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Previous research has demonstrated that
analysts can use social experiments to evalu-
ate the likely reliability of nonexperimental
program-evaluation methods (see Robert
LaLonde, 1986; Thomas Fraker and
Rebecca Maynard, 1987; LaLonde and
Maynard, 1987; James J. Heckman and V.
Joseph Hotz, 1989).! These studies
“evaluate” a nonexperimental evaluation
method by applying that method to the data
set produced by a true random assignment
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‘In this paper, an experimental evaluation is de-
fined as one based on a comparison between a pro-
gram group and a control group, both of which are
created by randomly assigning sample membersto one
group or the other. A nonexperimental evaluation is
one that uses a comparison group not generated by
random assignmentas a substitute for a control group.
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experiment and comparingtheresults to the
estimates produced by the experimental
method. The experimental estimates are
presumed to be unbiased estimates of the
true program effects. Significant differences
between the two sets of estimates are taken
to mean that the econometric model gener-
ating the nonexperimental estimates is mis-
specified. Analysts can further use the
experimental results to examine whether
standard specification tests of the nonexper-
imental econometric model properly lead
them to reject specifications that yield
estimates inconsistent with the experimental
findings (Orley Ashenfelter, 1978; Ashenfel-
ter and David Card, 1985).

In this study, we extend this approach to
assess two conventional nonexperimental
Strategies for estimating the effect of social
programs.” Thefirst approach estimates the
effects of a policy change in one area by
comparing personsin that area to those in a
jurisdiction not affected by the policy
change.* For example, in Long and
Wissoker (1992), individuals in several
counties in the state of Washington were
given a new welfare-to-work program, and
their behavior was compared to the behav-
ior of individuals in other counties where

*For a general discussion of nonexperimentalstrate-
gies for evaluating social programs, see Robert Moffitt
(1991). Robinson G. Hollister and Jennifer Hill (1995)
provide numerous examples of nonexperimental pro-
gram evaluations in economics and otherdisciplines.

The comparisons may be made across states
(George Farkaset al., 1983, 1984; Denise Polit et al.,
1985), across counties (or cities) within states (Randall
Brownetal., 1983; Irwin Garfinkel et al., 1992; Sharon

K. Long and Douglas A. Wissoker, 1982; Bradley R.
Schiller and C. Nielsen Brasher, 1993), or across areas

within cities (David A. Long, 1991).
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the new program was not available. The
second approach compares the behavior of
persons in a particular area covered by the
policy change to the behavior of individuals
in the same area before the change went
into effect. For example, in Paul T. Decker
(1991), welfare recipients in New Jersey
were given access to a new program of
employment andtraining services, and their
behavior was compared to the behavior of
welfare recipients from a period prior to the
implementation of the new program.
The obvious shortcoming of these conven-

tional nonexperimental evaluation strategies
is the inherent difficulty in controlling for
differences in local conditions between the
program and comparisonsites or for changes
in these conditions over time. Nonetheless,
it is important to evaluate such comparison
Strategies because, in practice, variants of
them are often the only onesavailable to an
analyst. Data limitations, opposition to so-
cial experiments, or the nature of certain
programsas an “entitlement” could prevent
analysts from randomly assigning some
persons in the program locality to a no-
program control group.

In this paper, we follow previous research
by using experimental data to assess the two
nonexperimental evaluation approaches.
Our data are from series of social experi-
ments conducted in several states during
the 1980’s to evaluate programs aimed at
helping welfare recipients find jobs. We
simulate the two nonexperimental ap-
proaches by creating comparison groups
from the true control groups and by compar-
ing the resultant nonexperimental estimates
of program effects with experimentally
derived estimates of program effects. Al-
though experimental data are required to
provide an assessment of the nonexperi-
mental approaches, they are not required to
create the comparison groupsin practice.
Thus, our results have direct implications
for choosing a nonexperimental evaluation
Strategy when an experimentis not feasible.
The remainderof this paper is organized

as follows. Section I describes the social
experiments and the various comparison
groups created for the analysis. Section II
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discusses the methods used to generate and
assess the nonexperimental estimates. Sec-
tion III presents the empirical results, and
Section IV offers some conclusions.

I. Data

In the early 1980’s, a number of states
undertook changes in their welfare-to-work
programs. The aim of these program
changes was to increase employment and to
decrease welfare receipt. These new pro-
grams could require welfare recipients, as a
condition for receiving the full amount of
their monthly welfare payment, to look for
work and attend job-search assistance
groups, to participate in job training, or to
work at an unpaid, government-sponsored
job.* To estimate the effects of the new
programs, several states relied on social ex-
periments: welfare recipients eligible for a
program were randomlyassigned either to a
program group, which was subject to the
program requirements, services, and penal-
ties, or to a control group, which was not.
Among their various goals, these experi-
ments were designed to estimate effects on
the employment and welfare receipt of the
program group.
The four experiments analyzed in this

paper are the evaluations of the Arkansas
WORK Program, the Baltimore Options
Program, the San Diego Saturation Work
Initiative Model (SWIM), and the Virginia
Employment Services Program (ESP).° All

“Unpaid work assignments were usually part-time
and limited to three months.

