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Abstract 

For evaluating the success of social and economic programmes, impact evaluation of such is necessary. In randomization 

(Experimental studies) results of the estimates are free from bias, but randomization is not possible in every cases then 

we access the result of such programmes through observational study. Selection bias frequently makes it more difficult to 

estimate causal effects in observational studies because treatment assignment is not random. One of the most popular 

quasi-experimental methods to deal with this problem is Propensity Score Matching (PSM), which creates similar 

treatment and control groups based on observed characteristics through similar p-score. The conceptual framework of 

PSM, its underlying assumptions, matching algorithms, and estimation techniques are all covered in this paper. The 

estimation of treatment effects on income is explained with an example that makes use of fictitious calculations and 

dataset structure. This paper presents a methodological review of PSM and uses the Lalonde Training Program Dataset to 

illustrate its use. The advantages and limitation of PSM in empirical research are also discussed in the study. The results 

explains that PSM is a powerful and useful tool for assessing program impacts in situations where randomized 

experiments are impractical, though its efficacy is dependent on the appropriate model specification and availability of 

strong covariates. 

Keywords: Observational studies, Propensity Score Matching, Selection Bias, Income Effect,  Lalonde Dataset , Impact 

Evaluation. 

Introduction 

The main concern in public policy research and applied economics is the evaluation of effectiveness of 

economic and social welfare programs that aims at reducing poverty, enhancing employment opportunities and 

improving the welfare of household. Accessing whether these programs actually achieve their intended outcomes 

requires rigorous impact evaluation techniques. 

In randomized experimental trials researcher often evaluate the casual effect of welfare programs by randomly 

assigning participants to control and treatment groups However, in case of real-world scenario, random assignment is not 

possible due to logistical, ethical or financial problems. As a result of which, researchers rely on observational data to 

evaluate program impacts. A key challenge in observational studies is selection bias, which occurs when individuals self 

select into program participation for which who participate in a program differ systematically from those who do not. 

To address such an issue , several quasi-experimental techniques have been developed. Among these, Propensity 

Score Matching has become one of the most widely applied methods. PSM attempts to mimic randomized experiments 

by matching treated individuals with non-treated individuals who share similar observable characteristics. 

Donald Rubin and Paul Rosenbaum made a contribution to the propensity score methodology in 1983. They 

showed that bias resulting from observable factors can be eliminated by matching on the probability of treatment 

conditional on observed covariates.  

The Lalonde Training Program Dataset, a well-known dataset frequently utilized in the assessment of job training 

programs, is used in this paper to illustrate the application of PSM and give a methodological overview of it. The goal is 

to describe PSM's conceptual framework, implementation procedures, underlying presumptions, and problems in the 

context of income impact assessment. 
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Propensity Score Matching  

Random experiment is not always feasible, in that case Propensity Score Matching is used to evaluate the causal 

effect of a treatment where control groups are framed statistically. It is a non experimental impact evaluation method 

where it uses the information from a pool of units that don’t participate in the program to identify what would have 

happened to the participants in the absence of the intervention. This method pairs people with similar traits who have 

received treatment and those who have not, building a counterfactual outcome, is the fundamental concept of PSM. PSM 

evaluates this counterfactual by choosing comparable members of the control group. PSM simplifies the issue to a single 

index known as the propensity score, which is the likelihood of receiving treatment given observed covariates, rather than 

matching people on several characteristics at once. The technique guarantees that the distribution of observed 

characteristics is balanced between treatment and control groups by matching individuals with similar propensity scores 

by removing the problem of selection bias in observational studies. 

