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Causal Inference 
and Counterfactuals

CHAPTER 3

We begin by examining two concepts that are integral to the process of conduct-
ing accurate and reliable evaluations—causal inference and counterfactuals.

Causal Inference

The basic impact evaluation question essentially constitutes a causal 
 inference problem. Assessing the impact of a program on a series of out-
comes is equivalent to assessing the causal eff ect of the program on those 
outcomes. Most policy questions involve cause-and-eff ect relationships: 
Does teacher training improve students’ test scores? Do conditional cash 
transfer programs cause better health outcomes in children? Do vocational 
training programs increase trainees’ incomes? 

Although cause-and-eff ect questions are common, it is not a straight-
forward matter to establish that a relationship is causal. In the context of a 
 vocational training program, for example, simply observing that a trainee’s 
income increases after he or she has completed such a program is not suffi  -
cient to establish causality. The trainee’s income might have increased even 
if he had not taken the training course because of his own eff orts, because of 
changing labor market conditions, or because of one of the myriad other 
 factors that can aff ect income. Impact evaluations help us to overcome the 
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challenge of establishing causality by empirically establishing to what 
extent a particular program—and that program alone—contributed to the 
change in an outcome. To establish causality between a program and an out-
come, we use impact evaluation methods to rule out the possibility that any 
factors other than the program of interest explain the observed impact. 

The answer to the basic impact evaluation question—What is the impact 
or causal eff ect of a program P on an outcome of interest Y?—is given by the 
basic impact evaluation formula:

 = (Y | P = 1)  (Y | P = 0).

This formula says that the causal impact ( ) of a program (P) on an out-
come (Y) is the diff erence between the outcome (Y) with the program (in 
other words, when P = 1) and the same outcome (Y) without the program 
(that is, when P = 0).

For example, if P denotes a vocational training program and Y denotes 
income, then the causal impact of the vocational training program ( ) is 
the diff erence between a person’s income (Y) after participating in the 
vocational training program (in other words, when P = 1) and the same 
person’s income (Y) at the same point in time if he or she had not partici-
pated in the program (in other words, when P = 0). To put it another way, 
we would like to measure income at the same point in time for the same 
unit of observation (a person, in this case), but in two diff erent states of the 
world. If it were possible to do this, we would be observing how much 
income the same individual would have had at the same point in time both 
with and without the program, so that the only possible explanation for 
any diff erence in that person’s income would be the program. By compar-
ing the same individual with herself at the same moment, we would have 
managed to eliminate any outside factors that might also have explained 
the diff erence in outcomes. We could then be confi dent that the relation-
ship between the vocational training program and income is causal.

The basic impact evaluation formula is valid for anything that is being 
analyzed—a person, a household, a community, a business, a school, a hos-
pital, or any other unit of observation that may receive or be aff ected by a 
program. The formula is also valid for any outcome (Y) that is plausibly 
related to the program at hand. Once we measure the two key components 
of this formula—the outcome (Y) both with the program and without it—
we can answer any question about the program’s impact.

The Counterfactual  

As discussed above, we can think of the impact ( ) of a program as the dif-
ference in outcomes (Y) for the same individual with and without partici-
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pation in a program. Yet we know that measuring the same person in two 
diff erent states at the same time is impossible. At any given moment in 
time, an individual either participated in the program or did not partici-
pate. The person cannot be observed simultaneously in two diff erent 
states (in other words, with and without the program). This is called “the 
counterfactual problem”: How do we measure what would have happened 
if the other circumstance had prevailed? Although we can observe and 
measure the outcome (Y) for program participants (Y | P = 1), there are no 
data to establish what their outcomes would have been in the absence of 
the program (Y | P = 0). In the basic impact evaluation formula, the term 
(Y | P = 0) represents the counterfactual. We can think of this as what would 
have happened if a participant had not participated in the program. In 
other words, the counterfactual is what the outcome (Y) would have been 
in the absence of a program (P).

For example, imagine that “Mr. Unfortunate” takes a red pill and then 
dies fi ve days later. Just because Mr. Unfortunate died after taking the red 
pill, you cannot conclude that the red pill caused his death. Maybe he was 
very sick when he took the red pill, and it was the illness rather than the 
red pill that caused his death. Inferring causality will require that you rule 
out other potential factors that can aff ect the outcome under consider-
ation. In the simple example of determining whether taking the red pill 
caused Mr. Unfortunate’s death, an evaluator would need to establish 
what would have happened to Mr. Unfortunate had he not taken the pill. 
Inasmuch as Mr. Unfortunate did in fact take the red pill, it is not possible 
to observe directly what would have happened if he had not done so. What 
would have happened to him had he not taken the red pill is the counter-
factual, and the evaluator’s main challenge is determining what this coun-
terfactual state of the world actually looks like (see box 3.1).

When conducting an impact evaluation, it is relatively easy to obtain the 
fi rst term of the basic formula (Y | P = 1)—the outcome under treatment. We 
simply measure the outcome of interest for the population that participated 
in the program. However, the second term of the formula (Y | P = 0) cannot 
be directly observed for program participants—hence, the need to fi ll in this 
missing piece of information by estimating the counterfactual. To do this, we 
typically use comparison groups (sometimes called “control groups”). The 
remainder of part 2 of this book will focus on the diff erent methods or 
approaches that can be used to identify valid comparison groups that accu-
rately reproduce or mimic the counterfactual. Identifying such comparison 
groups is the crux of any impact evaluation, regardless of what type of pro-
gram is being evaluated.  Simply put, without a valid estimate of the coun-
terfactual, the impact of a program cannot be established. 

Key Concept:
The counterfactual is 
an estimate of what 
the outcome (Y ) would 
have been for a 
program participant 
in the absence of 
the program (P ). 
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Estimating the Counterfactual  

To further illustrate the estimation of the counterfactual, we turn to a 
 hypothetical example that, while not of any policy importance, will help 
us think through this key concept a bit more fully. On a conceptual level, 
solving the counterfactual problem requires the evaluator to identify a 

Box 3.1: Estimating the Counterfactual 
Miss Unique and the Cash Transfer Program

Miss Unique is a newborn baby girl whose 
mother is offered a monthly cash transfer so 
long as she ensures that Miss Unique re-
ceives regular health checkups at the local 
health center, that she is immunized, and 
that her growth is monitored. The govern-
ment posits that the cash transfer will moti-
vate Miss Unique’s mother to seek the 
health services required by the program and 
will help Miss Unique grow strong and tall. 
For its impact evaluation, the government 
selects height as an outcome indicator for 
long-term health, and it measures Miss 
Unique’s height 3 years into the cash trans-
fer program. 

Assume that you are able to measure 
Miss Unique’s height at the age of 3. Ideally, 
to evaluate the impact of the program, you 
would want to measure Miss Unique’s height 
at the age of 3 with her mother having 
received the cash transfer, and also Miss 
Unique’s height at the age of 3 had her 
mother not received the cash transfer. You 
would then compare the two heights. If you 
were able to compare Miss Unique’s height 
at the age of 3 with the program to Miss 
Unique’s height at the age of 3 without the 
program, you would know that any difference 
in height had been caused only by the pro-
gram. Because everything else about Miss 
Unique would be the same, there would be 

no other characteristics that could explain the 
difference in height.

Unfortunately, however, it is impossible to 
observe Miss Unique both with and without 
the cash transfer program: either her family 
receives the program or it does not. In other 
words, we do not know what the counterfac-
tual is. Since Miss Unique’s mother actually 
received the cash transfer program, we can-
not know how tall she would have been had 
her mother not received the cash transfer. 
Finding an appropriate comparison for Miss 
Unique will be challenging because Miss 
Unique is, precisely, unique. Her exact socio-
economic background, genetic attributes, and 
personal characteristics cannot be found in 
anybody else. If we were simply to compare 
Miss Unique with a child who is not enrolled 
in the cash transfer program, say, Mr. Inimi-
table, the comparison may not be adequate. 
Miss Unique is not identical to Mr. Inimitable. 
Miss Unique and Mr. Inimitable may not look 
the same, they may not live in the same 
place, they may not have the same parents, 
and they may not have been the same height 
when they were born. So if we observe that 
Mr. Inimitable is shorter than Miss Unique at 
the age of 3, we cannot know whether the 
difference is due to the cash transfer pro-
gram or to one of the many other differences 
between these two children.



Causal Inference and Counterfactuals  37

“perfect clone” for each program participant (fi gure 3.1). For example, let 
us say that Mr. Fulanito receives an additional $12 in his pocket money 
allowance, and we want to measure the impact of this treatment on his 
consumptions of candies. If you could identify a perfect clone for Mr. 
Fulanito, the evaluation would be easy: you could just compare the num-
ber of candies eaten by Mr. Fulanito (say, 6) with the number of candies 
eaten by his clone (say, 4). In this case, the impact of the additional pocket 
money would be the diff erence between those two numbers, or 2 candies. 
In practice, we know that it is impossible to identify perfect clones: even 
between genetically identical twins there are important diff erences. 

Although no perfect clone exists for a single individual, statistical tools 
exist that can be used to generate two groups of individuals that, if their 
numbers are large enough, are statistically indistinguishable from each 
other. In practice, a key goal of an impact evaluation is to identify a group of 
program participants (the treatment group) and a group of nonparticipants 
(the comparison group) that are statistically identical in the absence of the 
program. If the two groups are identical, excepting only that one group par-
ticipates in the program and the other does not, then we can be sure that any 
diff erence in outcomes must be due to the program.

The key challenge, then, is to identify a valid comparison group that has 
the same characteristics as the treatment group. Specifi cally, the treatment 
and comparison groups must be the same in at least three ways: First, the 

Figure 3.1    The Perfect Clone

Source: Authors.
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treatment group and the comparison group must be identical in the absence 
of the program. Although it is not necessary that every unit in the treatment 
group be identical to every unit in the comparison group, on average the 
characteristics of treatment and comparison groups should be the same. For 
example, the average age in the treatment group should be the same as the 
average age in the comparison group. Second, the treatment and compari-
son groups should react to the program in the same way. For example, the 
incomes of units in the treatment group should be as likely to benefi t from 
training as the incomes of the comparison group. Third, the treatment and 
comparison groups cannot be diff erentially exposed to other interventions 
during the evaluation period. For example, if we are to isolate the impact of 
the additional pocket money on candy consumption, the treatment group 
could not also have been provided with more trips to the candy store than 
the controls, as that could confound the eff ects of the pocket money with 
the eff ect of increased access to candy. 

When these three conditions are met, then only the existence of the 
program of interest will explain any diff erences in the outcome (Y) 
between the two groups once the program has been implemented. The 
reason is that the only diff erence between the treatment and comparison 
groups is that the members of the treatment group will receive the pro-
gram, while the members of the comparison group will not. When the dif-
ferences in outcomes can be entirely attributed to the program, the causal 
impact of the program has been identifi ed. So instead of looking at the 
impact of additional pocket money only for Mr. Fulanito, you may be look-
ing at the impact for a group of children (fi gure 3.2). If you could identify 
another group of children that is totally similar, except that they do not 
receive additional pocket money, your estimate of the impact of the pro-
gram would be the diff erence between the two groups in average con-
sumption of candies. Thus, if the treated 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.