These four experiments are from set of nine that
were stimulated by federal welfare reform legislation in
1981. They were selected because they were evalua-
tions of large-scale programs and hadatleast two years
of follow-up data. Summaries of the research findings
for all nine experiments (plus some others) are pre-
sented in Judith M. Gueron (1990), Gueron and Ed-
ward Pauly (1991), Friedlander and Gueron (1992),
and Greenberg and Wiseman (1992). Details of the
four experiments used in this study are given in Fried-
lander et al. (1985a,b), Gayle Hamilton and Friedlan-
der (1989), and JamesRiccio et al. (1986).
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of these experiments were initiated within a
three-yearperiod, 1982-1985. All were
implemented for single-parent families
(headed mostly by women) who werereceiv-
ing benefits from the Aid to Families with
Dependent Children (AFDC) program.
Fach experimental program was mandatory
in that failure to participate could result in
a partial, temporary reduction in AFDC
payments. Individuals with children under
the age of six (three in Arkansas) were
exempted from the participation require-
ment and were not part of the research
samples.

Typically, about half of all persons en-
rolled in a program group actually partici-
pated in a formal employment andtraining
activity. The remainder found work,left
AFDCbefore participating, were penalized
for failure to participate, or in somecases,
remained on AFDC and were not reached
by the employment program atall. Owing
largely to differences in the levels of partici-
pation and the mix of activities, the pro-
grams’ net costs per program group member
varied from $118 in Arkansas to $953 in
Baltimore. Local environments varied con-
siderably, too. State monthly AFDC grant
levels ranged from $140 in Arkansas to $526
in San Diego. Unemployment rates varied
from 6.6 percent in Virginia to 11.0 percent
in Arkansas.
The experimental evaluations found that

all four programs increased employment,
and two of the four programs (Arkansas and
San Diego) reduced welfare receipt.° In this
study, we focus on employmenteffects.’ We

°A complete set of experimental estimates of pro-
gram effects is presented in an unpublished appendix
available from the authors upon request.

We analyze employment rather than earnings to
eliminate the need to adjust for state differences in
wage levels and the cost of living. To simplify the
exposition, we do not present results for welfare re-
ceipt. In an earlier version of this paper, available from
the authors upon request, we report limited compar-
isons of experimental and nonexperimental estimates
for the welfare outcomes. Generally, the welfare esti-
mates performed worse than the employment
estimates, and the two often produced conflicting re-
sults (i.ec., nonexperimental welfare estimates were

define short-term employmentas having any
earnings during the third quarter of the
experiment, where the first quarter is the
quarter of random assignment. We define
long-term employment as having any earn-
ings during quarters 6-9 of the experiment
(the second year after random assignment).

II. Construction of Comparison Groups

For this study, we constructed four com-
parison groups for each of the welfare-to-
work programs. Thefirst utilizes the control
group from anotherstate (or from all three
Other states combined) as a comparison
group for the program groupin the original
state.> The program and comparison groups
are similar in that they are all AFDC case
heads who meetthe sameeligibility criteria
for a mandatory welfare-to-work program,
although local labor-market conditions var-
ied considerably across the states and the
procedures for bringing individuals into the
samples differed in some details.
The second comparison group is based on

Statistical matching. The observed back-
ground characteristics of each program
group memberare matchedagainst those of
every candidate for the comparison group;
the candidate most closely resembling the
program group memberis selected to be in
the comparison group (see e.g., Katherine
P. Dickinson et al., 1984, 1987). In this
study, we use a procedure in which each
program group member is matched non-

 

accurate when nonexperimental employmentestimates
were not, and vice versa).
Sor example, in the case of the Arkansas WORK

program, we generate three separate nonexperimental
estimates of the program effect using the control group
from the Baltimore Options program, the San Diego
SWIM program, and the Virginia ESP program. A
fourth nonexperimental estimate is producedbycreat-
ing a composite comparison group consisting of the
control groups from Baltimore, San Diego, and Vir-
ginia combined. We compare the nonexperimentalesti-
mates produced by each of these four comparison
groups with the one experimental estimate produced
for Arkansas. /
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parametrically to a “nearest neighbor” in
the control groups from the other states
using a Mahalanobis distance metric.”
The first two comparison groups are sub-

ject to confounding interstate differences.
The third and fourth comparison groups are
not. The third is based on comparisons of
two areas or offices within a state or local-
ity. It may be feasible to use this approach
for cases in which a new program (or a
major program innovation) can be imple-
mented earlier in one place than in another.
For example, in the case of welfare-to-work
programs, advance implementation may be
planned for one or a group of welfare of-
fices out of several in an urbanarea. Pilot
testing of this sort is common, although
such testing is usually undertaken to iden-
tify problems in program design rather than
to estimate program effects. Nonetheless, a
sample collected from the nonprogram of-
fices could be used as a comparison group
for a sample collected under the samepro-
cedures and during the same timeperiod as
in the program offices. In our study, we
simulate this cross-site strategy in the
Arkansas and San Diego samples.’ Wesplit

