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13. Propensity Score Matching 
Technique

The basic idea behind propensity score matching (PSM) is to match each participant 

with an identical nonparticipant and then measure the average difference in the out-

come variable between the participants and the nonparticipants. This exercise illus-

trates how to implement PSM in the Stata program.

The estimation command in Stata is “pscore.ado,” developed by Becker and Ichino 

(2002). The “pscore” command estimates the propensity score, which is the probabil-

ity of getting a treatment for each household, and tests the balancing property—that 

is, observations with the same propensity score must have the same distribution of 

observable characteristics independent of treatment status. After balancing is done, 

different commands can be used to carry out different types of matching and then 

derive the average treatment effect.

Propensity Score Equation: Satisfying the Balancing Property

The fi rst step in PSM is to determine the propensity score and satisfy the balancing 

property. It is done using the “pscore” command in Stata. Use the 1998 data, hh_98.dta. 

Start with the male program participation variable “dmmfd” as the treatment variable. 

The following command shows the application of the “pscore” command:

pscore dmmfd sexhead agehead educhead lnland vaccess pcirr rice 
wheat milk oil egg [pw=weight], pscore(ps98) blockid(blockf1) 
comsup level(0.001);

The results include probit regression output, the estimation and description of the 

propensity scores, the number of blocks and stratifi cation using propensity scores, and 

the balancing property test. The area of common support is those propensity scores 

within the range of the lowest and highest estimated values for households in the treat-

ment group.

The following output shows that the identifi ed region of common support is 

[.00180123, .50022341], the fi nal number of blocks is 4, and the balancing property is 

not satisfi ed. The most important element to look for in the output is the list of vari-

ables that cause the balancing property not to be satisfi ed. The output shows the “egg” 

variable is not balanced in block 2. The solution to this problem is to use a different set 

of covariates and rerun the “pscore” command.
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******************************************
Algorithm to estimate the propensity score
******************************************

The treatment is dmmfd

HH has male |
microcredit |
participant |
 : 1=Y, 0=N | Freq. Percent Cum.
------------+----------------------------------
 0 | 909 80.51 80.51
 1 | 220 19.49 100.00
------------+----------------------------------
 Total | 1,129 100.00

Estimation of the propensity score 

(sum of wgt is 1.1260e+03)
Iteration 0: log pseudolikelihood = -424.61883
Iteration 1: log pseudolikelihood = -390.85321
Iteration 2: log pseudolikelihood = -389.10243
Iteration 3: log pseudolikelihood = -389.05511
Iteration 4: log pseudolikelihood = -389.05501

Probit estimates Number of obs = 1129
 Wald chi2(11) = 64.36
 Prob > chi2 = 0.0000
Log pseudolikelihood = -389.05501 Pseudo R2 = 0.0838
----------------------------------------------------------------------
 | Robust
 dmmfd | Coef. Std. Err. z P>|z| [95% Conf. Interval]
------------+---------------------------------------------------------
 sexhead | .915108 .2432905 3.76 0.000 .4382675 1.391949
 agehead | -.0036952 .0046186 -0.80 0.424 -.0127475 .005357
 educhead | .0161662 .0170125 0.95 0.342 -.0171777 .04951
 lnland | -.3341691 .1113146 -3.00 0.003 -.5523417 -.1159965
 vaccess | -.0752904 .1770457 -0.43 0.671 -.4222935 .2717128
 pcirr | .2088394 .1753383 1.19 0.234 -.1348174 .5524961
 rice | .145771 .0384417 3.79 0.000 .0704268 .2211153
 wheat | .0465751 .0648087 0.72 0.472 -.0804475 .1735977
 milk | -.0017358 .023861 -0.07 0.942 -.0485026 .045031
 oil | -.0249797 .0135856 -1.84 0.066 -.051607 .0016476
 egg | -.7687454 .2311995 -3.33 0.001 -1.221888 -.3156028
 _cons | -1.188481 .8358266 -1.42 0.155 -2.826671 .4497088
----------------------------------------------------------------------

