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Intervention, 𝑇

(e.g. medication, 
procedure)

Outcome, 𝑌

Patient, 𝑋

(including all
confounding
factors)

?

High dimensional Observational data

Reminder: Causal inference



• Two approaches to use machine learning for 
causal inference
– Predict outcome given features and treatment – i.e., 

E[Y | X, T] – then use to impute counterfactuals 
(covariate adjustment)

– Predict treatment using features (propensity score) –
i.e., Pr(T|X) – then use to reweight outcomes

Consistency of estimates depend on:
– Causal graph being correct (i.e., no unobserved 

confounding)
– Identifiability of causal effect (i.e., overlap or correctly 

specified model)

Reminder: Causal inference



Same ideas can be used to evaluate 
policies using observational data

• Suppose someone gave us a policy         that outputs a1 vs a2⇡(l)

Patient has a urinary
tract infection (UTI)

Affects 1 in 2 women 
during lifetime; 3rd 
most common cause 
for antibiotic treatment

Example: which antibiotic to prescribe?

[Kanjilal et al., A decision algorithm to promote outpatient antimicrobial stewardship for uncomplicated 
urinary tract infection. Science Translational Medicine, 2020.]



Same ideas can be used to evaluate 
policies using observational data

• Suppose someone gave us a policy         that outputs a1 vs a2⇡(l)

Example: which antibiotic to prescribe?

the ecological adverse effects of antimicrobial therapy (collateral

damage) has increased, newer agents and different durations of

therapy have been studied, and clinical outcomes have in-

creasingly been reported. In addition, women with uropath-

ogens resistant to the treatment drug have been included in

some studies, allowing for estimations of expected response rates

in a ‘‘real-life’’ clinical setting in which empirical therapy is

prescribed either without a urine culture and susceptibility

testing or before such results are known. In light of these de-

velopments, an update of the guidelines was warranted.

The focus of this guideline is treatment of women with acute

uncomplicated cystitis and pyelonephritis, diagnoses limited

in these guidelines to premenopausal, nonpregnant women

with no known urological abnormalities or comorbidities. It

should be noted that women who are postmenopausal or have

well-controlled diabetes without urological sequelae may be

considered by some experts to have uncomplicated urinary

tract infection (UTI), but a discussion of specific management

of these groups is outside the scope of this guideline. In ad-

dition, management of recurrent cystitis and of UTI in

pregnant women, prevention of UTI, and diagnosis of UTI are

all important issues that are not addressed in this guideline.

The issues of in vitro resistance prevalence and the potential

for collateral damage were considered as important factors in

making optimal treatment choices and thus are reflected in

the rankings of recommendations.

Summarized below are the recommendations made in the

2010 guideline update. The Panel followed a process used in the

development of other IDSA guidelines which included a sys-

tematic weighting of the quality of the evidence and the grade of

recommendation [32] (Table 1). A detailed description of the

methods, background, and evidence summaries that support

Prescribe a recommended antimicrobial 

Consider alternate diagnosis (such 
as pyelonephritis or complicated 

UTI) & treat accordingly 
(see text)

Yes 

Woman with acute uncomplicated cystitis 
Absence of fever, flank pain, or other 
suspicion for pyelonephritis 
Able to take oral medication 

No

Fluoroquinolones 
(resistance prevalence high in 

some areas) 

OR 

-lactams  
(avoid ampicillin or amoxicillin 
alone; lower efficacy than other 
available agents; requires close 

follow-up) 

No
Can one of the recommended antimicrobials* 

below be used considering: 
Availability 

Allergy history 
Tolerance 

Nitrofurantoin monohydrate/macrocrystals 100 
mg bid X 5 days 

(avoid if early pyelonephritis suspected) 

OR 

Trimethoprim-sulfamethoxazole 160/800 mg 
(one DS tablet) bid X 3 days 

(avoid if resistance prevalence is known to 
exceed 20    or if used for UTI in previous 3 

months) 

OR 

Fosfomycin trometamol 3 gm single dose 
(lower efficacy than some other recommended 
agents; avoid if early pyelonephritis suspected) 