The Mahalanobis distanceis given by

d=(x, —x,.)'T"'(x, —x.)

where x is the vector of characteristics for a program
group member (p) and a matched comparison group
member (c), and T is the total sample covariance
matrix. The data are sorted randomly, and for each xp
an x. is chosen for which d is smallest. Because a
comparison-group observation is not used again afterit
is matched, the results can vary depending on howthe

data are initially sorted. For a general description of
nearest-neighbor techniques, see D. J. Hand (1981). It
should be noted that there are several variants of the
nearest-neighbor technique as well as other methodsof
statistical matching. The matched comparison samples
were created with a program written by George Cave
of the Manpower Demonstration Research Corpora-
tion. The matches were made on a set of 16 observed
baseline characteristics, including prior employment
and welfare history, age, number and agesof children,
education, type of welfare case (applicant or recipient),
marital status, and ethnicity.

'° The two local offices for San Diego SWIMarein
the samecity (Service Center and San Diego West). In
Arkansas, the two offices are in different cities (Little
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each of these samples into two local office
samples. For each office, we use the pro-
gram group and produce nonexperimental
estimates of the program effect using con-
trols from the other office as a comparison
group. These estimates are then compared
to the experimental estimates computed
from the program and control groups from
the same office.
The fourth comparison group is based on

a before—after comparison of outcomes
within a particular area or office and can be
utilized when a new program ora signifi-
cant program changeis about to be imple-
mented. For several months or a year, or
even for several years prior to implementa-
tion, a sample of persons who would be
eligible for the program can be drawn to
serve as a comparison group. Oncethe pro-
gram begins, the same sampling procedures
are continued, but the new sample members
constitute the program group. As in the
cross-site strategy, state differences are
eliminated from the comparison, although
cyclical labor-market differences may well
be important, as may other events occurring
at the locality. To simulate this approach,
we partition our samples roughly in half,
into an early and a late cohort according to
date of random assignment.'! Then, for each
of the four programs(i.e., within eachstate),
program group members from the late co-
hort become the program group for the
analysis, and controls from the early cohort

 

Rock and Pine Bluff). In Baltimore and Virginia, the
presence of many offices with small sample sizes in
each madeit infeasible to perform a one-against-one
cross-site analysis.

''The further apart in time the cohorts are, the
greater will be the risk of confounding environmental
events, but the longer will be the follow-up for the
early cohort before program start-up. Once the pro-
gram begins, either follow-up for the early cohort must
end or the program must delay working with any early
cohort members whostill remain eligible for the pro-
gram. In practice, a systematic and gradual phase-in of
enrollment and participation, beginning with the late
cohort, could leave an early cohort untouched for a
year or longer.
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become the comparison group. We compare
these nonexperimental cross-cohort esti-
mates with the experimental estimates com-
puted from the program and control groups
of the late cohort at eachsite.

III. The Econometric Specification

The nonexperimental estimates presented
in this paper are derived from a linear
regression model that adjusts for differ-
ences in the characteristics of sample mem-
bers observed just prior to their entry into
the sample.’* Several of these characteristics
were also used to create the statistically
matched cross-state comparison samples.”
The same regression specification is ap-
plied to produce experimental estimates of
program effects. Although regression adjust-
mentis notstrictly required for experimental
estimates, it improves statistical precision
somewhatby reducing residual variation and
correcting for minor chance differences that
exist between the program and control
groups after randomization.
The dependentvariables in the regression

modelare the short-term and long-term em-
ployment measures defined earlier. The
independent variables include lagged em-
ployment (measured in the first quarter
prior to random assignment),”* a vector of
demographic characteristics of the sample
memberprior to random assignment, and a
dummyvariable equal to 1 if the sample
memberis in a program group and 0 if the
sample member is in a comparison group

’? Heckman and Hotz (1989) found that the linear
regression model produced the best nonexperimental
estimates of training effects on earnings for AFDC
recipients.

'3Tn somesense, the statistical-matching technique
serves the same function as the regression adjustment
using observed preprogram personal characteristics.
Indeed, as we will see, the two cross-state methods

perform about the same despite the fact that the
matched comparison samples bear closer resemblance
to the program samples on the basis of these prepro-
gram characteristics than the unmatched comparison
samples.

'4Tnclusion of additional periods of preprogram em-
ployment datahaslittle impact on the nonexperimental
estimates.

(nonexperimental estimate) or a control
group (experimental estimate).
The coefficient of the program-group

dummy is the estimate of the program’s
effect. For a nonexperimental estimate, it
may or may not be an unbiased estimate of
the true program effect, depending on
whether the error term is uncorrelated or
correlated with the program-group dummy.
Only if the preprogram values of the out-
come variable and demographic characteris-
tics remove any correlation with the error
term will the nonexperimental estimate be
unbiased. Differences in motivation, labor
markets, events, or other factors not ac-
counted for in the set of demographic vari-
ables but present in the program group
dummyandthe error term will induce bias.
The experimental estimate of the program
effect is unbiased because randomization
(assuming it is implemented properly) en-
sures that the error term is uncorrelated
with the program-group dummy.

