fzn2G/dEKir4rR7ExItQl9OQYqSN1LHz7YAwjeA5vCrcwQcYiEKzWIRHaXkwrTt2zik5E8B54qYkB1JUO/ZXOxA4iQjXmCGlWq4Ta2+IpKaYkVG2nSgSI9xHXdIylKOIKG84OWcE80YJYCikeVzDifp7YogipQaRbzojpHtq1huL/3mtRIdn3pDyONGE4+miMGFQCzjOBgZUEqzZwBCEJTV/hbiHJMLaJJg1IbizJ8+TernkHpfKNye5ykUaRwbsg0NQAC44BRVwDaqgBjB4BM/gFbxZT9aL9W59TFsXrHRmD/yB9fkDZFuX4A==</latexit>





Fundamental problem of causal inference

�i = Y 1
i � Y 0

i
<latexit sha1_base64="6honxTkUB64g6L3bUQhexACzE10=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAR3FiSKuhGKLpxWcE+pI1hMrlph04ezEyEEurGX3HjQhG3/oU7/8Zpm4W2Hhju4Zx7uXOPl3AmlWV9G4WFxaXlleJqaW19Y3PL3N5pyjgVFBo05rFoe0QCZxE0FFMc2okAEnocWt7gauy3HkBIFke3apiAE5JexAJGidKSa+51feCKuAxf4Lt7W9djXS2XuWbZqlgT4Hli56SMctRd86vrxzQNIVKUEyk7tpUoJyNCMcphVOqmEhJCB6QHHU0jEoJ0sskFI3yoFR8HsdAvUnii/p7ISCjlMPR0Z0hUX856Y/E/r5Oq4NzJWJSkCiI6XRSkHKsYj+PAPhNAFR9qQqhg+q+Y9okgVOnQSjoEe/bkedKsVuyTSvXmtFy7zOMoon10gI6Qjc5QDV2jOmogih7RM3pFb8aT8WK8Gx/T1oKRz+yiPzA+fwCpaJUW</latexit>

Individual-level effects are impossible to observe!

No individual counterfactuals!



Average treatment effect (ATE)
Solution: Use averages instead

ATE = E(Y1 � Y0) = E(Y1)� E(Y0)
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Difference between average/expected value when 
program is on vs. expected value when program is off

� = (Ȳ |P = 1)� (Ȳ |P = 0)
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