Note: the common support option has been selected
The region of common support is [.00180123, .50022341]

Description of the estimated propensity score
in region of common support
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 Estimated propensity score
-----------------------------------------------------------
 Percentiles Smallest
 1% .0055359 .0018012
 5% .0170022 .0020871
10% .0346036 .0026732 Obs 1127
25% .069733 .0028227 Sum of Wgt. 1127
50% .1206795  Mean .1339801
  Largest Std. Dev. .0850809
75% .1811405 .4698302
90% .2527064 .472444 Variance .0072388
95% .2965199 .4735467 Skewness .8931864
99% .3903884 .5002234 Kurtosis 3.942122

*****************************************************
Step 1: Identifi cation of the optimal number of blocks 
Use option detail if you want more detailed output 
*****************************************************

The fi nal number of blocks is 4

This number of blocks ensures that the mean propensity score
is not different for treated and controls in each blocks

**********************************************************
Step 2: Test of balancing property of the propensity score
Use option detail if you want more detailed output
**********************************************************

Variable egg is not balanced in block 2

The balancing property is not satisfi ed 

Try a different specifi cation of the propensity score 

 | HH has male
 Inferior | microcredit
 of block | participant: 1=Y, 0=N
 of pscore | 0 1 | Total
-----------+---------------------+----------
 0 | 380 49 | 429
 .1 | 382 97 | 479
 .2 | 140 70 | 210
 .4 | 5 4 | 9
-----------+---------------------+----------
 Total | 907 220 | 1,127

Note: the common support option has been selected

*******************************************
End of the algorithm to estimate the pscore
*******************************************

After a few iterations, you will fi nd that dropping “egg” and “lnland” allows the 

“pscore” command to be rerun with the balancing property satisfi ed. So “pscore” on 
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“dfmfd” is run again, this time excluding the “egg” and “lnland” variables. Before 

rerunning the “pscore” command, it is important to drop the “ps98” and “blockf1” 

variables that were created as a result of the earlier run. Because female program 

participation is of more interest, the “pscore” command is shown here with female 

participation only.

pscore dfmfd sexhead agehead educhead lnland vaccess pcirr rice 
wheat milk oil egg [pw=weight], pscore(ps98) blockid(blockf1) 
comsup level(0.001);

This time the balancing property is satisfi ed, as shown here: 

****************************************************
Algorithm to estimate the propensity score 
****************************************************

The treatment is dfmfd

 HH has |
 female |
microcredit |
participant |
 : 1=Y, 0=N | Freq. Percent Cum.
------------+----------------------------------
 0 | 534 47.30 47.30
 1 | 595 52.70 100.00
------------+----------------------------------
 Total | 1,129 100.00

Estimation of the propensity score 

(sum of wgt is 1.1260e+03)
Iteration 0: log pseudolikelihood = -750.38718
Iteration 1: log pseudolikelihood = -682.82636
Iteration 2: log pseudolikelihood = -680.63459
Iteration 3: log pseudolikelihood = -680.62452
Iteration 4: log pseudolikelihood = -680.62452

Probit estimates Number of obs = 1129
 Wald chi2(11) = 85.21
 Prob > chi2 = 0.0000
Log pseudolikelihood = -680.62452 Pseudo R2 = 0.0930
----------------------------------------------------------------------
 | Robust
 dmmfd | Coef. Std. Err.  z P>|z| [95% Conf. Interval]
------------+---------------------------------------------------------
 sexhead | -.037986 .1662857 -0.23 0.819 -.3639 .287928
 agehead | .0013931 .0037305 0.37 0.709 -.0059185 .0087047
 educhead | -.0465567 .0151559 -3.07 0.002 -.0762618 -.0168516
 lnland | -.6662184 .101586 -6.56 0.000 -.8653232 -.4671136
 vaccess | -.1173796 .13358 -0.88 0.380 -.3791916 .1444323
 pcirr | .4304416 .154365 2.79 0.005 .1278917 .7329915
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 rice | .0571981 .0307982 1.86 0.063 -.0031652 .1175615
 wheat | -.0055393 .056959 -0.10 0.923 -.1171769 .1060982
 milk | .015395 .0184184 0.84 0.403 -.0207044 .0514944
 oil | .0235048 .01239 1.90 0.058 -.000779 .0477887
 egg | -.1114687 .1647319 -0.68 0.499 -.4343373 .2113999
 _cons | -1.483823 .7367316 -2.01 0.044 -2.927791 -.0398558
----------------------------------------------------------------------