Now that we have defi ned a valid comparison group, it is important to 
consider what would happen if we decided to go ahead with an evaluation 
without identifying such a group. Intuitively, this should now be clear: 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 dif-
ferences can cause our impact estimate to be invalid or, in statistical terms, 
biased: it will not estimate the true impact of the program. Rather, it will 
estimate the eff ect of the program mixed with the eff ect of those other 
diff erences.

Key Concept:
A valid comparison 
group will have the 
same characteristics 
as the group of 
participants in the 
program (“treatment 
group”), except for the 
fact that the units in 
the comparison group 
do not benefi t from the 
program.

Key Concept:
When the comparison 
group for an evaluation 
is invalid, then the 
estimate of the impact 
of the program will 
also be invalid: it will 
not estimate the true 
impact of the program. 
In statistical terms, it 
will be “biased.”



Causal Inference and Counterfactuals  39

Two Types of Impact Estimates

Having estimated the impact of the program, the evaluator needs to know 
how to interpret the results. An evaluation always estimates the impact of a 
program by comparing the outcomes for the treatment group with the esti-
mate of the counterfactual obtained from a valid comparison group, using 
the basic impact evaluation equation. Depending on what the treatment and 
the counterfactual actually represent, the interpretation of the impact of a 
program will vary.

The estimated impact  is called the “intention-to-treat” estimate (ITT) 
when the basic formula is applied to those units to whom the program has 
been off ered, regardless of whether or not they actually enroll in it. The ITT 
is important for those cases in which we are trying to determine the average 
impact of a program on the population targeted by the program. By contrast, 
the estimated impact  is called the “treatment-on-the-treated” (TOT) 
when the basic impact evaluation formula is applied to those units to whom 
the program has been off ered and who have actually enrolled. The ITT and 
TOT estimates will be the same when there is full compliance, that is, when 
all units to whom a program has been off ered actually decide to enroll in it. 
We will return to the diff erence between the ITT and TOT estimates in 
detail in future sections, but let us begin with an example.

Consider the health insurance subsidy program, or HISP, example 
described in the introduction to part 2, in which any household in a treat-
ment village can sign up for a health insurance subsidy. Even though all 

Figure 3.2    A Valid Comparison Group

Source: Authors.
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households in treatment villages are eligible to enroll in the program, some 
fraction of households, say 10 percent, may decide not to do so (perhaps 
because they already have insurance through their jobs, because they are 
healthy and do not anticipate the need for health care, or because of one of 
many other possible reasons). In this scenario, 90 percent of households 
in the treatment village decide to enroll in the program and actually 
receive the services that the program provides. The ITT estimate would 
be obtained by computing the basic impact evaluation formula for all 
households who were off ered the program, that is, for 100 percent of the 
households in treatment villages. By contrast, the TOT estimate would be 
obtained by calculating the basic impact evaluation formula only for the 
subset of households who actually decided to enroll in the program, that 
is, for the 90 percent of households in treatment villages that enroll.

Two Counterfeit Estimates of the Counterfactual

In the remainder of part 2 of this book, we will discuss the various methods 
that can be used to construct valid comparison groups that will allow you to 
estimate the counterfactual. Before doing so, however, it is useful to discuss 
two common, but highly risky, methods of constructing comparison groups 
that can lead to inappropriate estimates of the counterfactual. These two 
“counterfeit” estimates of the counterfactuals are (1) before-and-after, or 
pre-post, comparisons that compare the outcomes of program participants 
prior to and subsequent to the introduction of a program and (2) with-and-
without comparisons between units that choose to enroll and units that 
choose not to enroll. 

Counterfeit Counterfactual 1: Comparing Before and After

A before-and-after comparison attempts to establish the impact of a pro-
gram by tracking changes in outcomes for program participants over time. 
To return to the basic impact evaluation formula, the outcome for the treat-
ment group (Y | P = 1) is simply the postintervention outcome. However, the 
counterfactual (Y | P = 0) is estimated using the preintervention outcome. In 
essence, this comparison assumes that if the program had never existed, the 
outcome (Y) for program participants would have been exactly the same as 
their preprogram situation. Unfortunately, in the vast majority of cases that 
assumption simply does not hold. 

Take the evaluation of a microfi nance program for poor, rural farmers. 
Let us say that the program provides microloans to farmers to enable them 
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to buy fertilizer to increase their rice production. You observe that in the 
year before the start of the program, farmers harvested an average of 1,000 
kilograms (kg) of rice per hectare. The microfi nance scheme is launched, 
and a year later rice yields have increased to 1,100 kg per hectare. If you were 
trying to evaluate impact using a before-and-after comparison, you would 
use the preintervention outcome as a counterfactual. Applying the basic 
impact evaluation formula, you would conclude that the program had 
increased rice yields by 100 kg per hectare. 

However, imagine that rainfall was normal during the year before the 
program was launched, but a drought occurred in the year the program 
started. In this context, the preintervention outcome cannot constitute an 
appropriate counterfactual. Figure 3.3 illustrates why. Because farmers 
received the program during a drought year, their average yield without the 
microloan scheme would have been even lower, at level D, and not level B as 
the before-and-after comparison assumes. In that case, the true impact of 
the program is larger than 100 kg. By contrast, if environmental conditions 
had actually improved over time, the counterfactual rice yield might have 
been at level C, in which case the true program impact would have been 
smaller than 100 kg. In other words, unless we can statistically account for 

rice yield (kg per ha)

1,100

observed change

counterfactual B

counterfactual C

counterfactual D

1,000

A

C?

B

D?

year
T = 1

(2009)
T = 0

(2007)

α = 100

Figure 3.3    Before and After Estimates of a Microfi nance Program

Source: Authors, based on the hypothetical example in the text.
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rainfall and every other factor that can aff ect rice yields over time, we simply 
cannot calculate the true impact of the program by making a before-and-
after comparison.

Although before-and-after comparisons may be invalid in impact eval-
uation, that does not mean they are not valuable for other purposes. In 
fact, administrative data systems for many programs typically record data 
about participants over time. For example, an education management 
information system may routinely collect data on student enrollment in 
the set of schools where a school meal program is operating. Those data 
allow program managers to observe whether the number of children 
enrolled in school is increasing over time. This is important and valuable 
information for managers who are planning and reporting about the edu-
cation system. However, establishing that the school meal program has 
caused the observed change in enrollment is much more challenging 
because many diff erent factors aff ect student enrollment over time. Thus, 
although monitoring changes in outcomes over time for a group of par-
ticipants is extremely valuable, it does not usually allow us to determine 
conclusively whether—or by how much—a particular program of interest 
contributed to that improvement as long as other time-varying factors 
exist that are aff ecting the same outcome. 

We saw in the example of the microfi nance scheme and rice yields 
that many factors can aff ect rice yields over time. Likewise, many factors 
can aff ect the majority of outcomes of interest to development programs. 
For that reason, the preprogram outcome is almost never a good esti-
mate of the counterfactual, and that is why we label it a “counterfeit 
counterfactual.”

Doing a Before-and-After Evaluation of the Health Insurance 

Subsidy Program

Recall that the HISP is a new program in your country that subsidizes the 
purchase of health insurance for poor rural households and that this 
insurance covers expenses related to primary health care and drugs for 
those enrolled. The objective of the HISP is to reduce the out-of-pocket 
health expenditures of poor families and ultimately to improve health out-
comes. Although many outcome indicators could be considered for the 
program evaluation, your government is particularly interested in analyz-
ing the eff ects of the HISP on what poor families spend on primary care 
and drugs measured as a household’s yearly out-of-pocket expenditures 
per capita (subsequently referred to simply as “health expenditures”).

The HISP will represent a hefty proportion of the national budget if 
scaled up nationally—up to 1.5 percent of gross domestic product (GDP) by 
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some estimates. Furthermore, substantial administrative and logistical com-
plexities are involved in running a program of this nature. For these reasons, 
a decision has been made at the highest levels of government to introduce 
the HISP fi rst as a pilot program and then, depending on the results of the 
fi rst phase, to scale it up gradually over time. Based on the results of fi nan-
cial and cost-benefi t analyses, the president and her cabinet have announced 
that for the HISP to be viable and to be extended nationally, it must reduce 
the average yearly per-capita health expenditures of poor rural households 
by at least $9 below what they would have spent in the absence of the pro-
gram and it must do so within 2 years.

The HISP will be introduced in 100 rural villages during the initial pilot 
phase. Just before the start of the program, your government hires a survey 
fi rm to conduct a baseline survey of all 4,959 households in these villages. 
The survey collects detailed information on every household, including 
their demographic composition, assets, access to health services, and health 
expenditures in the past year. Shortly after the baseline survey is conducted, 
the HISP is introduced in the 100 pilot villages with great fanfare, including 
community events and other promotional campaigns to encourage eligible 
households to enroll. 

Of the 4,959 households in the baseline sample, a total of 2,907 enroll in 
the HISP during the fi rst 2 years of the program. Over the 2 years, the HISP 
operates successfully by most measures. Coverage rates are high, and sur-
veys show that most enrolled households are satisfi ed with the program. At 
the end of the 2-year pilot period, a second round of evaluation data is col-
lected on the same sample of 4,959 households.1  

The president and the minister of health have put you in charge of over-
seeing the impact evaluation for the HISP and recommending whether or 
not to extend the program nationally. Your impact evaluation question of 
interest is, By how much did the HISP lower health expenditures for poor rural 
households? Remember that the stakes are high. If the HISP is found to 
reduce health expenditures by $9 or more, it will be extended nationally. If 
the program did not reach the $9 target, you will recommend against scaling 
up the HISP.

The fi rst “expert” evaluation consultant you hire indicates that to esti-
mate the impact of the HISP, you must calculate the change in health 
 expenditures over time for the households that enrolled. The consultant 
argues that because the HISP covers all health costs related to primary 
care and medication, any decrease in expenditures over time must be 
largely attributable to the eff ect of the HISP. Using only the subset of 
 enrolled households, therefore, you estimate their average health expen-
ditures before the implementation of the program and 2 years later. In 



44 Impact Evaluation in Practice

other words, you perform a before-and-after evaluation. The results are 
shown in table 3.1.

You observe that the households that enrolled in the HISP reduced their 
out-of-pocket health expenditures from $14.4 before the introduction of 
HISP, to $7.8 two years later, a reduction of $6.6 (or 45 percent) over the 
period. As denoted by the value of the t-statistic, the diff erence between 
health expenditures before and after the program is statistically signifi cant, 
that is, the probability that the estimated eff ect is statistically equal to zero 
is very low. 

