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• When a treatment cannot be randomized, the next best thing is to try 

to mimic randomization

• With matching methods, one tries to develop a counterfactual or 

control group that is as similar to the treatment group as possible in 

terms of observed characteristics

• The idea is to find, from a large group of non-participants, 

individuals who are observationally similar to participants in terms 

of characteristics not affected by the program (e.g., pre-program 

characteristics not affected by subsequent participation in the 

program)

• Each participant is matched with an observationally similar non-

participant, and then the average difference of the outcome 

between the two groups is taken to get the program treatment effect

Introducing PSM
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• Two fundamental assumptions:

• Participation based solely on observed characteristics

• Enough non-participants are available to match with participants

• Practical problem is: because many possible characteristics exist, the 

most common way of matching households is by using a single 

propensity score to match each participant to a non-participant, 

reflecting the probability of participating in the program conditional on 

their different observed characteristics

• PSM avoids the curse of dimensionality associated with trying to 

match participants and non-participants on every possible 

characteristic when the set of observed characteristics X is large
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• PSM constructs a statistical comparison group that is based on a 

model of the probability of participating in the treatment T conditional 

on observed characteristics X, or the propensity score:

• Rosenbaum and Rubin (Biometrika, 1983) show that, under the 

mentioned assumptions, matching on P(X) is as good as matching on X

P(X) = Pr(T =1| X)
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• Conditional independence states that given a set of observable 

covariates X that are not affected by the treatment, potential outcomes 

YT, YC are independent of treatment assignment T:

• This assumption implies that uptake of the program is based entirely 

on observed characteristics

• Note that if unobserved characteristics determine program 

participation, conditional independence will be violated, and PSM is 

not an appropriate method

Assumptions
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• Common support or overlap condition ensures that treatment 

observations have comparison observations nearby in the propensity 

score distribution:

• The effectiveness of PSM also depends on having a large number of 

participant and non-participant observations so that a substantial region 

of common support can be found, and inferences are made about 

causality

0 < Pr(Ti =1| Xi ) <1
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• If conditional independence holds, and if there is a sizeable 

overlap in P(X) across participants and non-participants, the PSM 

estimator for the TT can be specified as the mean difference in Y 

over the common support, weighting the comparison units by the 

propensity score distribution of participants:

where NT is the number of participants i and ω(i,j) is the weight 

used to aggregate outcomes for the matched non-participants j
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• Note that:

• PSM vs. OLS: OLS controlling for X imposes a linear structure 

which is not needed in PSM; PSM focuses on region of common 

support unlike OLS; but OLS still assumes strict exogeneity 

which is analogous to the conditional independence condition in 

PSM

• If S is not the full support of P(X) for participants in the 

program, TTPSM is going to be different from the TT from a 

randomized evaluation
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• Step 1: estimating a model of program participation

• The samples of participants and non-participants should be 

pooled

• T should be estimated on all observed covariates X in the data that 

are likely to determine participation

• This can be implemented through probit or logit models

• The predicted outcome represents the estimated probability of 

participation or propensity score

• Every sampled participant and non-participant will have an 

estimated propensity score

• Possible bias due to omitted characteristics; same measurement 

conditions should be used for participants and non-participants

• Including too many X variables should also be avoided, at risk of 

perfectly predicting participation (dropping observations out of 

common support)

Implementation

P̂r(T =1| X) = P̂(X)
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• Step 2: defining the region of common support and balancing 

tests

• The region of common support needs to be defined

• Sampling bias may occur if dropped observations are 

systematically different in terms of observed characteristics – this 

requires close attention

• Balancing tests can be conducted to check whether, within each 

quantile of the propensity score distribution, the average propensity 

score and mean of X are the same across comparison groups

• Formally, one needs to check

P̂(X |T =1) = P̂(X |T = 0)
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• Step 3: matching participants to non-participants