Note: the common support option has been selected
The region of common support is [.02576077, .71555996]

------------OUTPUT OMITTED----------

********************************************************** 
Step 2: Test of balancing property of the propensity score 
Use option detail if you want more detailed output 
********************************************************** 

The balancing property is satisfi ed

------------OUTPUT OMITTED----------

******************************************* 
End of the algorithm to estimate the pscore 
*******************************************

With the propensity scores generated, the outcomes of interest (such as total per 

capita expenditure) between the treatment group and the matched control group are 

now compared to see whether the microcredit programs affect the outcome of interest. 

The following sections estimate the treatment effect of microcredit program participa-

tion, using different matching techniques that are available.

Average Treatment Effect Using Nearest-Neighbor Matching

The command to estimate the average treatment effect on the treated group using 

nearest-neighbor matching is “attnd.” Following is the application of the “attnd” com-

mand to estimate the average treatment effect of female participation in microcredit 

programs on per capita total expenditure using nearest-neighbor matching:

attnd lexptot dfmfd [pweight=weight], pscore(ps98) comsup;

Estimating “attnd” with or without weights does not affect the results. Just for the 

purpose of this exercise, “attnd” was shown with weights estimation.

As the following output shows, female microcredit participation does have a sig-

nifi cant impact on household per capita expenditure with the nearest-neighborhood 

matching method (t = 3.256). The average treatment of the treated (ATT) on per capita 

expenditure for female program participation is 13.6 percent.
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ATT estimation with Nearest Neighbor Matching method 
(random draw version)
Analytical standard errors
---------------------------------------------------------
n. treat. n. contr. ATT Std. Err. t
---------------------------------------------------------
 595 293 0.136 0.042 3.256
---------------------------------------------------------

Note: the numbers of treated and controls refer to actual
nearest-neighbor matches

Average Treatment Effect Using Stratifi cation Matching

The “atts” command calculates the average treatment effect on the treated using strati-

fi cation matching. To estimate the average treatment effect of female participation on 

the treated for per capita total expenditure, use the following:

atts lexptot dfmfd, pscore(ps98) blockid(blockf1) comsup

The result that follows shows a 9.9 percent increase in per capita expenditure because 

of women’s participation in the microcredit programs. The impact is signifi cant at the 

5 percent level (t = 3.320).

ATT estimation with the Stratifi cation method
Analytical standard errors
---------------------------------------------------------
n. treat. n. contr. ATT Std. Err. t
---------------------------------------------------------
 595 529 0.099 0.030 3.320
---------------------------------------------------------

Average Treatment Effect Using Radius Matching

The “attr” command calculates the average treatment effect on the treated using radius 

matching. Following is a demonstration:

. attr lexptot dfmfd, pscore(ps98) radius(0.001) comsup

The result shows an increased impact (14.6 percent) with high signifi cance 

(t = 3.793) of women’s microcredit participation on per capita expenditure:

ATT estimation with the Radius Matching method
Analytical standard errors
---------------------------------------------------------
n. treat. n. contr. ATT Std. Err. t
---------------------------------------------------------
 478 386 0.146 0.039 3.793
---------------------------------------------------------

Note: the numbers of treated and controls refer to actual
matches within radius
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Average Treatment Effect Using Kernel Matching

The “attk” command computes the average treatment effect using kernel-based 

matching. The “reps” option performs the bootstrapping 50 times. 

attk lexptot dfmfd, pscore(ps98) comsup bootstrap reps(50)

Results are consistent with earlier fi ndings. Women’s participation increases per 

capita expenditure by 4 percent at a 5 percent signifi cance level.