Even though the before-and-after comparison is for the same group of 
households, you are concerned that some other factors may have changed 
over time that aff ected health expenditures. For example, a number of 
health interventions have been operating simultaneously in the villages in 
question. Alternatively, some changes in household expenditures may have 
resulted from the fi nancial crisis that your country recently experienced. To 
address some of these concerns, your consultant conducts more sophisti-
cated regression analysis that will control for the additional external factors. 
The results appear in table 3.2.

Here, the linear regression is of health expenditures on a binary (0-1) 
variable for whether the observation is baseline (0) or follow-up (1). The 
multivariate linear regression additionally controls for, or holds constant, 
other characteristics that are observed for the households in your sample, 
including indicators for wealth (assets), household composition, and so on. 
You note that the simple linear regression is equivalent to the simple before-
and-after diff erence in health expenditures (a reduction of $6.59). Once you 
control for other factors available in your data, you fi nd a similar result—a 
decrease of $6.65.

Table 3.1   Case 1—HISP Impact Using Before-After (Comparison of Means)

After Before Difference t-stat

Household health expenditures 7.8 14.4 −6.6 −28.9

Source: Authors’ calculations from hypothetical data set.

Table 3.2   Case 1—HISP Impact Using Before-After (Regression Analysis)

 Linear regression Multivariate linear regression

Estimated impact on 
household health 
expenditures

−6.59**
(0.22)

−6.65**
(0.22)

Source: Authors.

Note: Standard errors are in parentheses.

** Signifi cant at the 1 percent level.
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QUESTION 1

A. Based on these results from case 1, should the HISP be scaled up nationally?
B. Does this analysis likely control for all the factors that affect health expenditures 

over time?

Counterfeit Counterfactual 2: Comparing Enrolled and Nonenrolled

Comparing units that receive a program to units that do not receive it (“with-
and-without”) constitutes another counterfeit counterfactual. Consider, for 
example, a vocational training program for unemployed youth. Assume that 
2 years after the launching of the scheme, an evaluation attempts to estimate 
the impact of the program on income by comparing the average incomes of 
a group of youth who chose to enroll in the program versus those of a group 
who chose not to enroll. Assume that the results show that the youths who 
enrolled in the program make twice as much as those who did not enroll.

How should these results be interpreted? In this case, the counterfac-
tual is estimated based on the incomes of individuals who decided not to 
enroll in the program. Yet the two groups of young people are likely to be 
fundamentally diff erent. Those individuals who chose to participate may 
be highly motivated to improve their livelihoods and may expect a high 
return to training. In contrast, those who chose not to enroll may be dis-
couraged youth who do not expect to benefi t from this type of program. It 
is likely that these two types of young people would perform quite diff er-
ently in the labor market and would have diff erent incomes even without 
the vocational training program. 

Therefore, the group that chose not to enroll does not provide a good 
estimate of the counterfactual. If a diff erence in incomes is observed 
between the two groups, we will not be able to determine whether it comes 
from the training program or from the underlying diff erences in motivation 
and other factors that exist between the two groups. The fact that less-
motivated individuals chose not to enroll in the training program therefore 
leads to a bias in our assessment of the program’s impact.2 This bias is called 
“selection bias.” In this case, if the young people who enrolled would have 
had higher incomes even in the absence of the program, the selection bias 
would be positive; in other words, we would overestimate the impact of the 
vocational training program on incomes.

Comparing Units that Chose to Enroll in the Health Insurance 

Subsidy Program with Those that Chose Not to Enroll

Having thought through the before-after comparison a bit further with your 
evaluation team, you realize that there are still many time-varying factors 

Key Concept:
Selection bias occurs 
when the reasons for 
which an individual 
participates in a 
program are correlated 
with outcomes. This 
bias commonly occurs 
when the comparison 
group is ineligible for 
the program or decides 
not to participate in it.
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that can explain part of the change in health expenditures over time (in par-
ticular, the minister of fi nance is concerned that the recent fi nancial crisis 
may have aff ected households’ health expenditures and may explain the 
observed change). Another consultant suggests that it would be more appro-
priate to estimate the counterfactual in the postintervention period, that is, 
2 years after the program started. The consultant correctly notes that of the 
4,959 households in the baseline sample, only 2,907 actually enrolled in the 
program, and so approximately 41 percent of the households in the sample 
remain without the HISP coverage. The consultant argues that households 
within the same locality would be exposed to the same supply-side health 
interventions and the same local economic conditions, so that the postinter-
vention outcomes of the nonenrolled group would help to control for many 
of the environmental factors that aff ect both enrolled and nonenrolled 
households.

You therefore decide to calculate average health expenditures in the 
postintervention period for both the households that enrolled in the pro-
gram and the households that did not, producing the observations shown 
in table 3.3.

Using the average health expenditures of the nonenrolled households as 
the estimate of the counterfactual, you fi nd that the program has reduced 
average health expenditures by approximately $14. When discussing this 
result further with the consultant, you raise the question of whether the 
households that chose not to enroll in the program may be systematically 
diff erent from the ones that did enroll. For example, the households that 
signed up for the HISP may be ones that expected to have higher health 
expenditures, or people who were better informed about the program, or 
people who care more for the health of their families. Alternatively, perhaps 
the households that enrolled were poorer, on average, than those who did 
not enroll, given that the HISP is targeted to poor households. Your consul-
tant assures you that regression analysis can control for the potential diff er-
ences between the two groups. Controlling for all household characteristics 
that are in the data set, the consultant estimates the impact of the program 
as shown in table 3.4.

Table 3.3   Case 2—HISP Impact Using Enrolled-Nonenrolled 

(Comparison of Means)

Enrolled Nonenrolled Difference t-stat

Household health expenditures 7.8 21.8 −13.9 −39.5

Source: Authors.
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Table 3.4   Case 2—HISP Impact Using Enrolled-Nonenrolled 

(Regression Analysis)

 Linear regression Multivariate linear regression

Estimated impact on 
household health 
expenditures

−13.9**
(0.35)

−9.4**
(0.32)

Source: Authors.

Note: Standard errors are in parentheses.

** Signifi cant at the 1 percent level.

With a simple linear regression of health expenditures on an indicator 
variable for whether or not a household enrolled in the program, you fi nd an 
estimated impact of minus $13.90; in other words, you estimate that the pro-
gram has decreased average health expenditures by $13.90. However, when 
all other characteristics of the sample population are held constant, you 
estimate that the program has reduced the expenditures of the enrolled 
households by $9.40 per year.

QUESTION 2

A. Based on these results from case 2, should the HISP be scaled up nationally?
B. Does this analysis likely control for all the factors that determine differences in 

health expenditures between the two groups?

Notes

1. Note that we are assuming zero sample attrition over 2 years, that is, no 
households will have left the sample. This is not a realistic assumption for 
most household surveys. In practice, families who move sometimes cannot be 
tracked to their new location, and some households break up and cease to exist 
altogether.

2. As another example, if youth who anticipate benefi ting considerably from 
the training scheme are also more likely to enroll (for example, because they 
anticipate higher wages with training), then we will be comparing a group of 
individuals who anticipated higher income with a group of individuals who did 
not anticipate higher income.
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CHAPTER 4

Having discussed two approaches to constructing counterfactuals that are 
commonly used but have a high risk of bias—before-and-after comparisons 
and with-and-without comparisons—we now turn to a set of methods that 
can be applied to estimate program impacts more accurately. As we will see, 
however, such estimation is not always as straightforward as it might seem 
at fi rst glance. Most programs are designed and implemented in a complex 
and changing environment, in which many factors can infl uence outcomes 
both for program participants and for those who do not participate. 
Droughts, earthquakes, recessions, changes in government, and changes in 
international and local policies are all part of the real world, and as evalua-
tors, we want to make sure that the estimated impact of our program remains 
valid despite these myriad factors. 

As we will see throughout this part of the book, a program’s rules for 
enrolling participants will be the key parameter for selecting the impact 
evaluation method. We believe that in most cases the evaluation methods 
should try to fi t within the context of a program’s operational rules (with a 
few tweaks here and there) and not the other way around. However, we also 
start from the premise that all social programs should have fair and transpar-
ent rules for program assignment. One of the fairest and most transparent 
rules for allocating scarce resources among equally deserving populations 
turns out to be giving everyone who is eligible an equal opportunity to par-
ticipate in the program. One way to do that is simply to run a lottery. In this 
chapter, we will examine several randomized selection methods; these are 
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akin to running lotteries that decide who enters a program at a given time 
and who does not. These randomized selection methods not only provide 
program administrators with a fair and transparent rule for allocating scarce 
resources among equally deserving populations, but also represent the stron-
gest methods for evaluating the impact of a program. 

Randomized selection methods can often be derived from a program’s 
operational rules. For many programs, the population of intended partici-
pants—that is, the set of all units that the program would like to serve—is 
larger than the number of participants that the program can actually accom-
modate at a given time. For example, in a single year an education program 
may provide school materials and an upgraded curriculum to 500 schools 
out of thousands of eligible schools in the country. Or a youth employment 
program may have a goal of reaching 2,000 unemployed youths within its 
fi rst year of operation, although there are tens of thousands of unemployed 
young people that the program ultimately would like to serve. For any of a 
variety of reasons, programs may be unable to reach the entire population of 
interest. Budgetary constraints may simply prevent the administrators from 
off ering the program to all eligible units from the beginning. Even if budgets 
are available to cover an unlimited number of participants, capacity con-
straints will sometimes prevent a program from rolling out to everyone at 
the same time. In the youth employment training program example, the 
number of unemployed youth who want vocational training may be greater 
than the number of slots available in technical colleges during the fi rst year 
of the program, and that may limit the number who can enroll.

In reality, most programs have budgetary or operational capacity con-
straints that prevent reaching every intended participant at the same 
moment. In this context, where the population of eligible participants is 
larger than the number of program places available, program administrators 
must defi ne a rationing mechanism to allocate the program’s services. In 
other words, someone must make a decision about who will enter the pro-
gram and who will not. The program could be assigned on a fi rst-come-fi rst-
served basis, or based on observed characteristics (for example, women and 
children fi rst, or the poorest municipalities fi rst); or selection could be based 
on unobserved characteristics (for example, letting individuals sign up 
based on their own motivation and knowledge), or even on a lottery. 

Randomized Assignment of the Treatment

When a program is assigned at random over a large eligible population, we 
can generate a robust estimate of the counterfactual, considered the gold 
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standard of impact evaluation. Randomized assignment of treatment essen-
tially uses a lottery to decide who among the equally eligible population 
receives the program and who does not.1 Every eligible unit of treatment 
(for example, an individual, household, community, school, hospital, or 
other) has an equal probability of selection for treatment.2 

Before we discuss how to implement randomized assignment in practice 
and why it generates a strong counterfactual, let us take a few moments to 
consider why randomized assignment is also a fair and transparent way to 
assign scarce program services. Once a target population has been defi ned 
(say, households below the poverty line, or children under the age of 5, or 
schools in rural areas), randomized assignment is a fair allocation rule 
because it allows program managers to ensure that every eligible person or 
unit has the same chance of receiving the program and that the program is 
not assigned using arbitrary or subjective criteria, or even through patron-
age or other unfair practices. When excess demand for a program exists, 
randomized assignment is a rule that can be easily explained by program 
managers and easily understood by key constituents. When the selection 
process is conducted through an open and replicable process, the random-
ized assignment rule cannot easily be manipulated, and therefore it shields 
program managers from potential accusations of favoritism or corruption. 
Randomized assignment thus has its own merits as a rationing mechanism 
that go well beyond its utility as an impact evaluation tool. In fact, we have 
come across a number of programs that routinely use lotteries as a way to 
select participants from the pool of eligible individuals, primarily because of 
their advantages for administration and governance.3 

Why Does Randomized Assignment Produce an Excellent 

Estimate of the Counterfactual?

