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Evidence based policy making: Why?
Kremer et al. 2013
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Design         Implementation        Evaluation

How to bring policy to target group?

What policy?

Who and how to target?

Is it worthwhile to scale up, how?

Evidence based policy making in the policy process

What are the impacts and cost effectiveness?

How policy leads to intended outcome?

What mechanism might policy affect outcome?
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Evidence based policy making & Economic tools

Policy 

question
Framework Data

Casual 

inference

• Difference in difference

• Instrumental variable

• Regression discontinuity

• Matching

• Randomization

• Structural modeling

• Big data & mixed model

• Mechanism

• Hypothesis

• Macro/micro

• ST/LT

• Existing

• Need to collect
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(In program) – (Not in program)  Impact =       - but…are control and    

treatment different even before the program? à selection problem
5

• Challenges in measuring impact of program on outcome(s)

Casual inference

Main but challenging job for economics

Causal Inference and Counterfactuals 53

Returning to the case of Mr. Fulanito, we saw that in order to esti-
mate the impact of pocket money on his consumption of candies would 
require the implausible task of fi nding Mr. Fulanito’s perfect clone. 
Instead of looking at the impact solely for one individual, it is more real-
istic to look at the average impact for a group of individuals (figure 3.2). 
If you could identify another group of individuals that shares the same 
average age, gender composition, education, preference for candy, and 
so on, except that it does not receive additional pocket money, then you 
could estimate the pocket money’s impact. This would simply be the 
diff erence between the average consumption of candies in the two 
groups. Thus if the treatment group consumes an average of 6 candies 
per person, while the comparison group consumes an average of 4, the 
average impact of the additional pocket money on candy consumption 
would be 2 candies.

Having defined a valid comparison group, it is important to consider 
what would happen if we decided to go ahead with an evaluation without 
fi nding such a group. Intuitively, an invalid comparison group is one that 
diff ers from the treatment group in some way other than the absence of the 
treatment. Those additional diff erences can cause the estimate of impact to 
be invalid or, in statistical terms, biased: the impact evaluation will not esti-
mate the true impact of the program. Rather, it will estimate the eff ect of 
the program mixed with those other diff erences.

Key Concept
When the comparison 
group does not 
accurately estimate the 
true counterfactual, 
then the estimated 
impact of the program 
will be invalid. In 
statistical terms, it will 
be biased.

Figure 3.2 A Valid Comparison Group
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Impact = 6 – 4 = 2 candies

Average Y = 6 candies

ComparisonTreatment

In program Not in program

Before                After

a

b

c
d

O
ut

co
m

e

(After) – (Before): Impact =       - but…other things also happen during the time?b a

d b

Impact

(After) – (Before):

(In program) – (Not in program):

Impact’



/166

If data before and after program available

Difference in difference

Before                After
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• Compare changes in outcomes over time between treatment 

and control groups
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If data before program NOT available

Instrument variable (IV)

• Find instrument that are not related to outcome but can induce subject into 

treatment/control groups
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• Ex) Angrist (1990) estimate impacts of military service on labor 

outcome 

• IV: draft lottery 

• Ex) Angrist and Krueger (1991) estimate effects of compulsory 

school on earnings

• IV: quarter of birth in the census

(In the US, students can enter school when they turn 6 in Jan and have to stay in school until 

they reach 16)

Correct for initial difference of treatment and control groups
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If data before program NOT available

Regression discontinuity

Compare control and treatment within the neighborhood of 

eligibility threshold

Correct for initial difference of treatment and control groups

Assume subjects cannot manipulate their eligibility … but

Regression Discontinuity Design 117

program on the smallest farms—say, those with 10 or 20 acres of land—
where the eff ects of a fertilizer subsidy may diff er in important ways from 
the medium-size farms with 48 or 49 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. 
The trade-off  is that impacts for observations far away from the cutoff  will 
not be known. Box 6.2 presents an example of the use of RDD for evaluating 
a social safety net program in Jamaica.

Fuzzy Regression Discontinuity Design

Once we have verifi ed that there is no evidence of manipulation in the 
 eligibility index, we may still face a challenge if units do not respect their 
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 
program on the basis of their eligibility index may fi 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 
“sharp,” while if there is noncompliance on either side of the cutoff , then 

Figure 6.2 Rice Yield, Smaller Farms versus Larger Farms (Follow-Up)
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Figure 6.1 Rice Yield, Smaller Farms versus Larger Farms (Baseline)

20

Hectares of land

R
ic

e
 y

ie
ld

 (
b

u
sh

e
ls

 p
e
r 

h
e
ct

a
re

)