PSM – Mathematical Framework 

The propensity score (P-Score) is the estimated probability of being in the treatment group given the observable 

characteristics from a regression model (Logit / Probit) of participation,(Rosenbaum and Rubin 1983) . The P- Score is a 

conditional probability of receiving the treatment given the observed characteristics ( p(xi) = P(Di =1| x = xi) ), where the 

outcome variable is binary or dichotomous, so the potential outcomes : 

                                       

where,   yi      =  Outcome of interest 

             Di   = Treatment variable Di indicates whether individual i is treated  

                       (1 = treated, 0 = Control) 

             P  =  Conditional Probability  

             p(xi) = Propensity score for individual i 

             xi = Observed characteristics (covariates) 

          The main parameter of interest in many program evaluations is the Average Treatment Effect on the Treated 

(ATT).  

Treatment Effects: 

 



   
  
  
 

4349 

European Economic Letters 

ISSN 2323-5233 

Vol 15, Issue 1 (2025) 

http://eelet.org.uk 

 

 

Assumptions of Propensity Score Matching: 

PSM requires 2 important assumptions to be followed strictly; else results of ATT will be biased. 

1) CIA (Conditional Independence Assumption) : After controlling for observable features, the outcome is 

independent whether the individuals participate in the program or not. 

Mathematically, 

 

                                                  (y1, y0 )   ⊥   D∣x 

 

Household differ in many ways in covariates (age, gender,caste, income, education, land size etc) ,so after 

controlling of these observed covariates the outcome is independent of treatment.  

 

2) Common support/Overlap condition : For each set of observable features ‘x’ there must be a positive probability 

of being both treated and untreated.  

 

          Figure-1: Common Support of Treatment and Control Group 

 

Mathematically,   

                                      

                                         0<P(Di=1∣Xi=x)<1 

This assumption ensures that there is an overlap between control and treatment group. 

Matching methods: 

Different matching algorithms are applied in PSM for estimating unbiased treatment effects. 

1) Matching Nearest Neighbors (NN Match):  

The control unit with the closest propensity score is paired with each treated unit. Earlier NN match used the 

Mahalanobis distance for matching which suffers the curse of dimensionality. Then Rosenbaum and Rubin (1983) uses 

propensity score to measure the distance between xi and xj . 

2) K- nearest neighbor Matching :  

K-nearest matching finds K matching units in the control group with closest p-score. If K =1, it’s called “one to one 

matching” and for k> 1, it’s called “one to many”. One of the limitation of this is even the closest control unit is far away. 

3) Caliper Matching: 

This method removes the limitation of K-Nearest neighbor matching where matching all neighbors with an absolute 

distance of p-score : 
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where,                                               

p(i) = Propensity score of treated individual i 

p(j) = Propensity score of control individual j 

ε is the caliper distance, usually set as a fraction (like 0.25) of the standard deviation of the propensity scores. 

4) Global Matching: 

Each treated unit is matched with all control units by assigning weights to the control unit. Closest control unit will get 

higher weight and vice versa. 

5) Kernel Matching: 

Similar to global matching but uses a kernel function for weights.  

Mathematically,         

where, 

h: Bandwidth parameter. 

K(⋅): Kernel function that gives higher weight to observations with closer propensity scores 

Dk: Treatment indicator variable (1 = treated, 0 = control). 

w(i,j)– Weight assigned to control unit j when matching with treated unit i. 

Example using the Lalonde Dataset 

 

The Lalonde dataset is commonly employed to validate the efficiency of the Propensity Score Matching (PSM). This 

dataset assesses the impact of the National Supported Work (NSW) job training program on the earnings of the 

participants. 

The dataset consists of two categories of individuals: 

Treatment group (D = 1): People who have undergone the job training program. 

Control group (D = 0): People who have not undergone the job training program. 

For each individual, several background information are provided, such as their age, education, race, marital status, and 

previous earnings. 

Using these covariates, a logistic regression model (Logit/Probit) is used to estimate the p-score for each individual. Once 

the p-score are calculated, individuals in the treatment group are matched with individuals in the control group with 

similar propensity scores. This makes the groups comparable and reduces selection bias. 

 For example, 
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 where individual “A” is the treated unit matched with individual “B” is the control unit as they have similar p-score. 

                                            Treatment Effect = 11,000 – 9000  = 2000 

This means that participation in the program increased income by 2000 units for this matched pair. 