As discussed previously, the ideal comparison group will be as similar as 
possible to the treatment group in all respects, except with respect to its 
enrollment in the program that is being evaluated. The key is that when we 
randomly select units to assign them to the treatment and comparison 
groups, that randomized assignment process in itself will produce two 
groups that have a high probability of being statistically identical, as long as 
the number of potential participants to which we apply the randomized 
assignment process is suffi  ciently large. Specifi cally, with a large enough 
number of observations, the randomized assignment process will produce 
groups that have statistically equivalent averages for all their characteristics. 
In turn, those averages also tend toward the average of the population from 
which they are drawn.4 
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Figure 4.1 illustrates why randomized assignment produces a compari-
son group that is statistically equivalent to the treatment group. Suppose the 
population of eligible units (the potential participants) consists of 1,000 
people, of whom half are randomly selected and assigned to the treatment 
group and the other half to the comparison group. For example, one could 
imagine writing the names of all 1,000 people on individual pieces of paper, 
mixing them up in a bowl, and then asking someone to blindly draw out 500 
names. If it was determined that the fi rst 500 names would constitute the 
treatment group, then you would have a randomly assigned treatment group 
(the fi rst 500 names drawn), and a randomly assigned comparison group 
(the 500 names left in the bowl).

Now assume that of the original 1,000 people, 40 percent were women. 
Because the names were selected at random, of the 500 names drawn from 
the bowl, approximately 40 percent will also be women. If among the 1,000 
people, 20 percent had blue eyes, then approximately 20 percent of both the 
treatment and the comparison groups should have blue eyes, too. In general, 
if the population of eligible units is large enough, then any characteristic of 
the population will fl ow through to both the treatment group and the com-
parison groups. We can imagine that if observed characteristics such as 
sex or the color of a person’s eyes fl ow through to both the treatment and 
the comparison group, then logically characteristics that are more diffi  cult 
to observe (unobserved variables), such as motivation, preferences, or 
other diffi  cult-to-measure personality traits, would also fl ow through 
equally to both the treatment and the comparison groups. Thus, treatment 
and comparison groups that are generated through randomized assign-
ment will be similar not only in their observed characteristics but also in 

 Figure 4.1 Characteristics of Groups under Randomized Assignment 

of Treatment

Source: Authors.
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their unobserved characteristics. For example, you may not be able to 
observe or measure how “nice” people are, but you know that if 20 percent 
of the people in the population of eligible units are nice, then approximately 
20 percent of the people in the treatment group will be nice, and the same 
will be true of the comparison group. Randomized assignment will help 
guarantee that, on average, the treatment and comparison groups are simi-
lar in every way, in both observed and unobserved characteristics. 

When an evaluation uses randomized assignment to treatment and com-
parison groups, we know that theoretically the process should produce two 
groups that are equivalent. With baseline data on our evaluation sample, we 
can test this assumption empirically and verify that in fact there are no sys-
tematic diff erences in observed characteristics between the treatment and 
comparison groups before the program starts. Then, after we launch the 
program, if we observe diff erences in outcomes between the treatment and 
comparison groups, we will know that those diff erences can be explained 
only by the introduction of the program, since by construction the two 
groups were identical at baseline and are exposed to the same external envi-
ronmental factors over time. In this sense, the comparison group controls 
for all factors that might also explain the outcome of interest. We can be 
very confi dent that our estimated average impact, given as the diff erence 
between the outcome under treatment (the mean outcome of the randomly 
assigned treatment group), and our estimate of the counterfactual (the 
mean outcome of the randomly assigned comparison group) constitute the 
true impact of the program, since by construction we have eliminated all 
observed and unobserved factors that might otherwise plausibly explain the 
diff erence in outcomes. 

In fi gure 4.1 it is assumed that all units in the eligible population would 
be assigned to either the treatment or the comparison group. In some 
cases, however, it is not necessary to include all of them in the evaluation. 
For example, if the population of eligible units includes a million mothers, 
and you want to evaluate the eff ectiveness of cash bonuses on the proba-
bility of their vaccinating their children, it may be suffi  cient to take a rep-
resentative sample of, say, 1,000 mothers and assign those 1,000 to either 
the treatment or the comparison group. Figure 4.2 illustrates this process. 
By the same logic explained above, taking a random sample from the pop-
ulation of eligible units to form the evaluation sample preserves the char-
acteristics of the population of eligible units. The random selection of the 
treatment and comparison groups from the evaluation sample again pre-
serves the characteristics.
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External and Internal Validity

The steps outlined above for randomized assignment of treatment will 
ensure both the internal and the external validity of the impact evaluation, 
as long as the evaluation sample is large enough (fi gure 4.2). 

Internal validity means that the estimated impact of the program is net of 
all other potential confounding factors, or that the comparison group repre-
sents the true counterfactual, so that we are estimating the true impact of 
the program. Remember that randomized assignment produces a compari-
son group that is statistically equivalent to the treatment group at baseline, 
before the program starts. Once the program starts, the comparison group is 
exposed to the same set of external factors over time, the only exception 
being the program. Therefore, if any diff erences in outcomes appear 
between the treatment and comparison groups, they can only be due to the 
existence of the program in the comparison group. In other words, the 
internal validity of an impact evaluation is ensured through the process of 
randomized assignment of treatment. 

External validity means that the impact estimated in the evaluation 
sample can be generalized to the population of all eligible units. For this 
to be possible, the evaluation sample must be representative of the popu-
lation of eligible units; in practice, it means that the evaluation sample 
must be selected from the population by using one of several variations 
of random sampling.5

Note that we have brought up two diff erent types of randomization: one 
for the purpose of sampling (for external validity) and one as an impact eval-

Key Concept:
An evaluation is 
externally valid if the 
evaluation sample 
accurately represents 
the population of 
eligible units. The 
results are then 
generalizable to the 
population of eligible 
units.

Figure 4.2 Random Sampling and Randomized Assignment of Treatment

Source: Authors.
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uation method (for internal validity). An impact evaluation can produce 
internally valid estimates of impact through randomized assignment of 
treatment; however, if the evaluation is performed on a nonrandom sample 
of the population, the estimated impacts may not be generalizable to the 
population of eligible units. Conversely, if the evaluation uses a random 
sample of the population of eligible units, but treatment is not assigned in a 
randomized way, then the sample would be representative, but the com-
parison group may not be valid.

When Can Randomized Assignment Be Used?

In practice, randomized assignment should be considered whenever a pro-
gram is oversubscribed, that is, when the number of potential participants is 
larger than the number of program spaces available at a given time and the 
program needs to be phased in. Some circumstances also merit randomized 
assignment as an evaluation tool even if program resources are not limited. 
For example, governments may want to use randomized assignment to test 
new or potentially costly programs whose intended and unintended conse-
quences are unknown. In this context, randomized assignment is justifi ed 
during a pilot evaluation period to rigorously test the eff ects of the program 
before it is rolled out to a larger population. 

Two scenarios commonly occur in which randomized assignment is fea-
sible as an impact evaluation method:

1. When the eligible population is greater than the number of program spaces 
available. When the demand for a program exceeds the supply, a simple 
lottery can be used to select the treatment group within the eligible pop-
ulation. In this context, every unit in the population receives an equal 
chance of being selected for the program. The group that wins the lottery 
is the treatment group, and the rest of the population that is not off ered 
the program is the comparison group. As long as a resource constraint 
exists that prevents scaling the program up to the entire population, the 
comparison groups can be maintained to measure the short-, medium-, 
and long-term impacts of the program. In this context, no ethical dilem-
ma arises from holding a comparison group indefi nitely, since a subset of 
the population will necessarily be left out of the program.

 As an example, suppose the ministry of education wants to provide 
school libraries to public schools throughout the country, but the minis-
try of fi nance budgets only enough funds to cover one-third of them. If 
the ministry of education wants each public school to have an equal 
chance of receiving a library, it would run a lottery in which each school 
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has the same chance (1 in 3) of being selected. Schools that win the lottery 
receive a new library and constitute the treatment group, and the remain-
ing two-thirds of public schools in the country are not off ered the library 
and serve as the comparison group. Unless additional funds are allocated 
to the library program, a group of schools will remain that do not have 
funding for libraries through the program, and they can be used as a com-
parison group to measure the counterfactual.

2. When a program needs to be gradually phased in until it covers the entire 
eligible population. When a program is phased in, randomization of the 
order in which participants receive the program gives each eligible unit 
the same chance of receiving treatment in the fi rst phase or in a later 
phase of the program. As long as the “last” group has not yet been phased 
into the program, it serves as a valid comparison group from which we 
can estimate the counterfactual for the groups that have already been 
phased in. 

 For example, suppose that the ministry of health wants to train all 
15,000 nurses in the country to use a new health protocol but needs 
three years to train them all. In the context of an impact evaluation, the 
ministry could randomly select one-third of the nurses to receive train-
ing in the fi rst year, one-third to receive training in the second year, and 
one-third to receive training in the third year. To evaluate the eff ect of the 
training program one year after its implementation, the group of nurses 
trained in year 1 would constitute the treatment group, and the group of 
nurses randomly assigned to training in year 3 would be the comparison 
group, since they would not yet have received the training. 

How Do You Randomly Assign Treatment?

Now that we have discussed what randomized assignment does and why 
it produces a good comparison group, we will turn to the steps in success-
fully assigning treatment in a randomized way. Figure 4.3 illustrates this 
process. 

Step 1 in randomized assignment is to defi ne the units that are eligible for 
the program. Depending on the particular program, a unit can be a person, a 
health center, a school, or even an entire village or municipality. The popu-
lation of eligible units consists of those for which you are interested in 
knowing the impact of your program. For example, if you are implementing 
a training program for primary school teachers in rural areas, then second-
ary school teachers or primary school teachers in urban areas would not 
belong to your population of eligible units.
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Once you have determined the population of eligible units, it will be nec-
essary to compare the size of the group with the number of observations 
required for the evaluation. This number is determined through power cal-
culations and is based on the types of questions you would like answered (see 
chapter 11). 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. Note that 
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 population of eligible units, then you will not 
need to draw a separate evaluation sample. However, imagine an evaluation 
in which the population of eligible units includes tens of thousands of teach-
ers in every public school in the country, and you need to collect detailed 
information on teacher pedagogical knowledge. Interviewing each and every 
teacher may not be practically feasible, but you may fi nd that it is suffi  cient to 
take a sample of 1,000 teachers distributed over 100 schools. As long as the 
sample of schools and teachers is representative of the whole population of 
public school teachers, any results found in the evaluation can be generalized 
to the rest of the teachers and public schools in the country. Collecting data 

Figure 4.3 Steps in Randomized Assignment to Treatment

Source: Authors.
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on this sample of 1,000 teachers will of course be much cheaper than collect-
ing data on every teacher in all public schools in the country.