• Different matching criteria can be used to assign participants to 

non-participants on the basis of the propensity score; doing so 

entails calculating a weight for each matched participant/non-

participant set

• Nearest-neighbor matching (NNM): where each treatment 

unit is matched with the closest propensity score; one can 

also choose n nearest neighbors (e.g., 5); matching can be 

done with or without replacement (with replacement means 

that the same non-participant can be used as a match for 

different participants)

• Caliper or radius matching: one problem with NNM is that 

the difference in propensity scores for a participant and its 

closest non-participant neighbor may still be high; this can be 

avoided by imposing a threshold on the maximum propensity 

score distance (caliper); this is matching with replacement 

within a certain radius; it is likely that more observations will 

be dropped
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• Stratification or interval matching: it partitions the common 

support into different strata (or intervals) and calculates the program 

impact within each interval; a weighted average of these interval 

impact estimates yields the overall program impact, taking the share of 

participants in each interval as the weights

• Kernel matching: one risk with some of the other methods is that 

only a small subset of non-participants will ultimately be used; non-

parametric matching estimators such as kernel matching use a 

weighted average of all non-participants to construct the counterfactual 

match for each participant

where i is participant and j is non-participant, K is a kernel function, 

and a is a bandwidth parameter
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• Step 4: estimating standard errors

• The estimated variance of the treatment effect in PSM should 

include the variance attributable to the derivation of the propensity 

score, the determination of the common support, and (if matching 

is done without replacement) the order in which treated individuals 

are matched

• One solution is to use bootstrapping, where repeated samples are 

drawn from the original sample, and standard errors are estimated 

from those

• Each bootstrap sample estimate includes the first steps of the 

estimation that derive the propensity score, common support, 

and so on
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• Heckman, Ichimura, and Todd (RESTUD, 1997):

• They combine non-experimental data on persons who chose not 

to participate in the program with data from a large-scale social 

experiment to examine the performance of various matching 

methods in estimating an averaged version of the effect of 

treatment on the treated

• The program that is analyzed is the National Job Training 

Partnership Act (JTPA), a job training program for disadvantaged 

workers

• Eligibility is based on having a family income near or below 

the poverty level for six months prior to application, or by 

participating in welfare and foodstamp programs

• Authors collected longitudinal data from treatment, randomized-

out control, and a comparison group of eligible non-participants 

(ENPs)

Example: Job Training Program
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• Members of the ENP comparison group reside in the same narrowly-

defined geographic regions as program applicants, are eligible for the 

program, but do not apply to it; they were administered the same 

survey as the experimental individuals

• Data available from a baseline, and two follow-up surveys over 36 

months

• Study design enables computation of bias by comparing outcomes of 

control and ENP comparison groups:

• This bias could arise from (i) non-overlapping support, (ii) different 

distributions of X, and (iii) selection on unobservables

B = E(Y C |T =1)-E(Y C |T = 0)
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• Results in Heckman et al (1997):

• Region of common support for PSM can be very small 

• Good news (for this specific application): selection on 

unobservables accounts for a small share of the treatment effect 

bias

• Experimental TT varies substantially depending on region of 

support

• Bias arising from TTPSM is substantial even though generally 

lower than simple difference in means (OLS)
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• PSM is a useful method to evaluate policies when selection is on 

observables

• Main advantage: few assumptions relative to OLS controlling for 

observables

• However, as a way to identify TT, it relies on finding a large region of 

common support for P(X); also, many different ways to implement, 

and these may yield different results

• Several improvements were proposed in the literature on PSM (e.g., 

Heckman et al, RESTUD, 1997, 1998) 

What have we learnt?
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Exercise: Follow the instructions in chapter 13 of Khandker et al 

(2009). You should produce a do file and a log file, which should be 

commented to show that you understood the results. These should be 

emailed to the grader (Matilde Grácio): only one email per group, 

please. 

Note: We should be able to run the do file given the original datafile 

and produce the raw log file.

Due date: Friday, February 25.

Problem Set 2
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