19

18

17

16

15
20 30 40 50 60 70 80

= yield for farms < 50 hectares

= yield for farms > 50 hectares

ineligible farms may diff er more. But farm size is a good measure of how 
diff erent they are, allowing us to control for many of those diff 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 
impact (fi gure 6.2). The RDD calculates impact as the diff erence in out-
comes, such as rice yields, between the units on both sides of the eligibility 
cutoff , which in our example is a farm size of 50 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 
 diff 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 
neighborhood around the eligibility cutoff  score. Thus we obtain an esti-
mate of a local average treatment eff ect (LATE) (see chapter 5). The impact 
of the fertilizer subsidy program is valid for the larger of the medium-size 
farms: that is, those with just under 50 hectares of land. The impact 
 evaluation will not necessarily be able to directly identify the impact of the 
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Figure 6.4 Manipulation of the Eligibility Index
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Box 6.3: The Effect on School Performance of Grouping Students 
by Test Scores in Kenya

To test whether assigning  students to 
classes based on performance improves 
educational outcomes, Dufl o, Dupas, and 
Kremer (2011) conducted an experiment 
with 121 primary schools in western Kenya. 
In half the schools, fi rst-grade students were 
randomly split into two different class sec-
tions. In the other half of the schools, 
 students were assigned to either a high- 
performing or a low-performing section 
based on their initial test scores, using the 
test score as a cutoff point.

The regression discontinuity design 
(RDD) allowed researchers to test whether 
the composition of students in a class 
directly affected test scores. They compared 
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- 
performing section.

On average, endline test scores in 
schools that assigned students to sections 
with similarly higher or lower performers 
were 0.14 standard deviations higher than in 
schools that did not use this method and 
instead used randomized assignment to cre-
ate equivalent groups of students. These 
results were not solely driven by students in 
the high-performing section, as students in 
the low-performing section also showed 
improvements in test scores. For students 
right around the cutoff score, the research-
ers found that there was no signifi cant dif-
ference in endline test scores. These 
fi ndings reject the hypothesis that students 
directly benefi t from having higher-achieving 
classmates.

Source: Dufl o, Dupas, and Kremer 2011.

Rice yield before the program

Rice yield after the program
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If data before program NOT available

Matching

• Construct control group that have statistically similar to treatment based on 

observed characteristics

Correct for initial difference of treatment and control groups

Assume sorting based on observed  characteristics

Causal Inference and Counterfactuals 53
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Key Concept
When the comparison 
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then the estimated 
impact of the program 
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Figure 3.2 A Valid Comparison Group

Average Y = 4 candies

Impact = 6 – 4 = 2 candies

Average Y = 6 candies

ComparisonTreatment

In program Not in program

144 Impact Evaluation in Practice

decision to enroll in the program. Unfortunately, this is easier said than 
done. If the list of relevant observed characteristics is very large, or if each 
characteristic takes on many values, it may be hard to identify a match for 
each of the units in the treatment group. As you increase the number of 
characteristics or dimensions against which you want to match units that 
enrolled in the program, you may run into what is called the curse of 
 dimensionality. For example, if you use only three important characteristics 
to identify the matched comparison group, such as age, gender, and whether 
the individual has a secondary school diploma, you will probably find 
matches for all participants enrolled in the program in the pool of those who 
are not enrolled (the nonenrolled), but you run the risk of leaving out other 
potentially important characteristics. However, if you increase the list of 
characteristics—say, to include number of children, number of years of edu-
cation, number of months unemployed, number of years of experience, and 
so forth—your database may not contain a good match for most of the pro-
gram participants who are enrolled, unless it contains a very large number 
of observations. Figure 8.1 illustrates matching based on four characteris-
tics: age, gender, months unemployed, and secondary school diploma.

Propensity Score Matching

Fortunately, the curse of dimensionality can be quite easily solved using a 
method called propensity score matching (Rosenbaum and Rubin 1983). In 
this approach, we no longer need to try to match each enrolled unit to a 

Figure 8.1 Exact Matching on Four Characteristics
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But…how can we be ensure that control and treatment are not 

different based on unobserved characteristics?
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Figure 8.2 provides an example of lack of common support. First, we 
 estimate the likelihood that each unit in the sample enrolls in the program 
based on the observed characteristics of that unit: that is, the propensity 
score. The figure shows the distribution of propensity scores separately for 
enrolled and nonenrolled. The issue is that these distributions do not over-
lap perfectly. In the middle of the distribution, matches are relatively easy to 
find because there are both the enrolled and nonenrolled with these levels 
of propensity scores. However, enrollees with propensity scores close to 1 
cannot be matched to any nonenrolled because there are no nonenrolled 
with such high propensity scores. Intuitively, units that are highly likely to 
enroll in the program are so dissimilar to nonenrolling units that we cannot 
find a good match for them. Similarly, nonenrolled with propensity scores 
close to 0 cannot be matched to any enrollees because there are no enrollees 
with such low propensity scores. A lack of common support thus appears at 
the extremes, or tails, of the distribution of propensity scores. In this case, 
the matching procedure estimates the local average treatment eff ect (LATE) 
for observations on the common support.