OR  

Pivmecillinam 400 mg bid x 5 days 
(lower efficacy than some other recommended 
agents; avoid if early pyelonephritis suspected) 

Yes 

*The choice between these agents should be 
individualized and based on patient allergy and 
compliance history, local practice patterns, local 

community resistance prevalence, availability, cost, and 
patient and provider threshold for failure (see Table 4) 

Figure 1. Approach to choosing an optimal antimicrobial agent for empirical treatment of acute uncomplicated cystitis. DS, double-strength; UTI,
urinary tract infection.
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At MGH & BWH, 
resistance 
prevalence to SXT 
does exceed 20%: 
always avoid SXT

Resistance or exposure to 
NIT in past 90 days?

YesNo

Prescribe CIP
(Ciprofloxacin)

Prescribe NIT
(Nitrofurantoin)

Simplifies to

[Gupta et al., Clinical Infections Diseases, 2011.]

Infectious Disease Society of 
America (IDSA) guidelines



Same ideas can be used to evaluate 
policies using observational data

• Suppose someone gave us a policy         that outputs a1 vs a2

• How do we evaluate it?
• We give two approaches, one based on potential outcomes 

and the other based on propensity scores
• In both cases, we have to first consider the causal graph that 

underlies the observational data

⇡(l)

Action, 𝐴
(a1 or a2)

Reward, 𝑅

Features 
used for 𝜋, 𝐿

Confounders, 𝑋
Switched notation to 
what’s more typically 

used in RL
action A:   Treatment T
reward R:  Outcome Y

𝑆State



• First, use machine learning to 
obtain a model that can 
predict potential outcomes 
(we need ignorability, 
overlap)

• Then, use this model to 
impute policy outcomes:

Evaluating policies using potential 
outcomes

𝑠!

𝑠"

𝑠#

𝐴
…

𝑓(𝑠, 𝐴)

𝑅

Regression 
model

Outcome / 
reward

Features

Q̂(⇡) =
1

n

nX

i=1

f(li, xi,⇡(li))



• First, use machine learning to 
obtain �̂� 𝐴 𝑠 = 𝑓(𝑠), 
estimated propensity scores

• Then, use this model to 
reweight the outcomes:

Evaluating policies using inverse 
propensity scores

𝑠!

𝑠"

𝑠#

…

𝑓(𝑠)

𝐴

Regression 
model

TreatmentFeatures

Aside: is this the right goal? What if we wanted to control 
worst-case reward instead of average?

Q̂IPW (⇡) =
1

n

nX

i=1

1[ai = ⇡(li)]

p̂(ai | si)
Ri



• Consider our first estimator:

• Create data set {(li, oi)} where

• Use an (interpretable) ML algorithm to fit this new dataset
• The resulting policy may be a much simpler function than f!

Learning policies from observational 
data

Notice relationship to CATE

(Makar, Swaminathan, Kiciman. A distillation approach to data efficient individual treatment 
effect estimation. AAAI, 2019)

Q̂(⇡) =
1

n

nX

i=1

f(li, xi,⇡(li))

oi = argmax
A

f(li, xi, A)



Does gastric bypass surgery prevent
onset of diabetes?

• Gastric bypass surgery is the highest negative weight (9th 
most predictive feature)
– Does this mean it would be a good intervention?

• Yes, if….
– Interpret ‘gastric bypass surgery’ feature as T
– Interpret all the other features as X; assume they all include all 

relevant confounders and do not include anything post-treatment 
– True potential outcome function is linear

1994 2000

<4.5%         4.5%–5.9%        6.0%–7.4%      7.5%–8.9%          >9.0%

2013



Mammography	(86K	subjects)

Competitive Period Launch: Nov 18, 2016
Competitive Period Close: May 9, 2017

Out	of	1000	women	screened,	only	5	will	have	breast	cancer

Goal:	develop	algorithms	for	risk	stratification	of	screening	
mammograms	that	can	be	used	to	improve	breast	cancer	
detection

What is the likelihood this patient, with 
breast cancer, will survive 5 years?