In experimental designs, “internal”valid-
ity is based on the randomized assignment
of sample members to program and control
groups. Ensuring the validity of experiments
generally rests on careful implementation of
the randomization process and continued
monitoring of the different treatment of the
research groups during the follow-up
period. Internal validity is not a subject
for statistical testing, although it is often
“confirmed”after the fact by verifying that
observable pre-random-assignment demo-
graphics are similar across research groups.

In nonexperimental designs, internal va-
lidity necessarily rests on the validity of the
econometric specification and thestatistical
methods used to estimate it. As a conse-
quence, it has been arguedthatstatistically
testing the econometric model should be an
integral part of any nonexperimental esti-
mation procedure.’ If a modelfails a speci-

PAn argument for specification testing and a variant
of the test we employ appeared first in connection with
employment and training program evaluations in
Ashenfelter (1978). The rationale was developed fur-
ther, along with additional tests, by Heckman and Hotz
(1989).
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fication test, then it may be declared the
wrong model, and we should not accept the
estimates of program effects it produces. If
a model passes, then we have grounds for
accepting the validity of the estimated pro-
gram effects. According to this argument,it
is quite possible that the recent pessimistic
appraisals of nonexperimental methods for
estimating program effects have resulted
largely from failure to apply specification
tests (see Heckman and Hotz, 1989).
One kind of specification test is con-

cerned with whether the econometric model
will account for all differences in outcomes
between program and comparison groups
except those induced by the program. Oper-
ationally, such a test generally looks at
whether the model “correctly” predicts no
differences in outcomes between the pro-
gram and comparison groups during the
period before the program group enters the
program(i.e., before they receive any “treat-
ment’). In this study, we test whether the
estimated program effect is different from
zero when the modelis applied to the pre-
program period. Wedothis by estimating a
linear regression model similar to the one
used to estimate the experimental and non-
experimental program effects, except that
the dependent variable is the individual’s
employmentstatus in the first quarter prior
to entry into the sample (ie., for pro-
gram group members, the first quarter
before enrollment in the program). All
independent variables are the same except
that the lagged value of the dependent vari-
able is measured three quarters prior to
the dependent variable.’° The specification
test is based on the coefficient of the
program-group dummy.If this coefficient is
significantly different from zero, then the
nonexperimental estimator fails the test;

'°Tdeally, more preprogram data should be used in
specification testing. For example, Heckman and Hotz
(1989) and others have argued for using a long prepro-
gram period in the specification tests. Our ability to do
testing on this scale is limited by the amountof prepro-
gram data we have (one year).
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otherwise it passes.'’ We use 10 percent as
the critical level for determining statistical
significance."®

This test has the advantage of being read-
ily understandable and quite easy to apply
in practice. Specification testing does have a
serious shortcoming, however. The fit of the
model for the preprogram period has no
necessary logical connection with the valid-
ity of the model for the follow-up period.
Becoming eligible for an employment and
training program frequently occurs at a life
transition, such as dissolution of a family
group, loss of support, a long stint of job-
lessness, entry of a single mother’s youngest
child into school, and the like. An empirical
specification that adequately describes be-
havior before such a transition, and there-
fore passes the specification test, may not
provide an adequate control function for
outcomes following the transition. Or the
procedure may work well with short-term
follow-up but not with long-term follow-up.
For this reason, we examine outcomes mea-
sured at short and long lengths of time after
the program begins.

If we find, through studies like the pre-
sent one, that the specification test gener-
ally leads to nonexperimental estimates that
are similar to experimental estimates for
outcomes measured at different points in
time after enrollment, then we may have
confidence in using the procedure, but only
through repeated validation—not because
any theory indicates that the test necessarily
must work. It is quite possible that empiri-
cal studies will show certain kinds of nonex-
perimental results to be generally invalid
even when they pass a specification test.
Moreover, the test may work well only for
some groups or under some conditions.

'74 more conservative test would posit that all of the
coefficients, not only the program group dummy, are
the same in preprogram and follow-up equations.
Clearly, a number of more complicated specifications
and more complex testing procedures than those we
utilize could be adopted.

‘>We also tested a larger critical level and found
that the results were insensitive to the level chosen.
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IV. Empirical Results

A large number of nonexperimental esti-
mates were produced for comparison with
the experimental estimates. For the cross-
state comparisons, there were 120 pairs of
experimental and nonexperimental esti-
mates (96 unmatched and 24 matched).”
For the within-state comparisons, there were
40 pairs of experimental and nonexperimen-
tal estimates (16 across sites and 24 across
cohorts).”” To facilitate interpretation of our
results, we first present detailed estimates
for a selected subset of these experimental
and nonexperimental pairs. We then pre-
sent a summary of the results for all 160
pairs of estimates.