In practice, PSM estimates the Average Treatment Effect on the Treated (ATT) by averaging the income differences 

between all matched treated and control individuals in the dataset. 

Lalonde Dataset : Variables : 

Lalonde dataset contains earnings variables and demographic features to estimate p-scores. It contains information on 

individuals who participated (Treated) and not participated (Control) in the National Supported Work (NSW) job training 

program . 

Some of the important variables are: 

treat : Treatment indicator age – Age of the individual in years. 

educ : Number of years of schooling completed. 

race : Categorical variable indicating race (usually categorized as Black, Hispanic, or White). 

married : Marital status (1 = married, 0 = not married). 

no degree : Indicates whether the individual has a high school degree (1 = no degree, 0 = has degree). 

re74 : Real earnings of the individual in the year 1974 (before the program). 

re75 : Real earnings in the year 1975 (before the program). 

re78 : Real earnings in the year 1978 (after the program), often used as the outcome variable. 

The calculated p-score are used to match treated and control individuals with similar characteristics. In PSM, the 

Covariates such as race, education, previous earnings ,age etc are used to estimate the probability of participating in the 

training program.. After matching, the difference in post income i.e. re78 between the matched individuals is used to 

estimate the Average Treatment Effect on the Treated (ATT). 

Estimation of PSM using STATA: 

PSM analysis is usually estimated using a well known statistical software “STATA”. 

Important steps include: 

1. Select covariates “x” such as age, gender, education level, land size etc (Before matching) 

2. Estimate p-score using regression  (logit/probit) 

3. Matching of treated and control unit as per their p-score 

4. Covariate balance (After matching) 

5. Estimate treatment effect (ATT/ATE) 

Propensity Score Matching: Merits  

In impact evaluation application of PSM offers several advantages such as, 

Individuals Treatment (D) P -score Income 

A 1 0.74 11,000 

B 0 0.70 9000 
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• Minimizes selection bias issue through matching of observable variables/ covariates which is done before 

matching. 

• Causal inference can be calculated using observational/survey data 

• Widely accepted in empirical economic research 

• Provides transparent matching procedures 

 Propensity Score Matching: Demerits 

Although it is widely accepted in empirical economic research still faces PSM several limitations: 

• It does not count for unobserved variables such as motivation ,hidden talent ,risk taking ability etc which may 

give biased result if is ignored. 

• Correct model specification is important for unbiased estimates. 

• Poor overlap between groups can reduce accuracy 

• large sample size needed for reliable matching 

Conclusion: 

The study aimed to explore the methodological importance of Propensity Score Matching (PSM) as a technique 

to assess the effectiveness of welfare policy interventions on income outcomes. The research highlighted how, in the 

absence of experimental designs, program evaluations often encounter a challenge of selection bias, which might cause 

program evaluations to yield misleading results. The study demonstrated how PSM offers a rigorous technique to 

address the issue of selection bias by creating a counterfactual comparison group that is comparable to the treatment 

group on a set of observable characteristics. 

The study also explored the conceptual basis, mathematical formulation, and assumptions of PSM. The study 

further demonstrated how to apply Average Treatment Effect on the Treated (ATT) to measure the impact of a policy 

intervention on income outcomes. The study also provided an example based on a hypothetical scenario and an example 

based on a well-known data set, Lalonde Data Set. The study further demonstrated how to apply STATA to estimate 

ATT. 

The results of the methodological discussion suggest that PSM is an important quasi-experimental method for 

the evaluation of the impact of public policies when the experimental data are lacking. The method enables the 

production of better estimates of the results of public policies by increasing the comparability of the treated and 

untreated groups. Nevertheless, the results of the PSM method depend on the quality of the available data and the 

inclusion of the relevant variables, since the method cannot adjust for the unobservable variables. 

Overall, the paper under review suggests the importance of the PSM method to the process of public policy 

analysis, especially with regard to the income effects of social welfare programs. 
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