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1. Review Core Ideas
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Condition
Assigned

Outcome
if Treated, Y1

Outcome 
if not Treated, Y0

Treatment Observed
Unobservable 
Counterfactual

Potential Outcomes

Control Unobservable 
Counterfactual

Observed

Analysis of Experimental Data

1
Y T    

1̂ average causal effectˆ   

T is (0,1) treatment indicator which, for large samples, is independent 
of background characteristics by study design (ie, randomization)

Absent Randomization

1
Y T     βZ

Covariates, Z, serve to 
adjust groups for confounding…



2/20/2012

4

Absent Randomization

Unless specification of the model, 
including X, is perfect, bias results

Propensity Score Methods

An approach to confounder 
control that better mimics the 

experimental approach.experimental approach.

Introduced by Rosenbaum and Rubin in 1983 

In the analysis of treatment effects, suppose that 
we have a binary treatment T, an outcome Y, and 
background variables Z. The propensity score is 
defined as the conditional probability of treatment 
given background variables: 

Propensity Score, p(z)

( ) Pr( 1| )p z T Z z  
Propensity score
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Ignorable TAM

(0), (1) | ( )TAM Y Y p z
Propensity score

Gou & Fraser, Fig 5.1

Because they require us to think about the ideal 

experiment we would have liked to have conducted, 

propensity score methods are a better tool than 

multiple regression. Setting aside the outcome 

variable, Y, until it’s time to assess differences 

between observed outcomes and counterfactual 

substitutes, is an invaluable addition to the practice 

of applied research.
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2. ATE, ACE, ATT, TOT

What “effect” do we wish to estimate? 

Ideally, we’d like the treatment effect for each 
individual in our study. If we could observe every 
person and their counterfactual we could just take 
the average across all persons as an estimate of 
delta. 

 = (1) - (0)i i iY Y

  

But of course we cannot calculate a 
causal effect for a particular person. 

We must move up the population level.  
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The average treatment effect (ATE) is the 
difference in the average of the outcome variable 
in the treatment group minus the average of the 
outcome variable in the control group. ATE is the 
same as the average causal effect (ACE).

ATE = ACE = [ (1) - (0)]E Y Y

The average treatment effect (ATE) is the 
difference in the average of the outcome variable 
in the treatment group minus the average of the 
outcome in the control group. ATE is the same as 
the average causal effect (ACE).

ATE = ACE = [ (1) - (0)]E Y Y

Often desired and easily estimable in RCTs

The average treatment effect on the treated 
(ATT) is the mean difference between those 
actually treated or exposed and their 
counterfactuals. ATT is the same as the treatment 
effect on the treated (TOT). 

ATT TOT [ (1) (0) | T 1]E Y YATT = TOT = [ (1) - (0) | T=1]E Y Y
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The affect of the treatment on the treated (ATT)
is the mean effect of those actually treated or 
exposed . ATT is the same as the treatment effect 
on the treated (TOT). 

ATT = TOT = [ (1) - (0) | T=1]E Y YATT  TOT  [ (1) - (0) | T 1]E Y Y

Often better for observational designs

ATT = ATE = ( | 1) - ( | 0) [ (1) (0)]E Y T E Y T E Y Y   

When we randomize the treatment assignment 
mechanism (TAM) is independent of the outcomes 
and all subjects have a positive probability of being 
treated. Accordingly, the ATT = ATE: 

This is because randomization produces exchangeable 
groups (ie, balance) and yields excellent counterfactual 
substitutes. In other words, the control group serves to 
substitute for the unobservable counterfactuals of the 
treatment group, at least with large samples.

ATT  ATE

But when we do not randomize the treatment 
assignment mechanism (TAM) is rarely 
independent of the outcomes and some subjects 
may have a zero probability of being treated. 
Accordingly,

Thus we are often better off comparing treated subjects 
to the best counterfactuals we can find for them. The best 
ones are the non-treated subjects that have the same 
probability of being treated as the treated subjects being 
studied (or the set of them). This theoretically satisfied 
the critical assumption about independence of the 
treatment assignment mechanism: (0), (1) | ( )TAM Y Y p z
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Incredibly, neither of the desired effect 
estimates (ATT, ATE) is (easily) 
identifiable through regression 

modeling in an observational study.

3. Typical Analysis

Let’s use Stata

What is Stata? Stata is a full-featured 
statistical programming language for 
Windows, Macintosh, Unix and Linux. It 
can be considered a “stat package,” like 
SAS, SPSS, or R.
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Data and program for this entire module
are available on “class website”.

Data………. tcws_pscore_demo.dta

Program pscore demo doProgram…. pscore demo.do
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Data are based on my Twin Cities Walking Study 
(TCWS) but have been altered for pedagogical 
purposes. The data are fictitious!
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Was 358!
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t-test of totwalk (Y) by walkable (X)
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Bivariate Regression: 
totwalk (Y) on walkable (X)

Assess differences in averagesof 
suspected confounders across 

treatment (walkable) and 
control (no walkable) conditions.

