
Randomization 
& matching

February 26, 2020
PMAP 8521: Program Evaluation for Public Service

Andrew Young School of Policy Studies
Spring 2020

Fill out your reading report 

on iCollege!



Plan for today

The “Gold” Standard
The magic of randomization

Matching



The magic of randomization



Fundamental problem of causal inference

�i = Y 1
i � Y 0

i
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Individual-level effects are 
impossible to observe

Why randomize?



This only works if subgroups 
that received/didn’t receive 

treatment look the same

� = (Ȳ |P = 1)� (Ȳ |P = 0)
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Why randomize?



With big enough numbers, the magic of randomization 
helps make comparison groups comparable

Why randomize?



RCTs and DAGs
P(Malaria infection rate | do(Mosquito net))

Observational Experimental

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

Confounders and 
backdoors all get shuffled!



How to randomize?



Random assignment

Coins
Dice

Unbiased lottery

Atmospheric noise
random.org

Random numbers + threshold



How big of a sample?



R example



The “Gold” Standard



Experimental studies vs. 
observational studies

Which is better?

Types of research







RCTs are great!
Super impractical to do 

all the time though!







“Gold standard” implies that all 
causal inferences will be valid if 

you do the experiment right
We don’t care if studies are experimental or not

We care if our causal inferences are valid

RCTs are a helpful baseline/rubric for other methods

“Gold standard”



Moving to 
Opportunity



Randomization fixes a ton of 
internal validity issues

Selection
Treatment and control 

groups are comparable; 
people don’t self-select

Trends
Maturation, secular 
trends, seasonality, 

regression to the mean all 
generally average out

RCTs and validity



RCTs don’t fix attrition!
Worst threat to internal validity in RCTs

If attrition is correlated with 
treatment, that’s bad

People might drop out because of the treatment, or 
because they got/didn’t get the control group

RCTs and validity



Recruit as effectively as possible
You don’t just want weird/WEIRD participants

Get people on board
Get participants invested in the experiment

Collect as much baseline 
information as possible
Check for randomization of attrition

Addressing attrition



Randomization failures
Check baseline pre-data

Noncompliance

Intent-to-treat (ITT) vs. Treatment-on-the treated (TTE)

Some people assigned to treatment won’t take it; 
some people assigned to control will take it

RCTs and validity



Other limitations

RCTs don’t magically fix construct validity 
and statistical conclusion validity

RCTs definitely don’t 
magically fix external validity





Demand for treatment exceeds supply
Treatment will be phased in over time

Treatment is in equipoise
Local culture open to randomization

When you’re a nondemocratic monopolist
When people won’t know (and it’s ethical!)

When lotteries are going to happen anyway

When to randomly assign



When you need immediate results
When it’s unethical or illegal

When it’s something that happened in the past
When it involves universal ongoing phenomena 

When to not randomly assign



Matching





Why match?

Reduce model dependence

It’s a way to adjust for backdoors!

Imbalance → model dependence → researcher discretion → bias

Compare apples to apples
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Outcome = �0 + �1Education + �2Treatment
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Outcome = �0 + �1Education + �2Education
2
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How do we know that we 
can remove these points?



General process for matching

1. Preprocess data

2. Estimation

Do something to guess or model the assignment to treatment

Use the new trimmed/preprocessed data to build a model, 
calculate difference in means, etc.

Use what you know about the DAG to inform this!
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Different methods

Nearest neighbor matching (NN)

Inverse probability weighting (IPW)

Mahalanobis distance / Euclidean distance

Coarsened exact matching (CEM)

Propensity score matching (PSM)



Nearest neighbor matching

Find control observations that are very 
close/similar to treatment 

observations based on confounders

Lots of mathy ways to measure distance
Mahalanobis and Euclidean distance are most common



That’s just Mahalanobis matching!



Prasanta Chandra Mahalanobis

Tried to prove 
brain size 

differences 
between castes; 

low-key 
eugenicist



Age Education

Treatment Outcome
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Coarsened exact matching

Use rules to partition data into clusters

Treatment should be 
random within clusters

Unconfoundedness again!

Some clusters will be more/less important















Potential problems with matching
Nearest neighbor matching and CEM can be greedy!

Solution: Don’t throw everything away



Propensity scores

Predict the probability of assignment 
to treatment using a model

Logistic regression, probit regression, machine learning

log
pTreatment

1� pTreatment
= �0 + �1Education + �2Age
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log
pManual

1� pManual
= �0 + �1MPG
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model_transmission <- glm(am ~ mpg, data = mtcars, family = binomial(link = "logit"))



augment(model_transmission, data = mtcars, type.predict ="response")

Plug all the values of MPG into the model 
and find the predicted probability

Highly likely to 
be manual (1)

Highly unlikely 
to be manual



Propensity score matching

Super popular method

There are mathy reasons why 
it’s not great for matching

Propensity scores are fine! 
Using them for matching isn’t!



https://www.youtube.com/watch?v=rBv39pK1iEs



Weighting in general
Make some observations more important than others

Young Middle Old
Population 30% 40% 30%
Sample 60% 30% 10%



Weighting in general
Make some observations more important than others

Young Middle Old
Population 30% 40% 30%
Sample 60% 30% 10%
Weight 30 / 60 = 0.5 40 / 30 = 1.333 30 / 10 = 3

Multiply weights by average values (or use in 
regression) to adjust for importance



Inverse probability weighting

Use propensity scores to weight 
observations by how “weird” they are

Observations with high probability of treatment who 
don’t get it (and vice versa) have higher weight

Treatment

Propensity
+

1� Treatment

1� Propensity
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augment(model_transmission, data = mtcars, 
type.predict = "response") %>% 

select(mpg, am, propensity = .fitted) %>% 
mutate(ip_weight = (am / propensity) + 

((1 - am) / (1 - propensity))

Highly likely to be 
manual but isn’t. 

Weird!

Unlikely to be 
manual and isn’t



30

40

50

60

15 20 25 30
Education

Ag
e

Control Treated



Other weights

This gets you the ATE Treatment

Propensity
+

1� Treatment

1� Propensity
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Other versions 
of weights 
(Z = treatment; 

e = propensity score)



R example