ATT estimation with the Kernel Matching method
Bootstrapped standard errors
---------------------------------------------------------
n. treat. n. contr. ATT Std. Err. t
---------------------------------------------------------
 595 529 0.107 0.032 3.331
---------------------------------------------------------

Checking Robustness of Average Treatment Effect

There are several ways to check robustness of the fi ndings. One approach is to estimate 

the propensity score equation and then use the different matching methods previously 

discussed to compare the results. The fi ndings with different matching techniques are 

quite consistent.

Another way to check robustness is to apply direct nearest-neighbor match-

ing instead of estimating the propensity score equation fi rst. Stata has a command 

(“nnmatch”) to do that. If both methods give similar results, then the fi ndings are 

assumed to be more reliable.

The following Stata command will estimate the average treatment effect on the out-

come of interest using direct nearest-neighbor matching with one match per treatment. 

The “m” option specifi es the number of matches closest to the treated observations.

nnmatch lexptot dfmfd sexhead agehead educhead lnland vaccess 
pcirr rice wheat milk oil egg, tc(att) m(1);

Results are again consistent with earlier fi ndings. A 13.6 percent positive impact of 

microcredit participation is seen at a 5 percent signifi cance level. 

Matching estimator: Average Treatment Effect for the Treated

Weighting matrix: inverse variance Number of obs = 1129
 Number of matches (m) = 1
----------------------------------------------------------------------
 lexptot | Coef. Std. Err. z P>|z| [95% Conf. Interval]
-----------+----------------------------------------------------------
 SATT | .1360462 .0377988 3.60 0.000 .061962 .2101304
----------------------------------------------------------------------

Matching variables: sexhead agehead educhead lnland vaccess pcirr rice 
wheat milk oil egg
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Further Exercises

Do the same exercise using male participation (“dmmfd”). Discuss your results.

Reference

Becker, Sascha, and Andrea Ichino. 2002. “Estimation of Average Treatment Effects Based on Propen-
sity Scores.” Stata Journal 2 (4): 358–77. 


	Preface
	About the Authors
	Abbreviations
	Part 1 Methods and Practices
	1. Introduction
	References

	2. Basic Issues of Evaluation
	Summary
	Learning Objectives
	Introduction: Monitoring versus Evaluation
	Monitoring
	Setting Up Indicators within an M&E Framework
	Operational Evaluation
	Quantitative versus Qualitative Impact Assessments
	Quantitative Impact Assessment: Ex Post versus Ex Ante Impact Evaluations
	The Problem of the Counterfactual
	Basic Theory of Impact Evaluation: The Problem of Selection Bias
	Different Evaluation Approaches to Ex Post Impact Evaluation
	Overview: Designing and Implementing Impact Evaluations
	Questions
	References

	3. Randomization
	Summary
	Learning Objectives
	Setting the Counterfactual
	Statistical Design of Randomization
	Calculating Treatment Effects
	Randomization in Evaluation Design: Different Methods of Randomization
	Concerns with Randomization
	Randomized Impact Evaluation in Practice
	Difficulties with Randomization
	Questions
	Notes
	References

	4. Propensity Score Matching
	Summary
	Learning Objectives
	PSM and Its Practical Uses
	What Does PSM Do?
	PSM Method in Theory
	Application of the PSM Method
	Critiquing the PSM Method
	PSM and Regression-Based Methods
	Questions
	Notes
	References

	5. Double Difference
	Summary
	Learning Objectives
	Addressing Selection Bias from a Different Perspective: Using Differences as Counterfactual
	DD Method: Theory and Application
	Advantages and Disadvantages of Using DD
	Alternative DD Models
	Questions
	Notes
	References