Use a t-test

(better methods available)
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Treatment Control
Potential Confounder (Walkable) (Not-Walkable) Difference p-value

Age 44.07 52.02 7.95 0.000
Tenure 14.28 13.13 -1.15 0.369

% M l 34 24 31 76 2 47 0 622

Means

Summary of t-tests

% Males 34.24 31.76 -2.47 0.622
% White 78.19 68.82 -9.37 0.044

% Married 31.91 48.82 16.91 0.001
% College degree 81.38 48.82 -32.56 0.000
HH Income Scale 6.63 5.21 -1.42 0.000

Multiple Regression
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Keep variables with small p-values
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4. Propensity Score Analysis

Nearest Neighbor Matching
within caliper

Assess Balance
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Pscore ATT Estimate



2/20/2012

22

Assess Support
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There are no matches for 
12 of the “treated” subjects

0 .2 .4 .6 .8 1
Propensity Score

Untreated Treated: On support

Treated: Off support

Bootstrap, k=1000
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Observed
Value

Pscore
Predicted
Counter-
factual

Ob d
Pscore

P di t dObserved
Value

Predicted
Counter-
factual
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Effect 
For 

Subject
#4#

Effect Effect 
For 

Subject
#4

Unmeasured Confounding?
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Rosenbaum Bounds
A method of sensitivity analysis that uses a parameter 
“gamma” to measure the degree of departure from random 
assignment of treatment. 

Imagine that 2 subjects with the same observed characteristics 
differ in the odds of receiving the treatment by at most a factor 
of “gamma”. 

In a randomized trial, randomization of the treatment ensures 
that gamma = 1. In an observational study, if gamma = 2 and 
two subjects are identical on matched covariates then one 
might be twice as likely as the other to receive the treatment 
because they differ in terms of an unobserved covariate.
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Let’s Compare!

Method Effect L95%CI U95%CI

T-test 4,498 3,849 5,147

Bivariate Regression 4,498 3,337 5,158

Fully Adjusted Multi Regression 2,215 1,815 2,616

P-value Adjusted Multi Regression 2,206 1,815 2,597

Pscore: 6 vars, NN match, caliper = 0.03 2,405 1,605 3,205

Pscore: 6 vars, NN match, caliper = 0.03, BS=1k 2,393 1,787 2,913

Pscore: 4 vars, NN match, caliper = 0.05 2,618 1,781 3,455

Pscore: 4 vars, NN match, caliper = 0.001 3,231 2,173 4,289

Pscore: 4 vars, NN match, caliper = 0.9 2,618 1,781 3,455

Pscore: 6 vars, Kernel match 2,730 2,068 3,392
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Method Effect L95%CI U95%CI

T-test 4,498 3,849 5,147

Bivariate Regression 4,498 3,337 5,158

Fully Adjusted Multi Regression 2,215 1,815 2,616

P-value Adjusted Multi Regression 2,206 1,815 2,597

Pscore: 6 vars, NN match, caliper = 0.03 2,405 1,605 3,205

Pscore: 6 vars, NN match, caliper = 0.03, BS=1k 2,393 1,787 2,913

Pscore: 4 vars, NN match, caliper = 0.05 2,618 1,781 3,455

Pscore: 4 vars, NN match, caliper = 0.001 3,231 2,173 4,289

Pscore: 4 vars, NN match, caliper = 0.9 2,618 1,781 3,455

Pscore: 6 vars, Kernel match 2,730 2,068 3,392

5. Issues & Assumptions

Image recreated from: Freedman, DA. Oasis or mirage? CHANCE Magazine. 2008; 21: (1):59–61.

• Counterfactuals are unobservable

• Black box mechanisms

• ATE or ATT?

• Pscore matching should balance confounders

• Must assume no unobservables

• Enforce “support”

• Missing values are problematic

• No predictors that are consequence of outcome

• Pscores are mere estimates from one sample
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Can also be done in 
SAS, R, SPSS, 
and other programsand other programs

For further study, see also 

Prof. Liz Stuart’s website!

Johns Hopkins University

http://www biostat jhsph edu/~estuart/propensityscoresoftware htmlhttp://www.biostat.jhsph.edu/ estuart/propensityscoresoftware.html

(1) Set outcome variable (Y) aside

(2) Model treatment/exposure (0,1) with logistic 
regression or perhaps better models

Simplified Tasks

(3) Check/Assess balance 

(4) Once balance is maximided, use propensity score in 
analysis to estimate ATT

(5) Estimate potential impact of unobservables
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Because they require us to think about the ideal 

experiment we would have liked to have conducted, 

propensity score methods are a better tool than 

multiple regression. Setting aside the outcome 

Once again… with gusto!

variable, Y, until it’s time to assess differences 

between observed outcomes and counterfactual 

substitutes, is an invaluable addition to the practice 

of applied research.

6. Review
I. Review of Core Ideas

a. Causal inference
b. Countefactuals
c. Experimental Ideal

II. Effect Measures

a ATE = ACE

IV. Propensity Score Methods

a. Stata psmatch2
b. Assess balance
c. Estimate ATT
d. Enforce support
e. Boostrap
f. Rosenbaum bounds

a. ATE = ACE
b. ATT = TOT
c. Regression estimates

in obs study

III. Typical Analysis

a. Bivariate Regression
b. Multivariate Regression
c. Effect?

V. Assumptions & Issues

a. Black-box mechanisms
b. Unobservables
c. Balance & TAM
d. Missing values
e. Support

7. Questions

1. What’s the difference between ATE and ATT?

2. Why is the assumption that outcomes are independent of the TAM so 
important?

3 Is Stata the only program that fits propensity score models?3. Is Stata the only program that fits propensity score models?

4. What does the “gamma” of Rosenbaum bounds mean?

5. What does “enforcing support” mean?
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