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 Impact Evaluation in Practice

 er more. But farm size is a good measure of how 
 erences.

Once the program rolls out and subsidizes the cost of fertilizer for small 
and medium farms, the impact evaluation could use an RDD to evaluate its 

 erence in out-
comes, such as rice yields, between the units on both sides of the eligibility 

 , which in our example is a farm size of  hectares. The farms that 
were just too large to enroll in the program constitute the comparison group 
and generate an estimate of the counterfactual outcome for those farms in 
the treatment group that were just small enough to enroll. Given that these 
two groups of farms were very similar at baseline and are exposed to the 
same set of external factors over time (such as weather, price shocks, and 
local and national agricultural policies), the only plausible reason for 

 erent outcomes must be the program itself.
Since the comparison group is made up of farms just above the eligibility 

threshold, the impact given by a RDD is valid only locally—that is, in the 
  score. Thus we obtain an esti-

of the fertilizer subsidy program is valid for the larger of the medium-size 
farms: that is, those with just under  hectares of land. The impact 
 evaluation will not necessarily be able to directly identify the impact of the 



Regression Discontinuity Design 

program on the smallest farms—say, those with  or  acres of land—
 er in important ways from 

the medium-size farms with  or  hectares. One advantage of the RDD 
method is that once the program eligibility rules are applied, no eligible 
units need to be left untreated for the purposes of the impact evaluation. 

  will 

a social safety net program in Jamaica.

Fuzzy Regression Discontinuity Design

 ed that there is no evidence of manipulation in the 
 rieht tcepser ton od stinu fi egnellahc a ecaf llits yam ew ,xedni ytilibigile 

assignment to the treatment or comparison groups. In other words, some 
units that qualify for the program on the basis of their eligibility index 
may opt not to participate, while other units that did not qualify for the 

 nd a way to partici-
pate anyway. When all units comply with the assignment that corresponds 
to them on the basis of their eligibility index, we say that the RDD is 

 , then 

Figure  Rice Yield, Smaller Farms versus Larger Farms (Follow-Up)

+
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Figure  Manipulation of the Eligibility Index

Box : The Effect on School Performance of Grouping Students 
by Test Scores in Kenya
To test whether assigning  students to 
classes based on performance improves 

 o, Dupas, and 
Kremer ( ) conducted an experiment 
with 

 rst-grade students were 
randomly split into two different class sec-

 students were assigned to either a high- 
performing or a low-performing section 
based on their initial test scores, using the 

The regression discontinuity design 
(RDD) allowed researchers to test whether 
the composition of students in a class 

endline test scores for students who were 
right around the cutoff to see if those 
assigned to the high-performing section did 

better than those assigned to the low- 

On average, endline test scores in 
schools that assigned students to sections 
with similarly higher or lower performers 
were  standard deviations higher than in 
schools that did not use this method and 
instead used randomized assignment to cre-

results were not solely driven by students in 
the high-performing section, as students in 
the low-performing section also showed 

right around the cutoff score, the research-
 cant dif-

 ndings reject the hypothesis that students 
 t from having higher-achieving 

Source
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 Impact Evaluation in Practice

A, before the program starts, to B after 
the program has started, while the outcome for the comparison 

C, before the program started, to D, after the program 
has started.

You will remember our two counterfeit estimates of the counterfactual: 

ment group (B − A)  erence in outcomes after the intervention 
between the treatment and comparison groups (B − D).  erence-in-

 erences, the estimate of the counterfactual is obtained by computing the 
change in outcomes for the comparison group (D − C), and then subtracting 
this from the change in outcomes for the treatment group (B − A). Using the 
change in outcomes for the comparison group as the estimate of the coun-
terfactual for the change in outcomes for the treatment group is akin to 
assuming that, had the enrolled group not participated in the program, their 
outcome would have evolved over time along the same trend as the nonen-
rolled group: that is, the change in outcome for the enrolled group would 
have been from A to E,  gure .

 er-
 erences:

DD impact = (B − A) − (D − C) = (  − ) − (  −  = ( .

Note: All differences between points should be read as vertical differences in outcomes on the 
.sixa lacitrev 

A = E = 

B = 

D = 
C = 



) )

)

)

) ) )







 Impact Evaluation in Practice

groups would need to move in tandem. That is, without treatment, 
 outcomes would need to increase or decrease at the same rate in 

equal trends in the absence 
of treatment.