Table 1 presents a number of selected
experimental and nonexperimental esti-
mates of longer-term employmenteffects.”
Each cell of the table is devoted to one
estimate and shows the following informa-
tion (from the top down): (i) the estimated
program effect, (ii) the standard error of the
estimated program effect, (iii) the probabil-
ity value (p value) of the specification test,

In the unmatched analyses, equations were esti-
mated for each of the four states times four compari-
son groups per state (each of the other states plus
the combinedother three states) times two dependent
variables (short-term and long-term employment) times
three sample subgroups (short-term recipients of wel-
fare, long-term recipients of welfare, and both groups
combined). In the matched analyses, equations were
estimated for each of the four states times one compar-
ison group per state times two dependent variables
times three sample subgroups.

In the analyses across sites, equations wereesti-
mated for two welfare offices times two dependent
variables times three sample subgroups in San Diego
plus two welfare offices times two dependentvariables
in Arkansas (sample subgroup analyses were not possi-
ble in Arkansas because sample sizes were too small).
In the analyses across cohorts, equations were esti-
mated for four states times two dependent variables
times three sample subgroups.

‘For the cross-state/unmatched column, the pair
with the largest comparison group is shown for each
state (the pair in which controls from the other three
states combined are used). For the cross-state/matched
column,all pairs are shown. Forthe cross-site column,

one pair for each state was selected at random.Forthe
cross-cohort column,all pairs are shown.

and (iv) the sample size. A specification test
fails for a p value of less than 0.10. Such a
result indicates that the program-group
dummyis different from zero when the de-
pendent variable is employment in the first
quarter prior to program entry. This is
taken to mean that the comparison group
does not provide a valid representation of
the preprogram behavior of the particular
program group in question and that the
regression adjustment has not succeeded in
making the comparison valid.
The first four columns of Table 1 provide

information about the cross-state estimates.
In the first two columns, two sets of experi-
mental estimates are given, unadjusted and
regression-adjusted. Comparing these two
provides a check on the implementation of
the experimental design. If randomizationis
properly implemented, then in most cases
regression adjustment will affect only the
standard errors and not the numerical esti-
mate of the program effect.” In Table 1,
the unadjusted and regression-adjusted ex-
perimental estimates of the program effect
are quite close to one other for all four
programs,andall but one of the experimen-
tal comparisons pass the specification test.
The one test failure occurs in Baltimore,
where the unadjusted experimental estimate
is not statistically significant and the p value
of the specification test is less than 0.10.”
This is the only experimental comparison
to fail the specification test in Table 1. Re-
gression adjustment for observed baseline
characteristics in that experiment slightly
increases the experimental estimate of pro-
gram effect and makesit statistically signifi-
cant. Regression adjustment also changes

2-True randomization will occasionally create pro-
gram and control groups that, by chance, have back-
ground characteristics that differ to a statistically
significant degree. A control group created by a well-
implemented random assignment procedure, therefore,
will occasionally fail the specification test.

The coefficient on the program-group dummy in
the baseline period is significantly negative, suggesting
that the unadjusted experimental estimate is biased
downward. /
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TABLE 1—SELECTED ESTIMATES OF PROGRAM EFFECT ON FRACTION EMPLOYED 6—9 QUARTERS AFTER BASELINE

 

 

Cross-state estimates Within-state estimates
 

Experimental estimates Nonexperimental estimates Acrosssite Acrosscohort
 

 

Program Unadjusted Adjusted Unmatched Matched Experimental Nonexperimental Experimental Nonexperimental

Arkansas, 0.050 0.057* —0.139** —0.152** 0.064* 0.101** 0.009 0.067 '

WORK (0.027 ) (0.025 ) (0.024 ) (0.028 ) (0.032 ) (0.038 ) (0.034 ) (0.035 )

[0.119 ] [0.230 } [0.000 } [0.896 } {0.523 ] [0.849 } [0.956 } {0.600 ]

N = 1,127 N = 1,127 N = 4,593 N = 1,120 N = 692 N = 543 N = 605 N = 570

Baltimore, 0.030 0.041* 0.132** 0.127** — — 0.041° 0.081 **

OPTIONS (0.019 ) (0.018 ) (0.015 ) (0.018 ) (0.023 ) (0.026 )

[0.064 } [0.191 } [0.165 } [0.681 } {0.140 ] [0.280]

N=2,757 N=2,757 N= 4,567 N = 2,724 N = 1,725 N = 1,380

San Diego, 0.091** 0.090** 0.020 0.034* 0.078** 0.123** 0.083** 0.067**

SWIM (0.017 ) (0.017 ) (0.016 ) (0.017 ) (0.024 ) (0.024 ) (0.026 ) (0.024 )

{0.773 ] [0.951 } [0.883 } [0.285 } [0.678 ] (0.201 } [0.709 ] [0.303 }

N = 3,211 N = 3,211 N = 4,597 N = 3,208 N = 1,603 N = 1,620 N = 1,453 | N = 1,620

Virginia, 0.050** 0.060** 0.115** 0.127** — — 0.058* 0.090**

ESP (0.019 ) (0.018 ) (0.013 ) (0.014 ) (0.024 ) (0.026 )