	6. Instrumental Variable Estimation
	Summary
	Learning Objectives
	Introduction
	Two-Stage Least Squares Approach to IVs
	Concerns with IVs
	Sources of IVs
	Questions
	Notes
	References

	7. Regression Discontinuity and Pipeline Methods
	Summary
	Learning Objectives
	Introduction
	Regression Discontinuity in Theory
	Advantages and Disadvantages of the RD Approach
	Pipeline Comparisons
	Questions
	References

	8. Measuring Distributional Program Effects
	Summary
	Learning Objectives
	The Need to Examine Distributional Impacts of Programs
	Examining Heterogeneous Program Impacts: Linear Regression Framework
	Quantile Regression Approaches
	Discussion: Data Collection Issues
	Notes
	References

	9. Using Economic Models to Evaluate Policies
	Summary
	Learning Objectives
	Introduction
	Structural versus Reduced-Form Approaches
	Modeling the Effects of Policies
	Assessing the Effects of Policies in a Macroeconomic Framework
	Modeling Household Behavior in the Case of a Single Treatment: Case Studies on School Subsidy Programs
	Conclusions
	Note
	References

	10. Conclusions

	Part 2 Stata Exercises
	11. Introduction to Stata
	Data Sets Used for Stata Exercises
	Beginning Exercise: Introduction to Stata
	Working with Data Files: Looking at the Content
	Changing Data Sets
	Combining Data Sets
	Working with .log and .do Files

	12. Randomized Impact Evaluation
	Impacts of Program Placement in Villages
	Impacts of Program Participation
	Capturing Both Program Placement and Participation
	Impacts of Program Participation in Program Villages
	Measuring Spillover Effects of Microcredit Program Placement
	Further Exercises
	Notes

	13. Propensity Score Matching Technique
	Propensity Score Equation: Satisfying the Balancing Property
	Average Treatment Effect Using Nearest-Neighbor Matching
	Average Treatment Effect Using Stratification Matching
	Average Treatment Effect Using Radius Matching
	Average Treatment Effect Using Kernel Matching
	Checking Robustness of Average Treatment Effect
	Further Exercises
	Reference

	14. Double-Difference Method
	Simplest Implementation: Simple Comparison Using “ttest”
	Regression Implementation
	Checking Robustness of DD with Fixed-Effects Regression
	Applying the DD Method in Cross-Sectional Data
	Taking into Account Initial Conditions
	The DD Method Combined with Propensity Score Matching
	Notes
	Reference

	15. Instrumental Variable Method
	IV Implementation Using the “ivreg” Command
	Testing for Endogeneity: OLS versus IV
	IV Method for Binary Treatment: “treatreg” Command
	IV with Fixed Effects: Cross-Sectional Estimates
	IV with Fixed Effects: Panel Estimates
	Note

	16. Regression Discontinuity Design
	Impact Estimation Using RD
	Implementation of Sharp Discontinuity
	Implementation of Fuzzy Discontinuity
	Exercise