Finally, step 3 will be forming the treatment and comparison groups 
among the units in the evaluation sample. This requires that you fi rst decide 
on a rule for how to assign participants based on random numbers. For 
example, if you need to assign 40 out of 100 units from the evaluation sam-
ple to the treatment group, you may decide to assign those 40 units with the 
highest random numbers to the treatment group and the rest to the com-
parison group. You then assign a random number to each unit of observation 
in the evaluation sample, using a spreadsheet or specialized statistical soft-
ware (fi gure 4.4), and use your previously chosen rule to form the treatment 
and comparison groups. Note that it is important to decide on the rule before 
you run the software that gives units their random numbers; otherwise, you 
may be tempted to decide on a rule based on the random numbers you see, 
and that would invalidate the randomized assignment. 

The logic behind the automated process is no diff erent from randomized 
assignment based on a coin toss or picking names out of a hat: it is a mecha-
nism that determines randomly whether each unit is in the treatment or the 

Figure 4.4 Randomized Assignment to Treatment Using a Spreadsheet

Source: Authors.
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comparison group. In cases where randomized assignment needs to be done 
in a public forum, some more “artisanal” techniques for randomized assign-
ment might be used. The following examples assume that the unit of ran-
domization is an individual person:

1. If you want to assign 50 percent of individuals to the treatment group and 
50 percent to the comparison group, fl ip a coin for each person. You must 
decide in advance whether heads or tails on the coin will assign a person 
to the treatment group.

2. If you want to assign one-third of the evaluation sample to the treat-
ment group, you can roll dice for each person. First, you must decide on 
a rule. For example, a thrown die that shows a 1 or a 2 could mean an 
assignment to the treatment group, whereas a 3, 4, 5, or 6 would mean 
an assignment to the comparison group. You would roll the die once for 
each person in the evaluation sample and assign them based on the 
number that comes up.

3. Write the names of all of the people on pieces of paper of identical size 
and shape. Fold the papers so that the names cannot be seen, and mix 
them thoroughly in a hat or some other container. Before you start 
drawing, decide on your rule, that is, how many pieces of paper you will 
draw and that one’s name being drawn means being assigned to the 
treatment group. Once the rule is clear, ask someone in the crowd 
(someone unbiased, such as a child) to draw out as many pieces of pa-
per as you need participants in the treatment group.

Whether you use a public lottery, a roll of dice, or computer-generated ran-
dom numbers, it is important to document the process to ensure that it is 
transparent. That means, fi rst, that the assignment rule has to be decided in 
advance and communicated to any members of the public. Second, you must 
stick to the rule once you draw the random numbers; and third, you must be 
able to show that the process was really random. In the cases of lotteries and 
throwing dice, you could videotape the process; computer-based assign-
ment of random numbers requires that you provide a log of your computa-
tions, so that the process can be replicated by auditors.6

At What Level Do You Perform Randomized Assignment?

Randomized assignment can be done at the individual, household, com-
munity, or regional level. In general, the level at which we randomly 
assign units to treatment and comparison groups will be greatly aff ected 
by where and how the program is being implemented. For example, if a 
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health program is being implemented at the health clinic level, you 
would fi rst choose a random sample of health clinics and then randomly 
assign some of them to the treatment group and others to the compari-
son group. 

When the level of the randomized assignment is higher, for example, at 
the level of regions or provinces in a country, it can become very diffi  cult to 
perform an impact evaluation because the number of regions or provinces 
in most countries is not suffi  ciently large to yield balanced treatment and 
comparison groups. For example, if a country has only six provinces, that 
would permit only three treatment and three comparison provinces, num-
bers that are insuffi  cient to ensure that the characteristics of the treatment 
and comparison groups are balanced. 

But as the level of randomized assignment gets lower, for example, 
down to the individual or household level, the chances of spillovers and 
contamination increase.7 For example, if the program consists of providing 
deworming medicine to households, and a household in the treatment 
group is located close to a household in the comparison group, then the 
comparison household may be positively aff ected by a spillover from the 
treatment provided to the treatment household because its chances of 
contracting worms from the neighbors will be reduced. Treatment and 
comparison households need to be located suffi  ciently far from each other 
to avoid such spillovers. Yet, as the distance between the households 
increases, it will become more costly both to implement the program and 
to administer surveys. As a rule of thumb, if spillovers can be reasonably 
ruled out, it is best to perform randomized assignment of the treatment at 
the lowest possible level of program implementation; that will ensure that 
the number of units in both the treatment and comparison groups is as 
large as possible. Spillovers are discussed in chapter 8.

Estimating Impact under Randomized Assignment

Once you have drawn a random evaluation sample and assigned treatment 
in a randomized fashion, it is quite easy to estimate the impact of the pro-
gram. After the program has run for some time, outcomes for both the treat-
ment and comparison units will need to be measured. The impact of the 
program is simply the diff erence between the average outcome (Y) for the 
treatment group and the average outcome (Y) for the comparison group. For 
instance, in fi gure 4.5, average outcome for the treatment group is 100, and 
average outcome for the comparison group is 80, so that the impact of the 
program is 20.
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Estimating the Impact of the Health Insurance Subsidy Program 

under Randomized Assignment

Let us now turn back to the example of the health insurance subsidy pro-
gram (HISP) and check what “randomized assignment” means in its con-
text. Recall that you are trying to estimate the impact of the program from a 
pilot that involves 100 treatment villages.

Having conducted two impact assessments using potentially biased 
counterfactuals (and having reached confl icting policy recommendations; 
see chapter 3), you decide to go back to the drawing board to rethink how to 
obtain a more precise counterfactual. After further deliberations with your 
evaluation team, you are convinced that constructing a valid estimate of the 
counterfactual will require identifying a group of villages that are identical 
to the 100 treatment villages in all respects, with the only exception being 
that one group took part in the HISP and the other did not. Because the 
HISP was rolled out as a pilot, and the 100 treatment villages were selected 
randomly from among all of the rural villages in the country, you note that 
the villages should, on average, have the same characteristics as the general 
population of rural villages. The counterfactual can therefore be estimated 
in a valid way by measuring the health expenditures of eligible households 
in villages that did not take part in the program. 

Luckily, at the time of the baseline and follow-up surveys, the survey 
fi rm collected data on an additional 100 rural villages that were not off ered 
the program in the fi rst round. Those 100 additional villages were also 
randomly chosen from the population of eligible villages, which means 
that they too will, on average, have the same characteristics as the general 
population of rural villages. Thus, the way that the two groups of villages 
were chosen ensures that they have identical characteristics, except that 
the 100 treatment villages received the HISP and the 100 comparison vil-
lages did not. Randomized assignment of the treatment has occurred.  

Figure 4.5 Estimating Impact under Randomized Assignment

Source: Authors.

Treatment Comparison Impact

Average (Y ) for the treatment
group = 100

Average (Y ) for the comparison
group = 80

Impact = ΔY  = 20

Enroll if, and
only if, assigned
to the treatment
group
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Given randomized assignment of the treatment, you are quite confi dent 
that no external factors other than the HISP would explain any diff erences 
in outcomes between the treatment and comparison villages. To validate 
this assumption, you test whether eligible households in the treatment and 
comparison villages have similar characteristics at the baseline as shown in 
table 4.1.

You observe that the average characteristics of households in the treat-
ment and comparison villages are in fact very similar. The only statistically 
signifi cant diff erence is for the number of years of education of the spouse, 
and that diff erence is small. Note that even with a randomized experiment 
on a large sample, a small number of diff erences can be expected.8 With the 
validity of the comparison group established, your estimate of the counter-
factual is now the average health expenditures of eligible households in the 
100 comparison villages (table 4.2). 

Table 4.1 Case 3—Balance between Treatment and Comparison Villages 

at Baseline

Household 

characteristics

Treatment

villages

(N = 2964)

Comparison 

villages

(N = 2664) Difference t-stat

Health expenditures 
($ yearly per capita) 14.48 14.57 −0.09 −0.39

Head of household’s 
age (years) 41.6 42.3 −0.7 −1.2

Spouse’s age (years) 36.8 36.8 0.0 0.38

Head of household’s 
education (years) 2.9 2.8 0.1 2.16*

Spouse’s education 
(years) 2.7 2.6 0.1 0.006

Head of household 
is female = 1 0.07 0.07 −0.0 −0.66

Indigenous = 1 0.42 0.42 0.0 0.21

Number of household 
members 5.7 5.7 0.0 1.21

Has bathroom = 1 0.57 0.56 0.01 1.04

Hectares of land 1.67 1.71 −0.04 −1.35

Distance to 
hospital (km) 109 106 3 1.02

Source: Authors’ calculation.

* Signifi cant at the 5 percent level.
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Table 4.2 Case 3—HISP Impact Using Randomized Assignment 

(Comparison of Means)

Treatment Comparison Difference t-stat

Household health 
expenditures baseline 14.48 14.57 −0.09 −0.39

Household health 
expenditures follow-up 7.8 17.9 −10.1** −25.6

Source: Authors’ calculation.

** Signifi cant at the 1 percent level.

Given that you now have a valid estimate of the counterfactual, you can 
fi nd the impact of the HISP simply by taking the diff erence between the out-
of-pocket health expenditures of eligible households in the treatment vil-
lages and the estimate of the counterfactual. The impact is a reduction of 
$10.10 over two years. Replicating this result through regression analysis 
yields the same result, as shown in table 4.3. 

With randomized assignment, we can be confi dent that no factors are 
present that are systematically diff erent between the treatment and com-
parison groups that might also explain the diff erence in health expendi-
tures. Both sets of villages have been exposed to the same set of national 
policies and programs during the two years of treatment. Thus, the most 
plausible reason that poor households in treatment communities have 
lower expenditures than households in comparison villages is that the fi rst 
group received the health insurance program and the other group did not.

QUESTION 3

A. Why is the impact estimate derived using a multivariate linear regression basically 
unchanged when controlling for other factors?

B. Based on the impact estimated in case 3, should the HISP be scaled up nationally?

Table 4.3 Case 3—HISP Impact Using Randomized Assignment 

(Regression Analysis)

Linear 

regression Multivariate linear regression

Estimated impact on 
household health 
expenditures

−10.1**
(0.39)

−10.0**
(0.34)

Source: Authors’ calculation.

Note: Standard errors are in parentheses.

** Signifi cant at the 1 percent level.
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Randomized Assignment at Work

Randomized assignment is often used in rigorous impact evaluation work, 
both in large-scale evaluations and in smaller ones. The evaluation of the 
Mexico Progresa program (Schultz 2004) is one of the most well-known, 
large-scale evaluations using randomized assignment (box 4.1). 

