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Statistical methods for program evaluation with nonexperimental data have been studied by
economists and econometricians over the last 20 years. These methods are concerned with laying
out the precise circumstances under which valid nonexperimental estimates of the effects of an
intervention can be obtained, and then with methods for determining when and if those
circumstances hold. This article provides a simple exposition of the methods of identification
that have been developed and draws the lessons of those methods for future evaluation designs,
data collection, and analysis.
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E conomists and econometricians have been studying statistical meth-
ods for program evaluation with nonexperimental data for at least
20 years. The major historical impetus for interest among economists was
provided by the need to evaluate many of the social programs of the 1960s,
particularly those designed to aid the low-income population with educa-
tional programs, training programs, and transfer benefits. Early studies by
Goldberger (1972) and Cain (1975) were followed by many others, including
those of Ashenfelter (1978) and the studies surveyed by Barnow (1987). A
major shift in the econometric literature occurred with the introduction of
“selectivity bias” methods (Gronau 1974; Lewis 1974; Heckman 1974),
whose implications for program evaluation were first drawn by Barnow,
Cain, and Goldberger (1980) and were later surveyed in textbook form by
Maddala (1983). The most recent and most complete discussion of econo-
metric methods for program evaluation has been provided by Heckman and
Robb (1985a, 1985b).!

This article provides an exposition of these methods in relatively simple
terms and without much of the technical language employed in the literature
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and is designed to make the issues in the literature more accessible. The first
issue discussed here is the precise delineation of the conditions under which
estimates of the program impact derived from nonexperimental data are
“valid” in a sense defined below. Following that, the article discusses how it
can be determined whether or not those conditions are met. Finally, the article
discusses the implications of the delineation and testing of the conditions for
the design of future evaluations and the types of data that should be collected.

The outline of the article is as follows. In the next section, the nature of
the evaluation problem is defined and the econometric solutions to that
problem are presented. The third section provides discussion of methods of
testing different assumptions, particularly in the manner recently developed
by Heckman, Hotz, and Dabos (1987) and Heckman and Hotz (1989), and
shows the importance of data availability in that testing procedure. The
implications of the methods for future program evaluation are discussed in
the final section.

IDENTIFYING PROGRAM IMPACTS
WITH NONEXPERIMENTAL DATA

THE PROBLEM

Suppose that we wish to evaluate the effect of a particular intervention
(i.e, a treatment) on individual levels of some outcome variable. Let Y be the
outcome variable and make the following definitions:

Yi = level of outcome variable for individual i at time t if he or she has
not received the treatment

Yi = level of outcome variable for same individual i at same time t if
he or she has received the treatment at some prior date.

The difference between these two quantities is the effect of the treatment,
denoted o

Yi'=Yi+a n
or

o=Yiy - Yi. 2
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The aim of the evaluation is to obtain an estimate of the value of a, the
treatment effect. The easiest way to think about what we seek in an estimate
of a is to consider individuals who have gone through a program and
therefore have received the treatment, and for whom we later measure their
value of Y;. Ideally, we wish to know the level of Y;; for such individuals —
that is, we would like to know what their level of Y would have been had
they not gone through the program. If Y; could be known, the difference
between it and Y would be a satisfactory estimate of a.?

The difficulty that arises does so because we do not observe Y;, directly,
but only the values of Y for nonparticipants of the program. Define a dummy
variable for whether an individual has or has not received the treatment:

d, = 1 if individual i has received the treatment
= 0 if individual i has not received the treatment.

Then an estimate of o could be obtained by estimating the difference be-
tween Y; and Y;, for those who did and did not go through the program,
respectively:

G=E(Yi |di=1)-E(Yi|di=0) 3]

where E(Y: | d; = 1) is the expected, or average, value of Y;, of those who
have received the treatment and E (Y3 | d; = 0) is the expected, or average,
value of Y;, for those who have not received the treatment. Unfortunately,
this is not what we wish to calculate, for we wish to calculate the difference
between the expected value of Yy for those with d; = 1 and the expected value
of Y}, that would have obtained for those with d; = 1 as well — that is, the value
of Y that would have arisen if those who did go through the program had not
gone through it. That is, we would like to know

a=E(Y} |di=1)-E(Y}|d=1). [4]