The steps to be taken when applying propensity score matching are sum-
marized in Jalan and Ravallion (2003).3 First, you will need representative 
and highly comparable surveys in which it is possible to identify the units 
that enrolled in the program and those that did not. Second, you pool the 
two samples and estimate the probability that each individual enrolls in 

Figure 8.2 Propensity Score Matching and Common Support
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If new data collection is possible

Randomization

• Pure randomization: Randomly assign subject to program (treatment) and control group

Correct for initial difference of treatment and control groups

76 Impact Evaluation in Practice

required for the evaluation. The size of the evaluation sample is determined 
through power calculations and is based on the types of questions you would 
like answered (see chapter 15). If the eligible population is small, all of the 
eligible units may need to be included in the evaluation. Alternatively, 
if  there are more eligible units than are required for the evaluation, then 
step 2 is to select a sample of units from the population to be included in the 
evaluation sample.

This second step is done mainly to limit data collection costs. If it is 
found that data from existing monitoring systems can be used for the 
evaluation, and that those systems cover the full population of eligible 
units, then you may not need to draw a separate evaluation sample. 
However, imagine an evaluation in which the population of eligible units 
includes tens of thousands of teachers in every school in the country, and 
you need to collect detailed information on teacher pedagogical knowl-
edge and practice. Interviewing and assessing every teacher in the coun-
try could be prohibitively costly and logistically infeasible. Based on your 
power calculations, you might determine that to answer your evaluation 
question, it is suffi  cient to take a sample of 1,000 teachers distributed over 

Figure 4.3 Steps in Randomized Assignment to Treatment

1. Define eligible units
2. Select the evaluation
sample

3. Randomize assignment
to treatment

EligibleIneligible

External validity Internal validity

Treatment

Comparison

Challenges

• Noncomplianceà
quasi randomization

• feasible?

• Costly?

• Complex, macro policy

• External validity?
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Ex2) Conditional cash transfer program - PROGRESA
Behrman, Sengupta and Todd (2005) found positive impact on enrolment rate

Overview Return to edu Edu investment model      Policies   

If new data collection is possible

Randomization

Ex) Behrman et al.(2005) evaluate 

Progressa CCT program

• Randomly select villages in 

treatment and controls

• Compare eligible households in 

control and treatment groups
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Other method and the use of big/admin data

• Structural modeling: 

1) develop model and calibrate with data with good variations

2) simulate what would happen to outcome with policy options

Ex) Townsend evaluate Thailand village funds

• Big/admin data: ex) researchers in the US have been exploiting census data

1) Cover before and after program

2) track for long-term outcomes

3) large coverage à external validity and impact heterogeneity

Ex) Duflo 2001, Chetty’s work with tax records, etc.
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Duflo’s famous paper using Indonesia 
Census

Schooling and Labor Market Consequences of School
Construction in Indonesia: Evidence from

an Unusual Policy Experiment

By ESTHER DUFLO*

Between 1973 and 1978, the Indonesian government engaged in one of the largest
school construction programs on record. Combining differences across regions in
the number of schools constructed with differences across cohorts induced by the
timing of the program suggests that each primary school constructed per 1,000
children led to an average increase of 0.12 to 0.19 years of education, as well as a
1.5 to 2.7 percent increase in wages. This implies estimates of economic returns to
education ranging from 6.8 to 10.6 percent. (JEL I2, J31, O15, O22)

The questions of whether investments in in-
frastructure can cause an increase in educational
attainment, and whether an increase in educa-
tional attainment causes an increase in earnings
are basic concerns for development economists.
A large body of literature investigates the im-
pact of schooling infrastructure on schooling, as
well as the returns to education in developing
countries [see George Psacharopoulos (1994)
and John Strauss and Duncan Thomas (1995)
for surveys]. Estimated returns to education are,
in general, larger in developing countries than in
industrialized countries. However, most of the ex-
isting studies are based on simple correlations
between years of education and wages. Family
and community background are important deter-
minants of both schooling and labor market out-
comes in developing countries, and the bias in

estimates that treat an individual’s education level
as exogenous could be important.
This paper exploits a dramatic change in policy