[0.440} [0.891] [0.017 } [0.230 } {0.492 ] [0.000 ]

N=3,150 N=3,150 N=5,688 N= 4,238? N = 1,673 N = 1,620

 

Notes: From top to bottom, the entries in each cell are (i) estimate of program effect, (ii) standard error of
estimated program effect (in parentheses), (iii) p value of specification test (in brackets), and (iv) sample size. We
tested the difference between each nonexperimental estimate and the first experimental estimate to the left of it in
the table for statistical significance. Such differences were foundto bestatistically significant for all unmatched and
matched cross-state estimates and for none of the cross-site or cross-cohort estimates.
“Virginia, unlike the other experiments, had a program-group:control-group size ratio of 2:1; matching therefore
yields a sample larger than the original evaluation sample.
*Statistically significant at the 10-percent level.
*Statistically significant at the 5-percent level.

**Statistically significant at the 1-percentlevel.

the specification-test statistic to a “pass,”
indicating that regression has controlled for
the differences in baseline characteristics. It
is of interest to note that the failed (unad-
justed) estimate of program effect is quite
close to the passed (regression-adjusted) es-
timate of program effect. That is, the test
does not seem to be serving its function of
eliminating the inaccurate estimates while
keeping those that are close to the best
estimate.

Table 1 next shows unmatched and
matched nonexperimental cross-state esti-
mates. These estimates use the program
group in the state and a comparison group
created from the control groups in the other
three states. The unmatched and matched
cross-state nonexperimental estimates are
similar to each other but differ considerably

from the regression-adjusted experimental
estimates (in the second column). For
Arkansas, both of the nonexperimentalesti-
mates are of the wrong sign and both differ
by about 0.20. In the other states, the signs
of the experimental and nonexperimental
estimates are the same, but their magni-
tudes are never closer than about 0.05. Sta-
tistical inferences differ (ie., only one
estimate of program effect in a pairis statis-
tically significant at the 10-percent level or
both arestatistically significant but with op-
posite signs) in three of the eight pairs of
experimental and nonexperimental esti-
mates. All of the differences between the
cross-state nonexperimental estimates (both
unmatched and matched) and their corre-
sponding regression-adjusted experimental
estimatesare statistically significant.
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These results suggest that using individu-
als in one state as a comparison group for
individuals in anotherstate can lead to quite
inaccurate estimates of the size of a pro-
gram effect, even if the two groups are
matched statistically according to a set of
baseline characteristics. Moreover, the spec-
ification test has difficulty discriminating
between accurate and inaccurate nonexperi-
mental estimates. Only two of the un-
matched nonexperimental estimates and
none of the matched nonexperimental esti-
mates are rejected by the specification test.
Moreover, in both Arkansas and Virginia,
the specification test rejects the unmatched
estimate but accepts a matched estimate
that is even further from the experimental
estimate.
The situation improves somewhat when

switching from cross-state to within-state
comparisons, as shown in theright side of
Table 1 (last four columns). First, an experi-
mental estimate is shown for one local of-
fice in Arkansas and onein San Diego. Next
is shown a nonexperimental estimate pro-
duced by using as a comparison group the
control group in the otherlocal office in the
evaluation sample.” For both pairs, the ex-
perimental and nonexperimental estimates
are within 0.05 of each other, the differ-
ences are not statistically significant, and
the statistical inferences are the same. Both
nonexperimental estimates pass the specifi-
cation test.
The last two columnsof Table 1 show the

second kind of within-state estimates,
namely, the cross-cohort estimates. The
next-to-last column shows the experimental
estimates of the program effect created by
using program and control group members
randomly assigned in a late cohort (i.e., late
in the period of random assignment). The
last column shows nonexperimental esti-
mates using the early-cohort control group
aS a comparison group for the late-cohort

In San Diego, Service Centeris the program office
and San Diego West is the comparison office. In
Arkansas, Little Rock is the program site and Pine
Bluff is the comparisonsite.

program group in the same locality. For
three of the four pairs, the differences be-
tween experimental and nonexperimental
estimates are less than 0.05, and thestatisti-
cal inferences are the same. For none ofthe
cohort pairs are the experimental and non-
experimental estimates significantly differ-
ent. The specification test unfortunately
rejects one of these nonexperimental esti-
mates (Virginia). It also fails to reject the
Arkansas nonexperimental estimate, which
differs more from its paired experimental
estimate than any of the other cross-cohort
estimates and also yields a different statisti-
cal inference.