The estimate @ in (4) is, in fact, the estimate that would be obtained if we
had successfully administered a randomized controlled trial for the evalua-
tion. For example, as individuals come in through the door of the program,
they would be randomly assigned to treatment status or control status, where
the latter would involve receiving none of the services of the program. At
some later date we could measure the levels of Y for the two groups and
calculate (4) to obtain an estimate of the effect of the program.’
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When will the estimate we are able to calculate, @, equal the estimate we
would have obtained with a randomized trial, a? Comparison of (3) and (4)
shows that the two will be equal if and only if the following condition is true:

E(Yi|di= 1) = E(Yi | di = 0). [5]

In words, the two estimates of « are equal only if the expected value of Yi
for those who did not take the treatment equals the expected value of Yj that
those who did take the treatment would have had, had they not gone through
the program.

The heart of the nonexperimental evaluation problem is reflected in
equation (5), and an understanding of that equation is necessary to understand
the pervasiveness and unavoidability of what is termed the selection bias
problem when nonexperimental data are employed. The equation will fail to
hold under many plausible circumstances. For example, if those who go
through a health counseling program designed to encourage the adoption of
better health practices happen to be those especially concerned with their
bealth, and who have already begun adopting good health practices even
before entering the program, they will be quite different from those who do
not go through the program even prior to receiving any program services.
Hence equation (5) will fail to hold because those who go through the
program have different levels of Y;, that is, different levels of good health
behavior even in the absence of 1 receiving any program services. The estimate
of a will be too high relative to a, for the greater level of good health behavior
observed for the treatment group subsequent to receiving services was
present even prior to the treatment and is therefore not necessarily a result of
the treatment itself. Those who are observed to have actually gone through
the program are therefore a “self-selected” group out of the pretreatment
population, and the estimate of & is contaminated by selectivity bias because
of such self-selection. Put differently, the population of nonparticipants
constitutes a “nonequivalent” comparison group.

The selection bias problem can also be thought of as an omitted variable
or missing-data problem, in this case the omitted variable being Yi. In the
example just given, it may be that prior health practices can be an adequate
proxy for Y}, and hence inclusion of that variable will eliminate the bias, but
this will not always be the case. The use of preprogram information on Y, is
discussed in detail in the next section.

The unavoidability of the potential for selectivity bias arises because the
validity of equation (5) cannot be tested, even in principle, for the left-hand
side of that equation is inherently unobservable. It is impossible in principle
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to know what the level of Y; for those who went through the program would
have been had they not gone through it, for that level of Y: is a “counterfac-
tual” that can never be observed. We may know the pretreatment level of Y,
for those who later undergo treatment, but this will often not be the same as
the Y;, we seek — for the left-hand side of (5), we need to know the level of
Y for program participants that they would have had at exactly the same
time as Y;; is measured, not at some previous time.*

Before discussing the solutions to this identification problem in the lit-
erature, it is important to point out that the object of the estimation — the true
impact of the treatment on Y —may differ across persons. Equation (2), by
omitting a subscript on ., implicitly assumes that the treatment impact is the
same for all. An alternative is to replace a by oy:

=Y -Y;. (6]

To keep matters simple, equation (2) will be assumed in the analysis below
rather than (6). However, it is important to note that equation (6) is not only
more plausible than (2), but it has a critical bearing on the implications of
any evaluation. Equation (6) is more plausible because it seems intuitive that
many individuals will react to a particular treatment differently, for reasons
that may be, in principle, measurable but that will often not be measured in
the data available. The implications for program evaluation are critical
because the estimate of program impact obtained in any particular evaluation
will depend on which individuals, among all those in the population of
interest, have been administered the treatment. For example, if an evaluation
of a small program present in only a single local area of the country is
conducted, and if the small size of the program has been achieved by
admitting only high-impact individuals, the estimated treatment effect may
differ considerably from that which would obtain if the program were
implemented nationally, on a larger scale, and if, therefore, individuals with
lower impacts were brought in. In general, the difference between (2) and (6)
is of critical importance for the extrapolation of the results of a particular
evaluation to other areas, other populations, national programs, or programs
of a different scale.’