𝑿
𝒀

Diagnosis Death Time

“Mary”

Treatment

A long survival time may be because of treatment!

• Group into K categories of treatment strategies T (one of which might 
be “no treatment”)

• Gather data on confounding factors C that might influence both 
treatment decision and outcome

• Learn f(X,C,T) to predict Y (survival time)
• Assess overlap* by looking at p(X,C|T) or p(T|X,C)
• Predict survival under a specific treatment regime k using f(X,C,k)
• Will survive 5 years when treated optimally if maxk f(X,C, k) > 5

* See, e.g., Oberst, Johansson, Wei, Gao, Brat, Sontag, Varshney. Characterization of Overlap in Observational 
Studies, Conference on Artificial Intelligence and Statistics (AI-STATS), 2020.



Many more ideas and methods

• Doubly robust estimators that combine both 
regression and IPW

• Natural experiments & regression 
discontinuity

• Instrumental variables
• Sensitivity analyses



Many more ideas and methods –
Natural experiments

• Does stress during pregnancy affect later child 
development?

• Confounding: genetic, mother personality, 
economic factors…

• Natural experiment: the Cuban missile crisis of 
October 1962. Many people were afraid a nuclear 
war is about to break out.

• Compare children who were in utero during the 
crisis with children from immediately before and 
after



Many more ideas and methods –
Instrumental variables 

• Informally: a variable which affects treatment 
assignment but not the outcome

• Example: are private schools better than public 
schools? Which students would benefit the most?

• Confounding: different student population, 
different teacher population

• Can’t force people which school to go to



Many more ideas and methods –
Instrumental variables

• Informally: a variable which affects treatment 
assignment but not the outcome

• Example: are private schools better than public 
schools? Which students would benefit the most?

• Can’t force people which school to go to
• Can randomly give out vouchers to some children, 

giving them an opportunity to attend private 
schools

• The voucher assignment is the instrumental 
variable



Estimation using an instrumental variable

Goal: estimation in setting where there are unobserved 
confounders, U, not captured in X

Intervention, 𝑇

(e.g. medication, 
procedure)

Outcome, 𝑌

Patient, 𝑋

(what we 
know) ?

𝑈



Estimation using an instrumental variable

First, assume no patient covariates (with this, we will only be 
able to estimate ATE not CATE)

Intervention, 𝑇

(e.g. medication, 
procedure)

Outcome, 𝑌

Patient, 𝑋

(what we 
know) ?

𝑈



Estimation using an instrumental variable

First, assume no patient covariates (with this, we will only be 
able to estimate ATE not CATE)

Intervention, 𝑇

(e.g. medication, 
procedure)

Outcome, 𝑌

?

𝑈

Note: this is without loss of 
generality (since U could 
include all of X)



Estimation using an instrumental variable

<latexit sha1_base64="kM2Kw9peVD0/n13t7Mo4wEYSnXc="></latexit>

U

T Y

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)



Estimation using an instrumental variable

<latexit sha1_base64="uSnWmzenLZoB/622kgJqyZD0I1U="></latexit>

U

T Y

Z

Instrument (e.g., voucher)

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)



<latexit sha1_base64="/hLeD4FcMEV8euIIoCVN+BKXDP0="></latexit>

U

T Y

Z

Assumption 1: Relevance

Z has a causal effect on T

What is an Instrument?

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)



Assumption 2: Exclusion Restriction

<latexit sha1_base64="/hLeD4FcMEV8euIIoCVN+BKXDP0="></latexit>

U

T Y

Z

The causal effect of Z on Y is fully mediated by T
<latexit sha1_base64="SXUJchWKlejMrSU7143taV/9zHo="></latexit>

U

T Y

Z

What is an Instrument?

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)



Assumption 3: Instrumental 
Unconfoundedness

Z is unconfounded (in the setting of no X, this simply 
means U and Z are independent)

<latexit sha1_base64="SXUJchWKlejMrSU7143taV/9zHo="></latexit>

U

T Y

Z

<latexit sha1_base64="K53ughT9jty+/kkw1QKV+eOgpqA="></latexit>

U

T Y

Z

What is an Instrument?