Table 2 summarizes the results for all 160
pairs of experimental and nonexperimental
estimates (including those in Table 1). As in
Table 1, each columnrepresents a different
comparison-group specification. There are
three panels in the table: the top oneforall
pairs of experimental and nonexperimental
estimates, the middle one for pairs in which
the nonexperimental comparison passes the
specification test, and the bottom one for
pairs in which the nonexperimental compar-
ison fails the specification test. The first row
of each panel gives the numberofpairs of
experimental and nonexperimental esti-
mates in the panel. The second row of each
panel gives the mean of the experimental
estimates in the panel. The third row in
each panel gives the mean of the absolute
difference between the experimental and
nonexperimental estimates in each pair, our
principal summary measure.” The fourth
row in each panel gives the percentage of
pairs for which the experimental and nonex-
perimental estimates of the program effect
yield different statistical inferences (based
on the 10-percent level of significance). Fi-
nally, the fifth row in each panel gives the

~The average absolute difference is presented, but
the average difference is not. The latter is not mean-
ingful for the cross-state estimates (particularly the
unmatched sample) or for the cross-site estimates, be-
cause the control group for each state or site serves as
a comparison group in a nonexperimental estimate,
forcing the average difference to be close to zero by
definition.
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TABLE 2—SUMMARYOF EXPERIMENTALAND NONEXPERIMENTAL

ESTIMATES OF PROGRAM EFFECT ON FRACTION EMPLOYED

 

Comparison groupspecification
 

Cross-state estimates Within-state estimates
 

Unmatched Matched Across site Across cohort
 

Statistic

All Pairs ofExperimental and NonexperimentalEstimates:
Numberof pairs 96
Meanexperimental estimate 0.056
Meanabsolute experimental — 0.090

nonexperimental difference
Percentage with different 47

inference
Percentagewithstatistically 70

significant difference
(10-percentlevel)

Pairs That Pass Specification Test:
Numberof pairs 32
Mean experimental estimate 0.052
Meanabsolute experimental — 0.059

nonexperimental difference
Percentage with different 41

inference
Percentage withstatistically 56

significant difference
(10-percentlevel)

Pairs That Fail Specification Test:
Numberofpairs 64
Mean experimental estimate 0.057
Meanabsolute experimental — 0.105

nonexperimental difference
Percentage with different 50

inference
Percentage with statistically 77

significant difference
(10-percentlevel)

24 16 24
0.056 0.069 0.045
0.080 0.044 0.034

38 13 29

67 31 4

18 14 16
0.048 0.057 0.046
0.080 0.042 0.030

39 14 19

72 29 0

6 2 8
0.077 0.157 0.043
0.080 0.063 0.042

33 0 50

50 50 13

 

percentage of pairs for which the difference
between experimental and nonexperimental
estimates is statistically significant at the
10-percent level.”°

Tt is important to recognize that the samplesizes
vary across the comparison-group specifications. In
particular, sample sizes are smaller in the within-state
specifications than in the cross-state specifications. In
comparingthe results across the different comparison-
group specifications, potential biases related to sample
size should be kept in mind.Forthe first criterion used
to judge the accuracy of the nonexperimental esti-
mates, mean absolute difference, decreasing sample
size will tend to produce worse results, assuming that
there is no change in any real underlying bias. The
other two criteria may tend to show (falsely) improve-
ment as sample size decreases. For a given size of the

The top panel in Table 2 displays results
for all pairs of experimental and nonexperi-
mental estimates, ignoring whether the non-
experimental part of the pair passes orfails
the specification test. Looking first at the
cross-state estimates that do not utilize sta-
tistical matching (the first columnofresults),
it is seen that the mean absolute difference

 

program effect, ‘different inference” may occur less
often in smaller samples because it is more likely that
both experimental and nonexperimental estimates will
not bestatistically significant. Similarly, fewer statisti-
cally significant differences may occur in smaller sam-
ples, since any bias in the nonexperimental estimate,
no matter howslight, will yield “difference statistically
significant” if only the samples are large enough.
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is large, much larger than the mean experi-
mental estimate itself. Nearly half of the
nonexperimental estimates (47 percent) lead
to different statistical inferences from those
for the corresponding experimental esti-
mates. An even larger share of the pairwise
differences (70 percent) are statistically sig-
nificant. About a third of the pairs differ by
more than 0.100 (not shown in the table),
which indicates a substantial discrepancy,
given that the average of the experimental
estimates is+0.056. Only a third differ by
less than 0.050 (not shown).

Statistical matching improves the accu-
racy of the cross-state nonexperimental esti-
mates, but not by very much. The mean
absolute experimental—nonexperimental
difference falls to 0.080 (about an 11-per-
cent drop), but it is still larger than the
mean experimental estimate. The percent-
age of the estimates producing a different
inference falls to 38 percent (about a 19-_
percent drop), and the percentage with a
Statistically significant difference falls to 67
percent (about a 4-percent drop). Thus, even
though the program and comparison groups
are more closely matched on their observed
baseline personal characteristics, the greater
similarity translates into only a modest
rather than a substantial improvement in
the accuracy of the nonexperimental esti-
mates.
There are several reasons whystatistical

matching does not more dramatically im-
prove the accuracy of the nonexperimental
estimates. First, matching utilizes only ob-
served characteristics, measured at baseline.
If there are substantial unobserved differ-
ences between the program and comparison
groups and if these differences influence
employment decisions independently of ob-
served characteristics, then matching is
likely to havelittle effect on the comparabil-
ity of the two groups. Such unobserved dif-
ferences may be environment-related (e.g.,
differences in economic conditions or local
institutional structure) or they may be
individual-related (e.g., differences in com-
munity preferences for work). Second, the
particular matching procedure used here
may not have given enough weight to the
most important baseline characteristics.
Some other matching procedure might prove