SOLUTIONS

There are three general classes of potential solutions to the selection bias
problem (Heckman and Robb 1985a, 1985b).° Each defines circumstances
under which the problem could be eliminated and what type of estimation
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method would do so. The question is then whether it can be determined
whether those circumstances hold, a question addressed in the next section.
It is important to note that two of the three solution methods, the first and
second in the order listed below, have important implications for evaluation
design because they require the collection of certain types of data. These
implications will be drawn out in the final section.

Solution Method 1: Identifying variables (Z’s). The selection bias problem
can be solved if a variable Z, is available, or one can be found, that satisfies
two conditions: (a) It affects the probability that an individual receives the
treatment, but (b) it has no direct relationship to Yy (e.g., no direct relationship
to individual health practices in the example discussed previously). What is
an example of such a Z;? Suppose that a health counseling program is funded
by the federal government and that the government funds the program in one
neighborhood of a city and not in another neighborhood for political or
bureaucratic reasons unrelated to the health needs of the populations in the
two areas— and therefore unrelated to the health practices of the individuals
in the two. If arandom sample of the populations or subpopulations of interest
were conducted in the two neighborhoods and if data on Y, were collected
(the data would include both participants and nonparticipants in the neigh-
borhood where the program was funded) a comparison of the mean values
of Y, in the two would form the basis for a valid estimate of o.” The variable
Z, in this case should be thought of as a dummy variable equal to 1 in the
neighborhood with the program and O in the other. The variable satisfies the
two conditions given above — it obviously affects whether individuals in the
two areas receive the treatment, because if Z; = 0, no treatment is available,
and it is unrelated to the level of Yy in the two areas because the funding
decision was made for reasons unrelated to health practices. This is a case of
what is often termed a natural experiment, similar to an experiment inasmuch
as the probability of having the treatment available is random with respect
to the outcome variable under study as a result of natural variation.® This
estimation method is also termed an instrumental-variable method in econo-
metrics, where Z, is the instrument. Indeed, the method of instrumental
variables in econometrics is, in a fundamental sense, a generalization of the
concept of a natural experiment.’

What is an example of an illegitimate Z;? The same dummy variable just
defined in the previous example would be illegitimate if the government
funding decision were based not on political or bureaucratic decisions but on
the relative level of health practices in the two areas, for example, if the health
counseling program were placed in the neighborhood with the higher rate of
illness. In that case, the dummy variable Z; would not be independent of
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Yi:— the presence of the program in a neighborhood would be associated with
lower levels of good health behavior not because of a negative causal effect
of the treatment but because of the reason for its placement.

Many other examples could be given as well. For example, it is possible
that individual, rather than geographic characteristics could serve as legiti-
mate instruments. If participation rates in a program differ for individuals
with different age or educational levels, for example, variation in values of
Y, across those groups will provide a valid estimate of program impact,
provided that those same characteristics do not directly affect Y, in the
absence of the program. However, for a Y defined as a variable measuring
health practices, age and education are unlikely to satisfy the latter require-
ment. It is variation in the availability, rather than the actual receipt, of
treatment across the population that is more likely to provide a legitimate Z
in this case. Other examples include cases where Z, is continuous rather than
dichotomous. For example, if government funding levels of a health program
are nonzero in all neighborhoods, but funding decisions are made for political
and bureaucratic reasons, the level of funding itself defines a legitimate Z,.
In this case, rather than comparing the levels of Y, for each different
neighborhood with a different level of Z,, some smoothing technique such as
regression analysis could be used.

It is also important to note that a particular Z; variable would still be
legitimate if it were only partly unrelated to the value of Yh, at least if that
part could be isolated in the analysis. For example, if funding decisions are
made by ranking areas by the level of Y}, with funding starting at, say, the
lowest Y (e.g., the lowest level of good health practices) and moving up the
list, no legitimate Z, could be based on funding. But if areas were grouped
into categories —say, “high,” “medium,” and “low” Yi—and if funding
decisions were made for political or bureaucratic reasons within each of the
categories, the variation in funding within category (i.e., conditional on
category) would furnish a legitimate Z,. Thus it is only necessary that some
portion of the variation in the variable be isolated that satisfies the require-
ments for a legitimate Z,.'°

Provided that a legitimate Z; is found, there are a variety of estimation
techniques available." Econometric practice typically employs linear re-
gression formulations in which the influences of variables other than the
treatment are controlled by least squares and where a formal instrumental-
variables estimation procedure is used to remove the endogeneity of the
treatment variable. Corresponding nonlinear procedures are available for
nonlinear models. In some cases, particularly where the treatment impact
varies across individuals in a random fashion (see equation [6]), other
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two-stage methods such as the “lambda” technique may be used (Heckman
1979; Maddala 1983). In the absence of a distributional assumption — neither
normality nor any other distribution has been assumed in any of the discus-
sion thus far— it is the availability of a legitimate Z; that permits the identi-
fication of the treatment impact in this estimation method as well.”?