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)



Warm-up: linear potential outcome, 
no X

Z doesn’t appear because of 
the exclusion restriction 
assumption

<latexit sha1_base64="uSnWmzenLZoB/622kgJqyZD0I1U="></latexit>

U

T Y

Z

Linear

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)

Assume potential outcomes given by the linear model,

𝑌! 𝑈 = 𝛼"𝑈 + 𝛿 ⋅ 𝑡 + 𝜖!, 𝔼 𝜖! = 0



Warm-up: linear potential outcome, 
no X

<latexit sha1_base64="hm9P+ROKGa+XIlenBfnjjn0ePYA="></latexit>

U

T Y

Z

<latexit sha1_base64="dRKcYo4A4lEwHJrBAYMuOLPrWZA="></latexit>

E[Y | Z = 1]� E[Y | Z = 0]

= E[�T + ↵uU | Z = 1]� E[�T + ↵uU | Z = 0]

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U | Z = 1]� E[U | Z = 0])

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U ]� E[U ])

= � (E[T | Z = 1]� E[T | Z = 0])

<latexit sha1_base64="3cuWur6hLCfODW+HoFEKOFHnbPs="></latexit>

� =
E[Y | Z = 1]� E[Y | Z = 0]

E[T | Z = 1]� E[T | Z = 0]

(exclusion restriction and linear outcome assumptions)

(instrumental unconfoundedness assumption)

(non-zero due to relevance assumption)

<latexit sha1_base64="dRKcYo4A4lEwHJrBAYMuOLPrWZA="></latexit>

E[Y | Z = 1]� E[Y | Z = 0]

= E[�T + ↵uU | Z = 1]� E[�T + ↵uU | Z = 0]

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U | Z = 1]� E[U | Z = 0])

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U ]� E[U ])

= � (E[T | Z = 1]� E[T | Z = 0])

<latexit sha1_base64="dRKcYo4A4lEwHJrBAYMuOLPrWZA="></latexit>

E[Y | Z = 1]� E[Y | Z = 0]

= E[�T + ↵uU | Z = 1]� E[�T + ↵uU | Z = 0]

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U | Z = 1]� E[U | Z = 0])

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U ]� E[U ])

= � (E[T | Z = 1]� E[T | Z = 0])

<latexit sha1_base64="dRKcYo4A4lEwHJrBAYMuOLPrWZA="></latexit>

E[Y | Z = 1]� E[Y | Z = 0]

= E[�T + ↵uU | Z = 1]� E[�T + ↵uU | Z = 0]

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U | Z = 1]� E[U | Z = 0])

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U ]� E[U ])

= � (E[T | Z = 1]� E[T | Z = 0])

<latexit sha1_base64="dRKcYo4A4lEwHJrBAYMuOLPrWZA="></latexit>

E[Y | Z = 1]� E[Y | Z = 0]

= E[�T + ↵uU | Z = 1]� E[�T + ↵uU | Z = 0]

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U | Z = 1]� E[U | Z = 0])

= � (E[T | Z = 1]� E[T | Z = 0]) + ↵u (E[U ]� E[U ])

= � (E[T | Z = 1]� E[T | Z = 0])

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)

𝑌' 𝑈 = 𝛼(𝑈 + 𝛿 ⋅ 𝑡 + 𝜖'



Estimation using (conditional) instruments

<latexit sha1_base64="uSnWmzenLZoB/622kgJqyZD0I1U="></latexit>

U

T Y

Z

𝑋

Assume potential outcomes given by:

𝑌# 𝑥, 𝑈 = 𝛿 𝑥 𝑇 + 𝑔 𝑥, 𝑈 + 𝜖#

Goal: estimate 
CATE 𝑥 = 𝛿 𝑥



Estimation using (conditional) instruments
Assume potential outcomes given by:

𝑌# 𝑥, 𝑈 = 𝛿 𝑥 𝑇 + 𝑔 𝑥, 𝑈 + 𝜖#(𝑥)

