The Propensity Scoring Estimator (PSM)

Traditionally, the treatment effects have been estimated in econometric models with dummy endogenous regressors, which permit classifying entities (persons or organizations) into two different groups: treated and control (also called “comparison group”).  For instance, consider:



Yit = (Xit + (Di + uit,  
t = 1, 2, …, T



(1)

where Di = 1 for individual entities in the treated group and Di  = 0 for those in the control group.  Here, Yit is the observed outcome of individual i at period t, Xit includes a set of observed characteristics, and uit is the error term denoting unobserved characteristics.  We assume that E(uit | Xit) = 0.  Then, ( represents the average treatment effect. When assignment to the treatment or control group is random, Di can be considered as exogenous, and the standard OLS estimator is consistent.  This occurs in data with randomized experiments or controlled social experiments, but not in the nonrandom or non-experimental data that are common in practice.  When assignment to the treatment group is nonrandom, selection bias in estimating ( can occur because uit and Di are correlated, which yields:



E(uit | Di, Xit)  0  and E(Yit | Di, Xit)  (Xit + (Di. 


(2)

Thus, the OLS estimator does not yield consistent estimates of ( and (.  This lack of consistency is the result of the endogeneity problem, E(uit | Di, Xit)  0, caused by participation (or the treatment) being based on each individual’s decision-making procedure.  This procedure is often specified in terms of an index function:



Ii* = Zi( + vi ,







(3)

where Di = 1 if Ii* > 0 and 0 otherwise.  The traditional econometric approaches include the Heckman’s two-step treatment model that involves a probability model estimation, such as probit or logit, in its first step.  


Although both approaches have been popular, they entail a few major difficulties.  First, they need to satisfy an identification requirement.  That is, we must have at least one variable in Zi that is not included in Xi, implying the need for at least one variable that affects choice but is not correlated with uit..  This identification requirement often becomes a serious problem when it is difficult (sometimes impossible) to find such instrument variables.  In the absence of such an exclusion restriction, the model is not identified and estimation becomes difficult.  Second, the so-called LaLonde’s (1986) critiques suggest that non-experimental estimates vary widely, are sensitive to model specification, and differ greatly from the experimental estimates. 

The PSM method is quite different from the traditional econometric techniques.  In particular, it does not require the identification restriction, thus permitting us to avoid the difficulty of finding valid (good) instrumental variables.  Instead, PSM permits one to estimate the treatment effect by simulating a randomized experiment in a non-parametric fashion.  The matching stage aims to match observations in the treatment group with observations in the control group that are as alike as possible – based on observable factors.  The presumption is that any two observations with the same values for these factors will display no systematic differences in their reactions to the treatment.  Thus, these paired observations meet the conditions of a randomized experiment.  That is, each observation in the treatment group is mirrored by an observation in the control group.  The anticipated result is that the differences in the outcomes across each matched pair will be due to only the treatment’s effect and not to those observable differences.  In fact, PSM results are considered by many to be fairly trustworthy.  For instance, whereas previous econometric estimations may be subject to criticism, PSM can duplicate closely LaLonde’s results obtained from experimental data; see, Deheija and Wahba (1999).


The matching method is considered to be selection on observables, which occurs when the dependence between uit and Di is due to observed variables, Zi, that affect selection into the treatment.  Specifically, by matching, we can have: E(uit | Di, Xit, Zi) E(uit | Xit, Zi).  That is, by controlling for the observed selection variables, Zi¸ we can remove the dependence between uit and Di.  The net effect is free of the selection bias problem.  The matching condition can be explained as:



(Yi1, Yi0)  (  Di  | Zi






(4)

where ( denotes independence, and where Yi1 denotes the outcome for individual i if the treatment occurs (Di = 1) and Yi0 denotes the outcome if the treatment does not occur (Di = 0).  The above condition is referred to the conditional independence assumption (CIA), implying that given observable control variables, assignment to the treatment group is random and is independent of the outcome.  Given Zi, the non-treated outcome for individual i (Yi0) can be constructed, which is what the outcome would have been for that same treated individual (Di = 1) had they not been treated.  Then, the treatment effect is given as:

( = E(Yi1 – Yi0 | Zi, Di = 1) = E(Yi1 | Zi, Di = 1) – E(Yi0 | Zi, Di = 1),

(5)

where the second term after the last equality is hardly estimable if matched pairs are not available.  In general, the matching estimator is calculated by



 eq \O((,^) = eq \i\su( i (T,, )[Yi - eq \i\su( j (C,, )(ij Yj] (i





(6)

where T and C denote the treatment and control groups respectively; and where (ij  is the (kernel) weight applied to the matched observation j for the observation i in the treatment group, and (i represents the re-weighting on the treated observation.  One simple case is the nearest neighborhood matching method, in which case the matching estimator becomes:



 eq \O((,^) = eq \i\su( i (T,, )[Yi - Yj ]  eq \f( 1 , NT )






(7)

where NT denotes the number of matched observations.  This amounts to finding an observation from the control group (Di = 0) that matches each observation in the treatment group (Di = 1), and comparing the means of these matched groups.  The above condition in (4) is difficult to implement in practice since Zi involves a vector of observable variables.  Rosenbaum and Rubin (1983) showed that the same condition is met when the propensity score, P(Zi) = P(Di = 1| Zi), replaces Zi in (4).  That is,



(Yi1, Yi0)  (  Di  | P(Zi)





(8)

Given that the propensity score P (Zi) is a scalar, the above condition facilitates matching because of the dimension reduction from k* (dimension of Zi) to one.  A major contribution of condition (8) is to shrink the dimensionality of observable characteristics used for matching observations.  Using the propensity score yields a more efficient estimate of the treatment effect.  The propensity score is obtained as the predicted probability  eq \O(P,^)(Zi) from a probit or logit model.  Matching is then performed using like propensity scores. Various matching algorithms can be used.  The caliper matching selects one (a set of) comparison observation(s) whose  eq \O(P,^)(Zi) is (are) within some pre-defined distance (bandwidth) of treated unit’s  eq \O(P,^)(Zi).  Kernel matching creates a kernel weighted average over multiple units in the comparison group.  
1 Heckman, Ichimura and Todd (1998) and Heckman, Ichimura, Smith and Todd (1998) provide extended versions of the matching estimator. Smith and Todd (2000) suggest that the differences-in-differences matching estimator performs better than other methods in replicating closely the Lalonde’s experimental results.