	Answers to Chapter Questions
	Appendix: Programs and .do Files for Chapter 12–16 Exercises
	Index
	Box 2.1 Case Study: PROGRESA (Oportunidades) in Mexico
	Box 2.2 Case Study: Assessing the Social Impact of Rural Energy Services in Nepal
	Box 2.3 Case Study: The Indonesian Kecamatan Development Project
	Box 2.4 Case Study: Monitoring the Nutritional Objectives of the FONCODES Project in Peru
	Box 2.5 Case Study: Mixed Methods in Quantitative and Qualitative Approaches
	Box 2.6 Case Study: An Example of an Ex Ante Evaluation
	Box 3.1 Case Study: PROGRESA (Oportunidades)
	Box 3.2 Case Study: Using Lotteries to Measure Intent-to-Treat Impact
	Box 3.3 Case Study: Instrumenting in the Case of Partial Compliance
	Box 3.4 Case Study: Minimizing Statistical Bias Resulting from Selective Attrition
	Box 3.5 Case Study: Selecting the Level of Randomization to Account for Spillovers
	Box 3.6 Case Study: Measuring Impact Heterogeneity from a Randomized Program
	Box 3.7 Case Study: Effects of Conducting a Baseline
	Box 3.8 Case Study: Persistence of Unobserved Heterogeneity in a Randomized Program
	Box 4.1 Case Study: Steps in Creating a Matched Sample of Nonparticipants to Evaluate a Farmer-Field-School Program
	Box 4.2 Case Study: Use of PSM and Testing for Selection Bias
	Box 4.3 Case Study: Using Weighted Least Squares Regression in a Study of the Southwest China Poverty Reduction Project
	Box 5.1 Case Study: DD with Panel Data and Repeated Cross-Sections
	Box 5.2 Case Study: Accounting for Initial Conditions with a DD Estimator—Applications for Survey Data of Varying Lengths
	Box 5.3 Case Study: PSM with DD
	Box 5.4 Case Study: Triple-Difference Method—Trabajar Program in Argentina
	Box 6.1 Case Study: Using Geography of Program Placement as an Instrument in Bangladesh
	Box 6.2 Case Study: Different Approaches and IVs in Examining the Effects of Child Health on Schooling in Ghana
	Box 6.3 Case Study: A Cross-Section and Panel Data Analysis Using Eligibility Rules for Microfinance Participation in Bangladesh
	Box 6.4 Case Study: Using Policy Design as Instruments to Study Private Schooling in Pakistan
	Box 7.1 Case Study: Exploiting Eligibility Rules in Discontinuity Design in South Africa
	Box 7.2 Case Study: Returning to PROGRESA (Oportunidades)
	Box 7.3 Case Study: Nonexperimental Pipeline Evaluation in Argentina
	Box 8.1 Case Study: Average and Distributional Impacts of the SEECALINE Program in Madagascar
	Box 8.2 Case Study: The Canadian Self-Sufficiency Project
	Box 8.3 Case Study: Targeting the Ultra-Poor Program in Bangladesh
	Box 9.1 Case Study: Poverty Impacts of Trade Reform in China
	Box 9.2 Case Study: Effects of School Subsidies on Children’s Attendance under PROGRESA (Oportunidades) in Mexico: Comparing Ex Ante Predictions and Ex Post Estimates—Part 1
	Box 9.3 Case Study: Effects of School Subsidies on Children’s Attendance under PROGRESA (Oportunidades) in Mexico: Comparing Ex Ante Predictions and Ex Post Estimates—Part 2
	Box 9.4 Case Study: Effects of School Subsidies on Children’s Attendance under Bolsa Escola in Brazil
	Figure 2.1 Monitoring and Evaluation Framework
	Figure 2.A Levels of Information Collection and Aggregation
	Figure 2.B Building up of Key Performance Indicators: Project Stage Details
	Figure 2.2 Evaluation Using a With-and-Without Comparison
	Figure 2.3 Evaluation Using a Before-and-After Comparison
	Figure 3.1 The Ideal Experiment with an Equivalent Control Group
	Figure 4.1 Example of Common Support
	Figure 4.2 Example of Poor Balancing and Weak Common Support
	Figure 5.1 An Example of DD
	Figure 5.2 Time-Varying Unobserved Heterogeneity
	Figure 7.1 Outcomes before Program Intervention
	Figure 7.2 Outcomes after Program Intervention
	Figure 7.3 Using a Tie-Breaking Experiment
	Figure 7.4 Multiple Cutoff Points
	Figure 8.1 Locally Weighted Regressions, Rural Development Program Road Project, Bangladesh
	Figure 11.1 Variables in the 1998/99 Data Set
	Figure 11.2 The Stata Computing Environment
	Table 11.1 Relational and Logical Operators Used in Stata