Theorem: CATE 𝑥 = 𝛿 𝑥 =
𝔼 𝑌 𝑍 = 1, 𝑥 − 𝔼[𝑌|𝑍 = 0, 𝑥]

𝑝 𝑇 = 1 𝑍 = 1, 𝑥) − 𝑝 𝑇 = 1 𝑍 = 0, 𝑥)

<latexit sha1_base64="uSnWmzenLZoB/622kgJqyZD0I1U="></latexit>

U

T Y

Z

𝑋

(proof shown on board)

Assume
𝔼 𝜖!| 𝑥 = 0
𝔼 𝜖"| 𝑥 = 0



What if you have unobserved 
confounding but no instrument?

Sensitivity analysis will help us build 
intuition on how biased our 

estimates might be



Sensitivity analysis and hidden 
confounding

• Major challenge: how to define the amount of 
hidden confounding?

• This is not a purely mathematical problem! 
We need to frame it in terms that enable us to 
make judgement calls about plausible and 
implausible levels of hidden confounding 

(Slides adapted from Uri Shalit’s causal inference class)



Scenario #1

Patients treated with blood pressure drug A 
live longer than patients without on 
average.

However, drug A is very expensive, so 
mostly wealthy patients get drug A. 

If income is not in our dataset, it could be 
very likely that it explains much or all of the 
ATE due to general lifestyle factors

(Example from Monica Agrawal)



Scenario #1

Patients treated with blood pressure drug A 
live longer than patients without on 
average.

However, drug A is very expensive, so 
mostly wealthy patients get drug A. 

If income is not in our dataset, it could be 
very likely that it explains much or all of the 
ATE due to general lifestyle factors

Scenario #2

Patients who smoke are likelier to develop lung 
cancer than patients who don’t. 

There is believed to be some heritability for 
both addiction and lung cancer. 

Even if patients’ mutations are not in the 
dataset, it is unlikely that the genetic factors 
are sufficient to overpower the overwhelming 
ATE.

(Example from Monica Agrawal)



Sensitivity analysis and hidden 
confounding

• How to define the amount of hidden 
confounding?

• How much 𝐻 affects 𝑇 and 𝑦?
• What “units” do we use for this? 

How to ground it?

(Slides adapted from Uri Shalit’s causal inference class)



Special case to build intuition

<latexit sha1_base64="oLNh5jgGL8lSG3RxxH8XLmVD2Fg="></latexit>

T := ↵wW + ↵uU

Y := �wW + �uU + �T

<latexit sha1_base64="2mDnz8YUnG1kBWtB9nKsMPMaveA="></latexit>

W U

T Y

Goal: recover 
<latexit sha1_base64="4kLgsB3V/MeIDLI24ttEC6CioZs="></latexit>

�

Sensitivity Analysis: Linear Single Confounder

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)

Notation change (!)
these slides use W
instead of X

Continuous T

Linear T and no randomness
Linear Y



Bias in Simple Linear Setting

<latexit sha1_base64="oLNh5jgGL8lSG3RxxH8XLmVD2Fg="></latexit>

T := ↵wW + ↵uU

Y := �wW + �uU + �T

<latexit sha1_base64="2mDnz8YUnG1kBWtB9nKsMPMaveA="></latexit>

W U

T Y

<latexit sha1_base64="ECX4aNrFkygg1eWzyV7O7iEbFzI="></latexit>

E[Y (1)� Y (0)] = EW,U [E[Y | T = 1,W,U ]� E[Y | T = 0,W,U ]] = �
<latexit sha1_base64="bCgkyUx3yWUkqyiD0hPOxiEVoeE="></latexit>