Of course there is no way for us to prove 
treatment and comparison groups would have moved in tandem in the 
absence of the program. The reason is that we cannot observe what would 
have happened to the treatment group in the absence of the treatment—in 
other words, we cannot observe the counterfactual.

 erences method, we must 
assume that, in the absence of the program, the outcome in the treatment 
group would have moved in tandem with the outcome in the comparison 
group. Figure  illustrates a violation of this fundamental assumption. If 

 erences meth-
ods would be invalid, or biased. That’s because the trend for the comparison 
group is not a valid estimate of the counterfactual trend that would have 
prevailed for the treatment group in the absence of the program. As shown 

, if in reality outcomes for the comparison group grow more 
slowly than outcomes for the treatment group in the absence of the pro-
gram, using the trend for the comparison group as an estimate of the coun-
terfactual of the trend for the treatment group leads to a biased estimate of 

 cally, we would overestimate the impact 
of the program.

Figure  Difference-in-Differences When Outcome Trends Differ

A = E = 

B = 

D = 
C = 
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The fourth part of the book provides guidance on how to get data for an impact 
evaluation, including choosing the sample and fi nding adequate sources of data.

Chapter 15 discusses how to draw a sample from a population of interest, and 
how to conduct power calculations to determine the appropriate size of the 
impact evaluation sample. The chapter focuses on describing the main intu-
ition behind sampling and power calculations. It also highlights the elements 
that the policy team needs to provide to the research team or technical expert 
responsible for undertaking sampling and power calculations.

Chapter 16 reviews the various sources of data that impact evaluations 
can use. It highlights when existing sources of data can be used, including 
administrative data. Since many evaluations require the collection of new data, 

HOW TO GET DATA FOR 
AN IMPACT  EVALUATION

Part 4
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sizes can vary substantially if some outcome indicators are much more 
 variable than others. Finally, the power calculations can also indicate the 
sample size needed to make comparison of program impacts across 
 specifi c  subgroups (for example, men or women, or other subgroups of 
the population of interest). Each subgroup would need to have the required 
sample size.

  Evaluating the Impact of HISP: Deciding How Big a 
Sample Is Needed to Evaluate an Expanded HISP

Returning to our example in part 2, let us say that the ministry of health 
was pleased with the quality and results of the evaluation of the Health 
Insurance Subsidy Program (HISP). However, before scaling up the pro-
gram, the ministry decides to pilot an expanded version of the program, 
which they call HISP+. The original HISP pays for part of the cost of 
health insurance for poor rural households, covering costs of primary 
care and drugs, but it does not cover hospitalization. The minister of 
health wonders whether an expanded HISP+ that also covers hospital-
ization would further lower out-of-pocket health expenditures of poor 
households. The ministry asks you to design an impact evaluation to 
assess whether HISP+ would decrease health expenditures for poor 
rural households.

In this case, choosing an impact evaluation design is not a challenge 
for you: HISP+ has limited resources and cannot be implemented univer-
sally immediately. As a result, you have concluded that randomized 
assignment would be the most viable and robust impact evaluation 
method. The minister of health understands how well the randomized 
assignment method can work and is supportive.

To finalize the design of the impact evaluation, you have hired a statis-
tician who will help you establish how big a sample is needed. Before he 
starts working, the statistician asks you for some key inputs. He uses a 
checklist of fi ve questions.

1. Will the HISP+ program generate clusters? At this point, you are not 
totally sure. You believe that it might be possible to randomize the 
expanded benefit package at the household level among all poor rural 
households that already benefit from HISP. However, you are aware 
that the minister of health may prefer to assign the expanded program 
at the village level, and that would create clusters. The statistician sug-
gests conducting power calculations for a benchmark case without 
clusters, and then considering how results would change with clusters.

HISP HISP

HISP
HISP HISP+

HISP+

HISP+
HISP+

HISP+

HISP



HISP

HISP

HISP+

HISP



HISP

HISP
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)
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The statistician asks whether you would like to conduct power calcu-
lations for other outcomes of interest. You suggest also considering the 
sample size required to detect whether HISP+ a� ects the hospitalization 
rate. In the sample of treated HISP villages, a household member visits 
the hospital in a given year in 5 percent of households; this provides a 
benchmark rate. The statistician produces a new table, which shows that 
relatively large samples would be needed to detect changes in the hospi-
talization rate (table 15.4) of 1, 2, or 3 percentage points from the baseline 
rate of 5 percent.