Two Variations on Randomized Assignment 

We now consider two variations that draw on many of the properties of ran-
domized assignment: randomized off ering of treatment and randomized 
promotion of treatment.

Box 4.1: Conditional Cash Transfers and Education in Mexico

The Progresa program, now called “Oportuni-
dades,” began in 1998 and provides cash 
transfers to poor mothers in rural Mexico con-
ditional on their children’s enrollment in school, 
with their attendance confi rmed by the 
teacher. This large-scale social program was 
one of the fi rst to be designed with a rigorous 
evaluation in mind, and randomized assign-
ment was used to help identify the effect of 
conditional cash transfers on a number of out-
comes, in particular school enrollment.

The grants, for children in grades 3 through 
9, amount to about 50 percent to 75 per-
cent of the private cost of schooling and 
are guaranteed for three years. The com-
munities and households eligible for the 
program were determined based on a pov-
erty index created from census data and 
baseline data collection. Because of a need 

to phase in the large-scale social program, 
about two-thirds of the localities (314 out of 
495) were randomly selected to receive the 
program in the fi rst two years, and the re-
maining 181 served as a control group be-
fore entering the program in the third year.

Based on the randomized assignment, 
Schultz (2004) found an average increase 
in enrollment of 3.4 percent for all students 
in grades 1–8, with the largest increase 
among girls who had completed grade 6, at 
14.8 percent.a The likely reason is that girls 
tend to drop out of school at greater rates as 
they get older, and so they were given a 
slightly larger transfer to stay in school past 
the primary grade levels. These short-run im-
pacts were then extrapolated to predict the 
longer-term impact of the Progresa program 
on lifetime schooling and earnings. 

Source: Schultz 2004.

a.  To be precise, Schultz combined randomized assignment with difference-in-difference methods. Chapter 8 
discusses the benefi ts of combining various impact evaluation methodologies.
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Randomized Offering: When Not Everyone Complies with Their 

Assignment

In the earlier, discussion of randomized assignment, we have assumed that 
the program administrator has the power to assign units to treatment and 
comparison groups, with those assigned to the treatment taking the pro-
gram and those assigned to the comparison group not taking the program. 
In other words, units that were assigned to the treatment and comparison 
groups complied with their assignment. Full compliance is more frequently 
attained in laboratory settings or medical trials, where the researcher can 
carefully make sure, fi rst, that all subjects in the treatment group take the 
pill, and second, that none of the subjects in the comparison group take it.9

In real-life social programs, full compliance with a program’s selection 
criteria (and hence, adherence to treatment or comparison status) is opti-
mal, and policy makers and impact evaluators alike strive to come as close to 
that ideal as possible. In practice, however, strict 100 percent compliance to 
treatment and comparison assignments may not occur, despite the best 
eff orts of the program implementer and the impact evaluator. Just because 
a teacher is assigned to the treatment group and is off ered training does not 
mean that she or he will actually show up on the fi rst day of the course. 
Similarly, a teacher who is assigned to the comparison group may fi nd a way 
to attend the course anyway. Under these circumstances, a straight com-
parison of the group originally assigned to treatment with the group origi-
nally assigned to comparison will yield the “intention-to-treat” estimate 
(ITT). The reason is that we will be comparing those whom we intended to 
treat (those assigned to the treatment group) with those whom we intended 
not to treat (those assigned to the comparison group). By itself, this is a very 
interesting and relevant measure of impact, since most policy makers and 
program managers can only off er a program and cannot force the program 
on their target population. 

But at the same time, we may also be interested in estimating the impact 
of the program on those who actually take up or accept the treatment. Doing 
that requires correcting for the fact that some of the units assigned to the 
treatment group did not actually receive the treatment, or that some of the 
units assigned to the comparison group actually did receive it. In other 
words, we want to estimate the impact of the program on those to whom 
treatment was off ered and who actually enrolled. This is the “treatment-on-
the-treated” estimate (TOT).

Randomized Offering of a Program and Final Take-Up

Imagine that you are evaluating the impact of a job training program on 
individuals’ wages. The program is randomly assigned at the individual 
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level, and the treatment group is off ered the program while the compari-
son group is not. Most likely, you will fi nd three types of individuals in the 
population:

• Enroll-if-off ered. These are the individuals who comply with their assign-
ment. If they are assigned to the treatment group (off ered the program), 
they take it up, or enroll; if they are assigned to the comparison group 
(not off ered the program), they do not enroll.

• Never. These are the individuals that never enroll in or take up the pro-
gram, even if they are assigned to the treatment group. They are noncom-
pliers in the treatment group. 

• Always. These are the individuals who will fi nd a way to enroll in the 
program or take it up, even if they are assigned to the comparison group. 
They are noncompliers in the comparison group.

In the context of the job training program, the Never group might be unmo-
tivated people who, even if off ered a place in the course, do not show up. 
The Always group, in contrast, are so motivated that they fi nd a way to enter 
the program even if they were originally assigned to the comparison group. 
The Enroll-if-off ered group are those who would enroll in the course if it is 
off ered (the treatment group) but do not seek to enroll if they are assigned 
to the comparison group.

Figure 4.6 presents the randomized off ering of the program and the fi nal 
enrollment, or take-up, when Enroll-if-off ered, Never, and Always groups 
are present. We assume that the population of units has 80 percent Enroll-
if-off ered, 10 percent Never, and 10 percent Always. If we take a random 
sample of the population for the evaluation sample, then the evaluation 
sample will also have approximately 80 percent Enroll-if-off ered, 10 percent 
Never, and 10 percent Always. Then if we randomly divide the evaluation 
sample into a treatment group and a comparison group, we should again 
have approximately 80 percent Enroll-if-off ered, 10 percent Never, and 10 
percent Always in both groups. In the group that is off ered treatment, the 
Enroll-if-off ered and Always individuals will enroll, and only the Never peo-
ple will stay away. In the group that is not off ered treatment, the Always 
will enroll, while the Enroll-if-off ered and Never groups will stay out.

Estimating Impact under Randomized Offering

Having established the diff erence between off ering a program and actual 
enrollment or take-up, we turn to a technique that can be used to estimate 
the impact of treatment on the treated, that is, the impact of the program on 
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Figure 4.6 Randomized Offering of a Program

Source: Authors.

Figure 4.7 Estimating the Impact of Treatment on the Treated under 

Randomized Offering

Source: Authors.

Note: ITT is the “intention-to-treat” estimate obtained by comparing outcomes for those to whom treat-

ment was offered with those to whom treatment was not offered (irrespective of actual enrollment). TOT 

is the “treatment-on-the-treated” estimate, i.e., the impact of the program estimated on those who were 

offered treatment and who actually enroll. Characters on shaded background are those that actually enroll.
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those who were off ered treatment and who actually enroll. This estimation 
is done in two steps, which are illustrated in fi gure 4.7.10 

First, we estimate the impact of intention to treat. Remember that this 
is just the straight diff erence in the outcome indicator (Y) for the group to 
whom we off ered treatment and the same indicator for the group to 
whom we did not off er treatment. For example, if the average income (Y) 
for the treatment group is $110, and the average income for the compari-
son group is $70, then the intention-to-treat estimate of the impact (ITT) 
would be $40. 

Second, we need to recover the treatment-on-the-treated estimate (TOT) 
from the intention-to-treat estimate. To do that, we will need to identify 
where the $40 diff erence came from. Let us proceed by elimination. First, 
we know that the diff erence cannot be caused by any diff erences between 
the Nevers in the treatment and comparison groups. The reason is that the 
Nevers never enroll in the program, so that for them, it makes no diff erence 
whether they are in the treatment group or in the comparison group. Sec-
ond, we know that the $40 diff erence cannot be caused by diff erences 
between the Always people in the treatment and comparison groups because 
the Always people always enroll in the program. For them, too, it makes no 
diff erence whether they are in the treatment group or the comparison 
group. Thus, the diff erence in outcomes between the two groups must nec-
essarily come from the eff ect of the program on the only group aff ected by 
their assignment to treatment or comparison, that is, the Enroll-if-off ered 
group. So if we can identify the Enroll-if-off ered in both groups, it will be 
easy to estimate the impact of the program on them.

In reality, although we know that these three types of individuals exist in 
the population, we cannot uniquely separate out individuals by whether 
they are Enroll-if-off ered, Never, or Always. In the group that was off ered 
treatment, we can identify the Nevers (because they have not enrolled), but 
we cannot diff erentiate between the Always and the Enroll-if-off ered 
(because both are enrolled). In the group that was not off ered treatment, we 
can identify the Always group (because they enroll in the program), but we 
cannot diff erentiate between the Nevers and the Enroll-if-off ered. 

However, once we observe that 90 percent of units in the group off ered 
treatment enroll, we can deduce that 10 percent of the units in our popula-
tion must be Nevers (that is the fraction of individuals in the group off ered 
treatment that did not enroll). In addition, if we observe that 10 percent of 
units in the group not off ered treatment enroll, we know that 10 percent are 
Always (again, the fraction of individuals in our group that was not off ered 
treatment who did enroll). This leaves 80 percent of the units in the Enroll-
if-off ered group. We know that the entire impact of $40 came from a diff er-
ence in enrollment for the 80 percent of the units in our sample who are 
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Enroll-if-off ered. Now if 80 percent of the units are responsible for an aver-
age impact of $40 for the entire group off ered treatment, then the impact on 
those 80 percent of Enroll-if-off ered must be 40/0.8, or $50. Put another way, 
the impact of the program for the Enroll-if-off ered is $50, but when this 
impact is spread across the entire group off ered treatment, the average 
eff ect is watered down by the 20 percent that was noncompliant with the 
original randomized assignment. 

Remember that one of the basic issues with self-selection into pro-
grams is that you cannot always know why some people choose to partici-
pate and others do not. When we randomly assign units to the program, 
but actual participation is voluntary or a way may exist for units in the 
comparison group to get into the program, then we have a similar prob-
lem: we will not always understand the behavioral processes that deter-
mine whether an individual behaves like a Never, an Always, or an 
Enroll-if-off ered in our example above. However, provided that the non-
compliance is not too large, the initial randomized assignment still pro-
vides a powerful tool for estimating impact. The downside of randomized 
assignment with imperfect compliance is that this impact estimate is no 
longer valid for the entire population. Instead, it applies only to a specifi c 
subgroup within our target population, the Enroll-if-off ered. 

Randomized off ering of a program has two important characteristics that 
allow us to estimate impact even without full compliance (see box 4.2):11

1. It can serve as a predictor of actual enrollment in the program if most 
people behave as Enroll-if-off ered, enrolling in the program when off ered 
treatment and not enrolling when not off ered treatment.

2. Since the two groups (off ered and not off ered treatment) are generated 
through a random selection process, the characteristics of individuals in 
the two groups are not correlated with anything else, such as ability or 
motivation, that may also aff ect the outcomes (Y).

