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Outline - three questions to keep in mind 

1.    What is the potential outcomes framework   
   and why is it useful?  

2.    Why are randomized experiments the “gold 
   standard” for causal inference? 

3.    What challenges do we face in    
   observational studies, and how should we  
   address them?
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A sketch of a randomized 
trial
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We can treat, or not treat, any given individual:
Potential outcomes
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Our	unit	is	treated	

Zi = 1
Our	unit	is	not	treated	

Zi = 0

Monsters	stolen	from	hBps://injuryordeath.deviantart.com/art/Monster-Under-My-Bed-130916778

https://injuryordeath.deviantart.com/art/Monster-Under-My-Bed-130916778


Our individual has two potential outcomes, 
depending on what we do to it:
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1020
This is what we would see 
if we don’t treat it.

This is what we would 
see if we do treat it.

• The unit-level potential outcomes are usually denoted Yi(1) 
and Yi(0). 

• The individual treatment effect is the difference, Y(1) - Y(0).  

• Here, treating the unit raises its outcome by 10 points.



The world 
where we treat

We can only see one of the two worlds
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Our	unit	is	treated	

Zi = 1
Our	unit	is	not	treated	

Zi = 0
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The world where 
we do not treat



Treated	Units

A Randomized Experiment

!7Control	Units

If	randomized,	our	
two	groups	are	
the	same	overall.		
Comparing	their	
average	outcomes	
makes	sense.



Critical Observation: Randomized 
experiments are balanced by design

If we randomize these units, then even though no 
two units are alike, the two groups will have about as 
many units with high potential outcomes, low 
potential outcomes, or middle potential outcomes. !8



At the end of the day, it is just the outcomes 
that matter, not other characteristics.

Randomizing will randomly divide these sets of 
numbers.  We see the blue numbers in the 
treated group, the other numbers in the control.
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Random assignment is just like taking 
a simple random sample…

On average, the distribution of potential outcome 
pairs will be the same in the treatment and 
control groups. !10
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The mean of each group is a good 
estimate of the overall means

The observed treated units are a random sample of 
all the treated potential outcomes.  Same for control.  
The difference is our unbiased estimate of an effect. !11
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Ȳ1 = 15.8 Ȳ0 = 13.3

�ATE = Ȳ1 � Ȳ0 = 2.5

μ0 = 12.8, μ1 = 16.4, τ = 3.6



A sketch of an 
observational study
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Treated	Units

An Observational Study

!13Control	Units

At	first	blush,	they	
can	look	the	same	
as	a	randomized	
trial,	but…



Treated	Units

There could be systematic differences

!14Control	Units

In	par;cular,	the	
poten;al	outcomes	
might	be	systema'cally	
different.
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These are generally big, 
regardless of treatment!

These are generally small, 
regardless of treatment!



So what do we do?
Classic approach:  
Adjust for observed differences in the 
groups (e.g., regression adjustments) 

Matching:  
Find units that are similar and compare 
those.
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The (typically unachievable) 
perfect solution

!16



Find two individuals that are the same, except 
that one is treated. 

Exact Matching: the perfect approach
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A	Treated	
Unit

A	Matched		
Control	Unit

≈1020

Then we can compare their outcomes.  
The difference is an estimate of the treatment 
effect for our treated unit.

We can call our 
control unit a 

plausible 
counterfactual for 
our treatment unit

1020 ≈10≈20



The Steps of a  
Matching Analysis 

(The design and analysis 
of an observational study)
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Treated	Units

Step 1: Obtain observational data

!19Pool	of	Controls



Step 2: Find our matches…

!20Pool	of	Controls

Treated	Units



Voila!  A matched pairs experiment
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Two ways of thinking about it: 
1) Each pair is the same, except for treatment.  The average 

across pairs estimates our effect. 
2) Each pair is “as-if” randomized.  I.e., they are the same, so 

the fact that one got treated is arbitrary. (This is the 
selection on observables assumption.)



Step 3: Analyze results
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In this perfect world, we then proceed with 
classic randomized experiment-style analyses. 

But we rarely live in this perfect world…



Sad Issue: We never have perfect matches
Recall from before: 
In a real randomized experiment, we would randomize 
units to treatment and control, and know that there 
would most likely be no systematic differences in the 
two groups on average. 

We don’t actually need any units to be  
the same as any other! 

But how do we capitalize on this?
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Overview of
matching methods
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The match quality we want is about 
treatment chance

Primary goal: 
You want to find units that have the same chance 
of treatment. 

Secondary goal: 
You want to find units that are as similar to each 
other as possible (on relevant characteristics). 
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Matching in general
The core idea of matching is not that similar units 
have similar potential outcomes but rather the goal is 

Find units that have similar chances  
of treatment 

This is driven by the principle of  
Units with similar covariates*  

had similar probabilities of treatment 

★Or careful summaries of covariates, such as 
propensity scores !26



What matching analyses are saying
If you are making a “matching argument” you are 
saying the following: 

I have reached into an observational study, and 
pulled out a collection of units that are similar to 

each other (as two groups). 
We can consider these units to be an “as-if” 

randomized experiment. 
I will analyze them as such, and make 

corresponding causal claims.
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Interactive example: 
The effects of postmenopausal hormone 

(PMH) on breast cancer
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