Table 15.4 shows that sample size requirements are larger for this out-
come (the hospitalization rate) than for out-of-pocket health expendi-
tures. The statistician concludes that if you are interested in detecting 
impacts on both outcomes, you should use the larger sample sizes implied 
by the power calculations performed on the hospitalization rates. If sam-
ple sizes from the power calculations performed for out-of-pocket health 
expenditures are used, the statistician suggests letting the minister of 
health know that the evaluation will not have su�  cient power to detect 
policy-relevant e� ects on hospitalization rates.

 HISP Question 8

A. Which sample size would you recommend to estimate the impact of 
HISP+ on out-of-pocket health expenditures?

B. Would that sample size be su�  cient to detect changes in the hospital-
ization rate?

Table 15.4 Evaluating HISP+: Sample Size Required to Detect Various 
Minimum Desired Effects (Increase in Hospitalization Rate)
Power = 0.8, no clustering

Minimum 
detectable effect 
(percentage point)

Treatment 
group

Comparison 
group

Total 
sample

1 7,257 7,257 14,514

2 1,815 1,815 3,630

3 807 807 1,614

Note: The minimum desired effect describes the minimum change in the hospital utilization rate 

(expressed in percentage points) that can be detected by the impact evaluation.

HISP

HISP
HISP

HISP
HISP+
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Power = 0.8, no clustering

Minimum 
detectable effect 
(percentage point)

Treatment 
group

Comparison 
group

Total 
sample

1 7,257 7,257 14,514

2 1,815 1,815 3,630

3 807 807 1,614

Note: The minimum desired effect describes the minimum change in the hospital utilization rate 

(expressed in percentage points) that can be detected by the impact evaluation.
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 • On the topic of multiple hypothesis testing, see the following:
  – Dufl o, E., R. Glennerster, M. Kremer, T. P. Schultz, and A. S. John. 2007. 

“Using Randomization in Development Economics Research: A Toolkit.” 
Chapter 61 in Handbook of Development Economics, Vol. 4, 3895–962. 
Amsterdam: Elsevier.

  – Schochet, P. Z. 2008. Guidelines for Multiple Testing in Impact Evaluations 
of Educational Interventions. Prepared by Mathematica Policy Research 
Inc., for the Institute of Education Sciences, U.S. Department of Education, 
Washington, DC.

 • A number of tools are available for those interested in exploring sample 
design further. For example, the W. T. Grant Foundation developed the freely 
available Optimal Design Software for Multi-Level and Longitudinal Research, 
which is useful for statistical power analysis in the presence of clusters. The 
Optimal Design software and manual can be downloaded at http://hlmsoft 
.net/od.

Notes

1. Strictly speaking, samples are drawn from sampling frames. In our discussion, 
we assume that the sampling frame perfectly overlaps with the population.

2. As discussed in part 2, compliance assumes that all the units assigned to the 
treatment group are treated and all the units assigned to the comparison group 
are not treated.

3. In this context, the term population does not refer to the population of the 
country, but rather to the entire group of children that we are interested in: the 
population of interest.

4. This intuition is formalized by a theorem called the central limit theorem. 
Formally, for an outcome y, the central limit theorem states that the sample 
mean ȳ  on average constitutes a valid estimate of the population mean. In 
addition, for a sample of size n and for a population variance s 2, the 
variance of the sample mean is inversely proportional to the size of the 
sample:

= svar y
n

( )
2

 As the size of the sample n increases, the variance of sample estimates tends 
to 0. In other words, the mean is more precisely estimated in large samples than 
in small samples.

5. The allocation of benefits by cluster is often made necessary by social or 
political considerations that make randomization within clusters impossible. 
In the context of an impact evaluation, clustering often becomes necessary 
because of likely spillovers, or contagion of program benefits between individu-
als within clusters. See discussion in chapter 11.

6. When computing power from a baseline, the correlation between outcomes 
over time should also be taken into account in power calculations.
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The fourth part of the book provides guidance on how to get data for an impact 
evaluation, including choosing the sample and fi nding adequate sources of data.

Chapter 15 discusses how to draw a sample from a population of interest, and 
how to conduct power calculations to determine the appropriate size of the 
impact evaluation sample. The chapter focuses on describing the main intu-
ition behind sampling and power calculations. It also highlights the elements 
that the policy team needs to provide to the research team or technical expert 
responsible for undertaking sampling and power calculations.

Chapter 16 reviews the various sources of data that impact evaluations 
can use. It highlights when existing sources of data can be used, including 
administrative data. Since many evaluations require the collection of new data, 
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