Randomized Promotion or Encouragement Design

In the previous section, we saw how to estimate impact based on random-
ized assignment of treatment, even when compliance with the originally 
assigned treatment and comparison groups is incomplete. Next we propose 
a very similar approach that can be applied to evaluate programs that have 
universal eligibility or open enrollment or in which the program adminis-
trator cannot control who participates and who does not. 

Governments commonly implement programs for which it is diffi  cult 
either to exclude any potential participants or to force them to participate. 
Many programs allow potential participants to choose to enroll and are 
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not, therefore, able to exclude potential participants who want to enroll. 
In addition, some programs have a budget that is big enough to supply the 
program to the entire eligible population immediately, so that randomly 
choosing treatment and comparison groups and excluding potential par-
ticipants for the sake of an evaluation would not be ethical. We therefore 
need an alternative way to evaluate the impact of these kinds of programs—
those with voluntary enrollment and those with universal coverage. 

Voluntary enrollment programs typically allow individuals who are 
interested in the program to approach on their own to enroll and partici-
pate. Imagine again the job training program discussed earlier, but this time 
randomized assignment is not possible, and any individual who wishes to 
enroll in the program is free to do so. Very much in line with our previous 
example, we will expect to encounter three types of people: compliers, a 
Never group, and an Always group. As in the previous case, Always people 

Box 4.2: Randomized Offering of School Vouchers in Colombia

The Program for Extending the Coverage of 
Secondary School (Programa de Ampliación 
de Cobertura de la Educación Secundaria 
[PACES]), in Colombia, provided more than 
125,000 students with vouchers covering 
slightly over half the cost of attending pri-
vate secondary school. Because of the lim-
ited PACES budget, the vouchers were 
allocated via a lottery. Angrist et al. (2002) 
took advantage of this randomly assigned 
treatment to determine the effect of the 
voucher program on educational and social 
outcomes.  

They found that lottery winners were 
10 percent more likely to complete the 
8th grade and scored, on average, 0.2 stan-
dard deviations higher on standardized tests 
three years after the initial lottery. They also 
found that the educational effects were 
greater for girls than boys. The researchers 
then looked at the impact of the program on 
several noneducational outcomes and found 
that lottery winners were less likely to be 

married and worked about 1.2 fewer hours 
per week.  

There was some noncompliance with the 
randomized design, in that about 90 percent 
of the lottery winners had actually used the 
voucher or another form of scholarship and 
24 percent of the lottery losers had actually 
received scholarships. Angrist and colleagues 
therefore also used intent-to-treat, or a stu-
dent’s lottery win or loss status, as an in-
strumental variable for the treatment-on-
the-treated, or actual scholarship receipt. 
Finally, the researchers were able to calcu-
late a cost-benefi t analysis to better under-
stand the impact of the voucher program on 
both household and government expendi-
tures. They concluded that the total social 
costs of the program are small and are out-
weighed by the expected returns to partici-
pants and their families, thus suggesting 
that demand-side programs such as PACES 
can be a cost-effective way to increase edu-
cational attainment. 

Source: Angrist et al. 2002.
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will always enroll in the program and Never people will never enroll. But 
how about the compliers? In this context, any individual who would like to 
enroll in the program is free to do so. And what about individuals who may 
be very interested in enrolling but who, for a variety of reasons, may not 
have suffi  cient information or the right incentive to enroll? The compliers in 
this context will be precisely that group. The compliers here are those who 
enroll-if-promoted: they are a group of individuals who only enroll in the 
program if given an additional incentive, or promotion, that motivates them 
to enroll. Without this additional stimulus, the Enroll-if-promoted would 
simply remain out of the program.  

Again coming back to the job training example, if the agency that orga-
nizes the training is well funded and has suffi  cient capacity to train every-
one who wants to be trained, then the job training program will be open to 
every unemployed person who wants to participate. It is unlikely, however, 
that every unemployed person will actually want to participate or will even 
know of the existence of the program. Some unemployed people may be 
reluctant to enroll because they know very little about the content of the 
training and fi nd it hard to obtain additional information. Now assume that 
the job training agency hires a community outreach worker to go around 
town to enlist unemployed persons into the job training program. Carrying 
a list of unemployed people, she knocks on their doors, describes the train-
ing program, and off ers to help the person to enroll in the program on the 
spot. Of course, she cannot force anyone to participate. In addition, the 
unemployed persons whom the outreach worker does not visit can also 
enroll, although they will have to go to the agency themselves to do so. So we 
now have two groups of unemployed people—those who were visited by the 
outreach worker and those who were not visited. If the outreach eff ort is 
eff ective, the enrollment rate among unemployed people who were visited 
should be higher than the rate among unemployed people who were not 
visited.

Now let us think about how we can evaluate this job training program. As 
we know, we cannot just compare those unemployed people who enroll 
with those who do not enroll. The reason is that the unemployed who enroll 
are probably very diff erent from those who do not enroll in both observed 
and nonobserved ways: they may be more educated (this can be observed 
easily), and they are probably more motivated and eager to fi nd a job (this is 
hard to observe and measure). 

However, we do have some additional variation that we can exploit to 
fi nd a valid comparison group. Let us consider for a moment whether we 
can compare the group that was visited by the outreach worker with the 
group that was not visited. Both groups contain very motivated persons 
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(Always) who will enroll whether or not the outreach worker knocks on 
their door. Both groups also contain unmotivated persons (Never) who will 
not enroll in the program despite the eff orts of the outreach worker. And 
fi nally, some people (Enroll-if-promoted) will enroll in the training if the 
outreach worker visits them but will not enroll if the worker does not come 
knocking. 

If the outreach worker randomly selected the people on her list to 
visit, we would be able to use the treatment-on-the-treated method dis-
cussed earlier. The only diff erence would be that, instead of randomly 
off ering the program, we would be randomly promoting it. As long as 
Enroll-if-promoted people (who enroll when we reach out to them but do 
not enroll when we do not reach out to them) appear, we would have a 
variation between the group with the promotion or outreach and the 
group without the promotion or outreach that would allow us to identify 
the impact of the training on the Enroll-if-promoted. Instead of complying 
with the off er of the treatment, the Enroll-if-promoted are now complying 
with the promotion. 

We want the outreach strategy to be eff ective and to increase enrollment 
substantially among the Enroll-if-promoted group. At the same time, we do 
not want the promotion activities to be so widespread and eff ective that 
they infl uence the outcome of interest. For example, if the outreach workers 
off ered large amounts of money to unemployed people to get them to enroll, 
it would be hard to tell whether any later changes in income were caused by 
the training or by the outreach or promotion itself. 

Randomized promotion is a creative strategy that generates the equiva-
lent of a comparison group for the purposes of impact evaluation. It can be 
used when it is feasible to organize a promotion campaign aimed at a ran-
dom sample of the population of interest. Readers with a background in 
econometrics may again recognize the terminology introduced in the previ-
ous section: the randomized promotion is an instrumental variable that 
allows us to create variation between units and exploit that variation to cre-
ate a valid comparison group.

You Said “Promotion”?

Randomized promotion seeks to increase the take-up of a voluntary pro-
gram in a subsample of the population. It can take several forms. For 
instance, we may choose to initiate an information campaign to reach those 
individuals who had not enrolled because they did not know or fully under-
stand the content of the program. Alternatively, we may choose to provide 
incentives to sign up, such as off ering small gifts or prizes or making trans-
portation or other help available. 
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A number of conditions must be met for the randomized promotion 
methodology to produce a valid impact evaluation. 

1. The promoted and nonpromoted groups must be comparable. The char-
acteristics of the two groups must be similar. This is achieved by ran-
domly assigning the outreach or promotion activities among the units in 
the evaluation sample. 

2. The promotion campaign must increase enrollment by those in the pro-
moted group substantially above the rate of the nonpromoted group. This 
can be verifi ed by checking that enrollment rates are higher in the group 
that receives the promotion than in the group that does not. 

3. It is important that the promotion itself does not directly aff ect the out-
comes of interest, so that we can tell that changes in the outcomes of in-
terest are caused by the program itself and not by the promotion.

The Randomized Promotion Process

The process of randomized promotion is presented in fi gure 4.8. As in the 
previous methods, we begin with the population of eligible units for the pro-
gram. In contrast with randomized assignment, we can no longer randomly 
choose who will receive the program and who will not receive the program 
because the program is fully voluntary. However, within the population of 
eligible units, there will be three types of units: 

• Always—those who will always want to enroll in the program

• Enroll-if-promoted—those who will sign up for the program only when 
given additional promotion

• Never—those who never want to sign up for the program, whether or not 
we off er them promotion

Again, note that being an Always, an Enroll-if-promoted, or a Never is an 
intrinsic characteristic of units that cannot be measured by the program 
evaluator because it is related to factors such as intrinsic motivation and 
intelligence. 

Once the eligible population is defi ned, the next step is to randomly select 
a sample from the population to be part of the evaluation. These are the 
units on whom we will collect data. In some cases—for example, when we 
have data for the entire population of eligible units—we may decide to 
include this entire population in the evaluation sample. 

Key Concept:
Randomized promotion 
is a method similar to 
randomized offering. 
Instead of randomly 
selecting units to 
whom we offer the 
treatment, we 
randomly select units 
to whom we promote 
the treatment. In this 
way, we can leave the 
program open to every 
unit.
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Once the evaluation sample is defi ned, randomized promotion randomly 
assigns the evaluation sample into a promoted group and a nonpromoted 
group. Since we are randomly choosing the members of both the promoted 
group and the nonpromoted group, both groups will share the characteris-
tics of the overall evaluation sample, and those will be equivalent to the 
characteristics of the population of eligible units. Therefore, the promoted 
group and the nonpromoted group will have similar characteristics.

After the promotion campaign is over, we can observe the enrollment 
rates in the promoted and nonpromoted groups. In the nonpromoted group, 
only the Always will enroll. Although we thus will be able to know which 
units are Always in the nonpromoted group, we will not be able to distin-
guish between the Never and Enroll-if-promoted in that group. By contrast, 
in the promoted group both the Enroll-if-promoted and the Always will 
enroll, whereas the Never will not enroll. So in the promoted group we will 
be able to identify the Never group, but we will not be able to distinguish 
between the Enroll-if-promoted and the Always. 

Estimating Impact under Randomized Promotion

Estimating the impact of a program using randomized promotion is a spe-
cial case of the treatment-on-the-treated method (fi gure 4.9). Imagine that 
the promotion campaign raises enrollment from 30 percent in the nonpro-
moted group (3 Always) to 80 percent in the promoted group (3 Always and 
5 Enroll-if-promoted). Assume that average outcome for all individuals in 

Figure 4.8 Randomized Promotion

Source: Authors. 
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the nonpromoted group (10 individuals) is 70, and that average outcome for 
all individuals in the promoted group (10 individuals) is 110. Then what 
would the impact of the program be?