EW [E[Y | T = 1,W ]� E[Y | T = 0,W ]]
?
=

<latexit sha1_base64="zWr5HNn3VSEmW3hoOPrylTWI2uA="></latexit>

EW [E[Y | T = 1,W ]� E[Y | T = 0,W ]] = � +
�u

↵u
<latexit sha1_base64="TLdb9LB2IawHGV9IHLw7pLDpis0="></latexit>

Bias of EW [E[Y | T = 1,W ]� E[Y | T = 0,W ]] = � +
�u

↵u
� � =

�u

↵u

<latexit sha1_base64="bCgkyUx3yWUkqyiD0hPOxiEVoeE="></latexit>

EW [E[Y | T = 1,W ]� E[Y | T = 0,W ]]
?
=

<latexit sha1_base64="bCgkyUx3yWUkqyiD0hPOxiEVoeE="></latexit>

EW [E[Y | T = 1,W ]� E[Y | T = 0,W ]]
?
=

<latexit sha1_base64="TLdb9LB2IawHGV9IHLw7pLDpis0="></latexit>

Bias of EW [E[Y | T = 1,W ]� E[Y | T = 0,W ]] = � +
�u

↵u
� � =

�u

↵u

Proof coming 
after next 
slide

Sensitivity Analysis: Linear Single Confounder

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)



Contour Plots for Sensitivity to 
Confounding

<latexit sha1_base64="LcpGuqRnUiblZeChoOywKImqzxE="></latexit>

Bias of EW [E[Y | T = 1,W ]� E[Y | T = 0,W ]] =
�u

↵u

<latexit sha1_base64="0L4n8oCOuZcyRjnIgv9VZIKeFb8="></latexit>

1

↵u

<latexit sha1_base64="P19Fby+XaPzio8piT7yEV2vZ8bA="></latexit>

�u

↵u

<latexit sha1_base64="jc7ZpVoZh/c/adpaeMiCombd7k0="></latexit>

�u

Sensitivity Analysis: Linear Single Confounder

(Slides adapted from Brady Neal’s Introduction to Causal Inference class)



Get a closed-form expression for                                 in terms of     ,     ,     , and     .
<latexit sha1_base64="l6QovI303j1kFEIymG4MPpao3n8="></latexit>

EW [E[Y | T = t,W ]] = EW [E[�wW + �uU + �T | T = t,W ]]

= EW [�wW + �uE[U | T = t,W ] + �t]

= EW
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✓
t� ↵wW

↵u

◆
+ �t

�
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�u

↵u
t� �u↵w
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W + �t

�
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E[W ] + �t

=

✓
� +

�u

↵u

◆
t+

✓
�w � �u↵w

↵u

◆
E[W ]

Bias in Simple Linear Setting Proof: 
Step 1

Assumed SCM:
<latexit sha1_base64="GaCQweg2FtFb74Cd3rmFeXbcwn8="></latexit>

T := ↵wW + ↵uU

Y := �wW + �uU + �T
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EW [E[Y | T = t,W ]]
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Bias in Simple Linear Setting Proof: 
Step 2
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Bias in Simple Linear Setting Proof: 
Step 3
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Rosenbaum & Rubin (1983) and Imbens (2003)
• Simple parametric form for T
• Simple parametric form for Y
• U is binary
• U is a scalar (only one unobserved 

confounder)

Sensitivity analysis with binary 
treatment
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• How much unmeasured confounding to flip 
our conclusions? 

(Slides adapted from Uri Shalit’s causal inference class)

Sensitivity analysis with binary 
treatment



Does cigarette 
smoking 

increase blood 
lead?

Unmeasured confounding exp(𝛾) in treatment assignment 𝑈 → 𝑇

Unmeasured
confounding 
exp(𝛿) in 
outcome 
model 𝑈 →
𝑌

Hsu & Small,  
2013

(Slides adapted from Uri Shalit’s causal inference class)



• Here, both treatment 
mechanism and the 
outcome mechanism can be 
modeled with arbitrary 
machine learning models

• Assumptions on how hidden 
confounders modify 
treatment & outcome 
models

Generalization: Austen plots

(Veitch & Zaveri, Sense and Sensitivity Analysis: Simple Post-Hoc Analysis of Bias Due to 
Unobserved Confounding. NeurIPS 2020)

confounding is “mild” relative to the “large” effect. In particular, the domain expert must trans-
late judgments about the strength of the unobserved confounding into judgments about the bias
induced in the estimate of the effect. Accordingly, we must formalize what is meant by strength of
unobserved confounding, and to show how to translate judgments about confounding strength into
judgments about bias.