to evaluate the effect building schools has on
education and earnings in Indonesia, a country
where the GDP per capita in 1995 was only $720,
3.5 percent that of the United States. In 1973, the
Indonesian government launched a major school
construction program, the Sekolah Dasar INPRES
program. Between 1973–1974 and 1978–1979,
more than 61,000 primary schools were construct-
ed—an average of two schools per 1,000 children
aged 5 to 14 in 1971. Enrollment rates among
children aged 7 to 12 increased from 69 percent in
1973 to 83 percent by 1978. This was in contrast
to the absence of capital expenditure and a decline
in enrollment in the early 1970’s.
Using a large cross section of men born be-

tween 1950 and 1972 from the 1995 intercensal
survey of Indonesia (SUPAS), I linked an
adult’s education and wages with district-level
data on the number of new schools built be-
tween 1973–1974 and 1978–1979 in his region
of birth. The exposure of an individual to the
program was determined both by the number of
schools built in his region of birth and by his
age when the program was launched. After con-
trolling for region of birth and cohort of birth
effects, interactions between dummy variables
indicating the age of the individual in 1974 and
the intensity of the program in his region of
birth are plausibly exogenous variables, and are
used as instruments in the wage equation. Sim-
ilar strategies were used to estimate the effect of
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enrollment rates in 1972, which differed widely
across regions, region of birth is a second di-
mension of variation in the intensity of the
program. Region of birth is highly correlated
with the region of education: 91.5 percent of the
children in the IFLS sample were still living in
the district where they were born at age 12.
However, unlike region of education, it is not
endogenous with respect to the program [which
would lead to bias in the program effect; see
Rosenzweig and Wolpin (1988)], given that all
individuals in the sample were born before the
program was started.
The basic idea behind the identification strat-

egy can be illustrated using simple two-by-two
tables. Table 3 shows means of education and
wages for different cohorts and program levels.
Regions are separated in “high program” and
“low program” regions. The difference between
the number of schools constructed per 1,000
children constructed in high and low program
regions is 0.90.2 In panel A, I compare the
educational attainment and the wages of indi-
viduals who had little or no exposure to the
program (they were 12 to 17 in 1974) to those of

individuals who were exposed the entire time
they were in primary school (they were 2 to 6 in
1974), in both types of regions. In both cohorts,
the average educational attainment and wages in
regions that received fewer schools are higher
than in regions that received more schools. This
reflects the program provision that more schools
were to be built in regions where enrollment
rates were low. In both types of regions, average
educational attainment increased over time.
However, it increased more in regions that re-
ceived more schools. The difference in these
differences can be interpreted as the causal ef-
fect of the program, under the assumption that
in the absence of the program, the increase in
educational attainment would not have been
systematically different in low and high pro-
gram regions. An individual young enough,
born in a high program region, received on
average 0.12 more years of education, and the
logarithm of his wage in 1995 was 0.026 higher.
These differences in differences are not signif-
icantly different from 0. This simple estimator
suggests that one school per 1,000 children con-
tributed to an increase in education by 0.13
years (0.12 divided by 0.90) and wages by
0.029 for children aged 2 to 6 when the program
was initiated. The Wald estimate of returns to
education is the ratio of these two estimates.
The identification assumption should not be

taken for granted: The pattern of increase in

2 To make Wald estimates meaningful, estimates in Ta-
ble 3 are presented for the sample with valid wage data.
High program regions are defined as regions where the
residual of a regression of the number of schools on the
number of children is positive.

TABLE 3—MEANS OF EDUCATION AND LOG(WAGE) BY COHORT AND LEVEL OF PROGRAM CELLS

Years of education Log(wages)

Level of program in region of birth Level of program in region of birth

High Low Difference High Low Difference
(1) (2) (3) (4) (5) (6)

Panel A: Experiment of Interest
Aged 2 to 6 in 1974 8.49 9.76 !1.27 6.61 6.73 !0.12

(0.043) (0.037) (0.057) (0.0078) (0.0064) (0.010)
Aged 12 to 17 in 1974 8.02 9.40 !1.39 6.87 7.02 !0.15

(0.053) (0.042) (0.067) (0.0085) (0.0069) (0.011)
Difference 0.47 0.36 0.12 !0.26 !0.29 0.026

(0.070) (0.038) (0.089) (0.011) (0.0096) (0.015)
Panel B: Control Experiment
Aged 12 to 17 in 1974 8.02 9.40 !1.39 6.87 7.02 !0.15

(0.053) (0.042) (0.067) (0.0085) (0.0069) (0.011)
Aged 18 to 24 in 1974 7.70 9.12 !1.42 6.92 7.08 !0.16

(0.059) (0.044) (0.072) (0.0097) (0.0076) (0.012)
Difference 0.32 0.28 0.034 0.056 0.063 0.0070

(0.080) (0.061) (0.098) (0.013) (0.010) (0.016)

Notes: The sample is made of the individuals who earn a wage. Standard errors are in parentheses.
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