First, we can compute the straight diff erence between the promoted and 
the nonpromoted groups, which is 40. We also know that none of this diff er-
ence of 40 comes from the Nevers because they do not enroll in either group. 
We also know that none of this diff erence of 40 comes from the Enroll-if-
promoted because they enroll in both groups. 

The second step is to recover the impact that the program has had on 
the Enroll-if-promoted. We know the entire average eff ect of 40 can be 
attributed to the Enroll-if-promoted, who make up only 50 percent of the 
population. To assess the average eff ect of the program on a complier, we 
divide 40 by the percentage of Enroll-if-promoted in the population. 
Although we cannot directly identify the Enroll-if-promoted, we are able to 
deduce what must be their percentage of the population: it is the diff erence 
in the enrollment rates of the promoted and the nonpromoted groups 
(50 percent or 0.5). Therefore, the average impact of the program on a 
complier is 40/0.5 = 80 

Given that the promotion is assigned randomly, the promoted and non-
promoted groups have equal characteristics, on average. Thus, the diff er-
ences that we observe in average outcomes between the two groups must be 
caused by the fact that in the promoted group the Enroll-if-promoted enroll, 
while in the nonpromoted group they do not.12

Figure 4.9 Estimating Impact under Randomized Promotion

Source: Authors.

Note: Characters on shaded background are those that enroll.
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Using Randomized Promotion to Estimate the Impact of the 

Health Insurance Subsidy Program

Let us now try using the randomized promotion method to evaluate the 
impact of the HISP. Assume that the ministry of health makes an executive 
decision that the health insurance subsidy should be made available imme-
diately to any household that wants to enroll. However, you know that real-
istically this national scale-up will be incremental over time, and so you 
reach an agreement to accelerate enrollment in a random subset of villages 
through a promotion campaign. You undertake an intensive promotion 
eff ort in a random subsample of villages, including communication and 
social marketing campaigns aimed at increasing awareness of the HISP. 
After two years of promotion and program implementation, you fi nd that 
49.2 percent of households in villages that were randomly assigned to the 
promotion have enrolled in the program, while only 8.4 percent of house-
holds in nonpromoted villages have enrolled (table 4.4).

Because the promoted and nonpromoted villages were assigned at ran-
dom, you know that the average characteristics of the two groups should be 
the same in the absence of the program. You can verify that assumption by 
comparing the baseline health expenditures (as well as any other character-
istics) of the two populations. After two years of program implementation, 
you observe that the average health expenditure in the promoted villages is 
$14.9 compared with $18.8 in nonpromoted areas (a diff erence of minus 
$3.9). However, because the only diff erence between the promoted and non-
promoted villages is that promoted villages have greater enrollment in the 
program (thanks to the promotion), this diff erence of $3.9 in health expen-
ditures must be due to the 40.4 percent of households that enrolled in the 
promoted villages because of the promotion. Therefore, we need to adjust 

Table 4.4 Case 4—HISP Impact Using Randomized Promotion (Comparison 

of Means)

Promoted

villages

Nonpromoted

villages Difference t-stat

Household health 
expenditures baseline 17.1 17.2 −0.1 −0.47

Household health 
expenditures follow-up 14.9 18.8 −3.9 −18.3

Enrollment in HISP 49.2% 8.4% 40.4%

Source: Authors’ calculation.

** Signifi cant at the 1 percent level.
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the diff erence in health expenditures to be able to fi nd the impact of the 
program on the Enroll-if-promoted. To do this, we divide the straight diff er-
ence between the promoted groups by the percentage of Enroll-if-promoted: 
−3.9/0.404 = −$9.65. Your colleague, who took an econometrics class, then 
estimates the impact of the program through two-stage least squares and 
fi nds the results shown in table 4.5. This estimated impact is valid for those 
households that enrolled in the program because of the promotion but 
who otherwise would not have done so, in other words, for the Enroll-if-
promoted. To extrapolate this result for the full population, we must assume 
that all other households would have reacted in a similar way had they 
enrolled in the program. 

QUESTION 4

A. What are the basic assumptions required to accept the result from case 4?
B. Based on the result from case 4, should the HISP be scaled up nationally?

Randomized Promotion at Work

The randomized promotion method can be used in various settings. Gertler, 
Martinez, and Vivo (2008) used it to evaluate a maternal and child health 
insurance program in Argentina. Following the 2001 economic crisis, the 
government of Argentina observed that the population’s health indicators 
had started deteriorating and, in particular, that infant mortality was 
increasing. It decided to introduce a national insurance scheme for mothers 
and their children, which was to be scaled up to the entire country within a 
year. Still, government offi  cials wanted to evaluate the impact of the pro-
gram to make sure that it was really improving the health status of the popu-
lation. How could a comparison group be found if every mother and child in 
the country was entitled to enroll in the insurance scheme if they so desired? 
Data for the fi rst provinces implementing the intervention showed that only 

Table 4.5 Case 4—HISP Impact Using Randomized Promotion

(Regression Analysis)

Linear regression

Multivariate linear 

regression

Estimated impact on house-
hold health expenditures

−9.4**
(0.51)

−9.7**
(0.45)

Source: Authors’ calculation.

Note: Standard errors are in parentheses.

** Signifi cant at the 1 percent level. 
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40 percent to 50 percent of households were actually enrolling in the pro-
gram. So the government launched an intensive promotion campaign seek-
ing to inform households about the program. However, the promotion 
campaign was implemented only in a random sample of villages, not in the 
entire country. 

Other examples include assistance from nongovernmental organizations 
in a community-based school management evaluation, in Nepal, and the 
Bolivian Social Investment Fund (detailed in box 4.3).

Limitations of the Randomized Promotion Method

Randomized promotion is a useful strategy for evaluating the impact of vol-
untary programs and programs with universal eligibility, particularly 
because it does not require the exclusion of any eligible units. Nevertheless, 
the approach has some noteworthy limitations compared to randomized 
assignment of the treatment. 

First, the promotion strategy must be eff ective. If the promotion cam-
paign does not increase enrollment, then no diff erence between the pro-

Box 4.3: Promoting Education Infrastructure Investments in Bolivia

In 1991, Bolivia institutionalized and scaled 
up a successful Social Investment Fund 
(SIF) which provided fi nancing to rural com-
munities to carry out small-scale invest-
ments in education, health, and water 
infrastructure. The World Bank, which was 
helping to fi nance SIF, was able to build an 
impact evaluation into the program design. 

As part of the impact evaluation of the 
education component, communities in the 
Chaco region were randomly selected for ac-
tive promotion of the SIF intervention and 
received additional visits and encourage-
ment to apply from program staff. The pro-
gram was open to all eligible communities in 
the region and was demand driven in that 
communities had to apply for funds for a 
specifi c project. Not all communities took up 

the program, but take-up was higher among 
promoted communities. 

Newman et al. (2002) used the random-
ized promotion as an instrumental variable. 
They found that the education investments 
succeeded in improving measures of school 
infrastructure quality such as electricity, 
sanitation facilities, textbooks per student, 
and student-teacher ratios. However they 
detected little impact on educational out-
comes, except for a decrease of about 
2.5 percent in the dropout rate. As a result 
of these fi ndings, the ministry of education 
and the SIF now focus more attention and 
resources on the “software” of education, 
funding physical infrastructure improve-
ments only when they form part of an inte-
grated intervention. 

Source: Newman et al. 2002.
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moted and the nonpromoted groups will appear, and there will be nothing 
to compare. It is thus crucial to pilot the promotion campaign extensively to 
make sure that it will be eff ective. On the positive side, the design of the 
promotion campaign can help program managers by teaching them how to 
increase enrollment. 

Second, the methodology estimates the impact of the program only for a 
subset of the population of eligible units. Specifi cally, the program’s average 
impact is computed from the group of individuals who sign up for the pro-
gram only when encouraged to do so. However, individuals in this group 
may have very diff erent characteristics than those individuals who always 
or never enroll, and therefore the average treatment eff ect for the entire 
population may be diff erent from the average treatment eff ect estimated for 
individuals who participate only when encouraged.

Notes

 1. Randomized assignment of treatment is also commonly referred to as “ran-
domized control trials,” “randomized evaluations,” “experimental evaluations,” 
and “social experiments,” among other terms.

 2. Note that this probability does not necessarily mean a 50-50 chance of winning 
the lottery. In fact, most randomized assignment evaluations will give each 
eligible unit a probability of selection that is determined so that the number 
of winners (treatments) equals the total available number of benefi ts. For 
example, if a program has enough funding to serve only 1,000 communities, out 
of a population of 10,000 eligible communities, then each community will be 
given a chance of 1 in 10 of being selected for treatment. Statistical power (a 
concept discussed in more detail in chapter 11) will be maximized when the 
evaluation sample is divided equally between the treatment and control groups. 
In the example here, for a total sample size of 2,000 communities, statistical 
power will be maximized by sampling all 1,000 treatment communities and 
a subsample of 1,000 control communities, rather than by taking a simple 
random sample of 20 percent of the original 10,000 eligible communities 
(which would produce an evaluation sample of roughly 200 treatment 
communities and 1,800 control communities).

 3. For example, housing programs that provide subsidized homes routinely use 
lotteries to select program participants. 

 4. This property comes from the Law of Large Numbers.
 5. An evaluation sample can be stratifi ed by population subtypes and can also be 

clustered by sampling units. The sample size will depend on the particular type 
of random sampling used (see part 3).

 6. Most software programs allow you to set a “seed number” to make the results 
of the randomized assignment fully transparent and replicable.

 7. We will discuss concepts such as spillovers or contamination in more detail in 
chapter 8.
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 8. For statistical reasons, not all observed characteristics have to be similar in the 
treatment and comparison groups for randomization to be successful. As a rule 
of thumb, randomization will be considered successful if about 95 percent of 
the observed characteristics are similar. By “similar,” we mean that we cannot 
reject the null hypothesis that the means are diff erent between the two groups 
when using a 95 percent confi dence interval. Even when the characteristics of 
the two groups are truly equal, one can expect that about 5 percent of the 
characteristics will show up with a statistically signifi cant diff erence.

 9. Note that in the medical sciences, patients in the comparison group typically 
receive a placebo, that is, something like a sugar pill that should have no eff ect 
on the intended outcome. That is done to additionally control for the “placebo 
eff ect,” meaning the potential changes in behavior and outcomes from receiv-
ing a treatment, even if the treatment itself is ineff ective.

 10. These two steps correspond to the econometric technique of two-stage-least-
squares, which produces a local average treatment eff ect.

 11. Readers with a background in econometrics may recognize the concept: in 
statistical terms, the randomized off ering of the program is used as an instru-
mental variable for actual enrollment. The two characteristics listed are exactly 
what would be required from a good instrumental variable:

 • The instrumental variable must be correlated with program participation.
 •  The instrumental variable may not be correlated with outcomes (Y) (except 

through program participation) or with unobserved variables.
 12. Again, readers familiar with econometrics may recognize that the impact is 

estimated by using “randomized assignment to the promoted and nonpromoted 
groups” as an instrumental variable for actual enrollment in the program.
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