Figure 1: Austen plot showing how strong an unob-
served confounder would need to be to induce a bias of
2 in an observational study of the effect of combination
blood pressure medications on diastolic blood pressure
[Dor+16]. We chose this bias to equal the nominal aver-
age treatment effect estimated from the data. We model
the outcome with Bayesian Additive Regression Trees
and the treatment assignment with logistic regression—
Austen plots accommodate any choice of models. The
curve shows all values treatment and outcome influence
that would induce a bias of 2. The colored dots show the
influence strength of (groups of) observed covariates,
given all other covariates. For example, an unobserved
confounder with as much influence as the patient’s age
might induce a bias of about 2.

A prototypical example, due to Imbens [Imb03]
(building on [RR83]), illustrates the broad ap-
proach. The observed data consists of a treat-
ment T , an outcome Y , and covariates X that
may causally affect the treatment and outcome.
Imbens [Imb03] then posits an additional un-
observed binary confounder U for each patient,
and supposes that the observed data and un-
observed confounder were generated according
to:

Ui
iid⇠ Bern(1/2)

Ti | Xi, Ui
ind⇠ Bern(sig(�Xi+↵Ui))

Yi | Xi, Ti, Ui
ind⇠ Norm(⌧Ti+�Xi+�Ui,�

2).

where sig is the sigmoid function. If we had ob-
served Ui, we could estimate (⌧̂ , �̂, �̂, ↵̂, �̂, �̂2)
from the data and report ⌧̂ as the estimate of
the average treatment effect. Since Ui is not
observed, it is not possible to identify the pa-
rameters from the data. Instead, we make
(subjective) judgments about plausible values
of ↵—how strongly Ui affects the treatment
assignment—and �—how strongly Ui affects
the outcome. Contingent on plausible ↵ = ↵⇤

and � = �⇤, the other parameters can be esti-
mated. This yields an estimate of the treatment
effect ⌧̂(↵⇤, �⇤) under the presumed values of
the sensitivity parameters.

The approach just outlined has a major draw-
back: it relies on a parametric model for the full
data generating process. The assumed model is equivalent to assuming that, had U been observed, it
would have been appropriate to use logistic regression to model treatment assignment, and linear re-
gression to model the outcome. This assumption also implies a simple, parametric model for the re-
lationships governing the observed data. This restriction is out of step with modern practice, where
we use flexible machine-learning methods to model these relationships. For example, the assump-
tion forbids the use of neural networks or random forests, though such methods are often state-of-
the-art for causal effect estimation.

Austen plots The purpose of this paper is to introduce Austen plots, an adaptation of Imbens’ ap-
proach that fully decouples sensitivity analysis and modeling of the observed data. An example
Austen plot is shown in Figure 1. The high-level idea is to posit a generative model that uses a sim-
ple, interpretable parametric form for the influence of the unobserved confounder, but that puts no

constraints on the model for the observed data. We then use the parametric part of the model to for-
malize “confounding strength” and to compute the induced bias as a function of the confounding.

We further adapt two innovations pioneered by Imbens [Imb03]. First, we find a parameterization of
the model so that the sensitivity parameters, measuring strength of confounding, are on a standard-
ized, unitless scale. This allows us to compare the strength of hypothetical unobserved confounding
to the strength of observed covariates, measured from data. Second, we plot the curve of all values
of the sensitivity parameter that would yield given level of bias. This moves the analyst judgment
from “what are plausible values of the sensitivity parameters?” to “are sensitivity parameters this
extreme plausible?”

2



Summary

• Close connection between causal inference 
and off-policy evaluation
– Will return to this later when we talk about off-

policy reinforcement learning
• Instrumental variables can be used to 

estimate ATE and CATE when there is 
unobserved confounding

• Sensitivity analysis can help build intuition for 
how unobserved confounding affects bias
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