Clearly, the most important question is whether such a Z; is available. But
how is the investigator to know if a particular candidate for Z, is or is not
legitimate? This issue will be discussed in the next section.

Solution Method 2: Availability of cohort data. A second solution method
requires the availability of “cohort,” “longitudinal,” or “panel” data, that is,
data on the same individuals at several points in time before and after some
of them have undergone the treatment. In the simplest case, data on Y are
available not only after the treatment but also before, giving a data set with
one pretreatment observation and one posttreatment observation for each
individual, both participants and nonparticipants. In the more general case,
three or more points in time may be available in the data.

The advantage of such data is that the past values of Y, for an individual,
those prior to the receipt of the treatment, may provide a good measure of
the unobservable Y. Suppose, for example, that different individuals differ
in their inherent healthiness, and that individuals select themselves into
treatment on the basis of some permanent, unchangeable level of health (e.g.,
the least healthy are more likely to enroll in a health program). Then it may
be that differences in past health practices of (future) participants and
nonparticipants in a health program may adequately control for their differ-
ences in Y}, the unobservable component of health. If so, the availability of
longitudinal data can eliminate the selectivity bias that would be present in
only a single cross section of data.

The use of such longitudinal data is sufficiently important to warrant an
extended discussion. To illustrate this method, first consider the situation that
would arise if data at two points in time were available, one before the
treatment and one after it. Let “t” denote the posttreatment point and “t —1”
denote the pretreatment point. Then, analogously with the cross-sectional
case considered previously,

Y} -Yii-1 = changein Y; from t — 1 to t in the absence of having
undergone the treatment

Y - Yii-1 = changein Y} from t— 1 to t if having undergone the
treatment.
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Then the effect of the treatment is o, and
Yi.l‘-Yi.,t-l'(Yi.!-Yi..l-l)'F(!. [7]

Because Yi,.; cancels out on both sides of (7), it is the same as (1) and
therefore the true effect, o, is the same.

We can use the data on Yj available from nonparticipants before and after
the treatment to estimate the program effect as follows:

G=E(Yi - Yii1|di=1)-E(Yi-Yii_|di=0). [8]

This estimator & is often called a “differences” or “change” estimator because
itis computed by comparing the first-differenced values of Y for participants
and nonparticipants. As before, a preferred estimate of the effect of the
program would be obtained by a randomized controlled trial in which those
wishing to undergo the treatment (d, = 1) are randomly assigned to partici-
pation or nonparticipation status. With data on both pretreatment and post-
treatment Y, the estimate of the program effect could be calculated as

&-E(Yi}'—Yf,t_lldi-1)—E(Yi’.-Y{,_1|d;-1). [9]

Unfortunately, with nonexperimental data the second term on the right-hand
side of (9) is not measurable because, once again, we cannot measure Y; for
those who undergo the treatment.

The estimate we are able to obtain in (8) will equal that we could have
obtained in the randomized trial, (9), if and only if

E(Yi-Yii1ldi=1)=E(Yi-Yi_1|di=0). [10]

Equation (10) is the key equation for the two-data-point case and is the
analogue to equation (5) in the single-post-treatment-data-point case. The
equation shows that a data set with a pretreatment and posttreatment obser-
vation will yield a good estimate of o if the change in Y; from pre to post
would have been the same for participants, had they not undergone the
treatment, as it actually was for nonparticipants. Sometimes the change in
Yi is referred to as the “growth rate” of Yj, in which case we may say that
our nonexperimental estimate requires that the growth rate of Y for partici-
pants and nonparticipants be the same in the absence of the treatment.
Perhaps the most important point is that this condition may hold even
though condition (5) does not. Equation (5), the condition that must hold for