superior. Third, the matching variables are
also included as regressors in the models of
program effects for both the matched and
unmatched samples. In the unmatched sam-
ples, these regressors perform much the
same function as matching(i.e., they adjust
the outcome variable for differences in the
observed characteristics). In the matched
samples, these characteristics are used twice:
first in creating the matched sample, and
then again in adjusting the outcome vari-
able in the regression model. In fact, when
the nonexperimental models are estimated
without using these characteristics as re-
gressors, the matched-sample results hardly
change at all, whereas the unmatched-
sample results change more and differ more
from those of their experimental counter-
parts. Finally, it should be noted that
matching on preprogram characteristics
does not logically imply that the model re-
lating those characteristics to subsequent
behavior must necessarily be the same for
the matched comparison group andthe pro-
gram group in the absence of the program.
In fact, the crux of the nonexperimental
evaluation problem is that individuals with
identical measured baseline characteristics
can exhibit divergent follow-up outcomes.
Looking next at the last two columns of

Table 2, it is evident that the within-state
comparisons perform considerably better
than the cross-state comparisons, but inac-
curacies still remain. Mean absolute differ-
ences are much smaller and are now less
than the mean experimental estimates. The
decrease in mean absolute differences is
particularly notable because the smaller
sample sizes would tend to produce in-
creases in this measure (see footnote 26).
Meanabsolute differences, however,arestill
large enough to be worrisome (64 percent of
the mean experimental estimate in the
cross-site specification and 76 percent of
the mean experimental estimate in the
cross-cohort specification). Note that only
13 percent of the cross-site pairs and only
29 percent of the cross-cohort pairs produce
different inferences. Also note that only 31
percent of the cross-site pairs and 4 percent
of the cross-cohort pairs produce statisti-
cally significant differences. These latter two
criteria, however, might tend to indicate
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fewer significant differences anyway as the
cross-state samples are divided into the
smaller within-state subsamples (see foot-
note 26).

In the middle and bottom panels of Table
2, the pairs are grouped separately for non-
experimental comparisonsthat pass andfail
the specification test, respectively. If the
specification test is useful, most of the
results in the middle panel should be accu-
rate. It would also be desirable, but not
strictly necessary, if the bottom panel con-
tained mostly inaccurate estimates, since
that would mean that the test would waste
fewer accurate estimates.
The results indicate that the specification

test does improve the accuracy of the non-
experimental estimates. In most columns of
the table, the mean absolute difference is
lower among the group of pairs that pass
the specification test than it is among all
pairs. However, the ability of the specifica-
tion test to discriminate between accurate
and inaccurate estimatesis not great in these
samples, and the improvement from using
the test is often marginal.
For the cross-state/unmatched compar-

isons, two-thirds of the nonexperimental es-
timates fail the specification test. Such a
high failure rate is not necessarily bad. In
fact, we would hope for a large proportion
of test failures, since so manyof the results
are so far off the mark. As it turns out,
weeding out the test failures does improve
results somewhat. The mean absolute dif-
ference drops by a third (from 0.090 to
0.059), and there are smaller proportions
with different inferencesorstatistically sig-
nificant differences.
The failed cross-state/unmatched esti-

mates are mostly for pairs with statistically
significant experimental—nonexperimental
differences (77 percent) and, to a lesser
extent, different statistical inference (50
percent). About half the failed pairs differ
by more than 0.100 (not shownin thetable).
Indeed, the specification test seems most
effective in eliminating those “outlier” esti-
mates (i.e., nonexperimental estimates
differing by more than 0.100 from their cor-
responding experimental estimates). In all,
there are 54 cross-state/unmatched pairs
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with differences of more than 0.100, and 47
(more than 85 percent) were identified by
failing the specification test.

Notwithstanding, many of the cross-
state/unmatched nonexperimental esti-
mates that pass the specification test still
differ substantially from their respective ex-
perimental estimates: 41 percent of the
“passes” yield different statistical infer-
ences, and 56 percent of the differences are
statistically significant.
The cross-state/matched estimates do not

show improvement from the specification
test, as did the unmatched estimates. Only
one-quarter of the matched estimates fail
the test. The passed estimates have the same
mean absolute difference as the set of all
estimates in the column; there is an absence
of the kind of improvement observed for
the unmatched estimates. More of the
passed estimates have a different inference,
and more have statistically significant dif-
ference.
The within-state estimates show only

marginally greater benefit from the specifi-
cation test than the cross-state/matched
estimates. The great majority of the within-
state estimates pass the specification test.
There is some improvement for cross-site
and cross-cohort comparisons, but the set of
passes is not markedly better than the set of
all untested estimates.

V. Conclusions

Manysocial programsare evaluated using
nonexperimental econometric methods that
compare the behavior of individuals ex-
posed to the program with the behavior of
individuals who are not. In this paper we
have followed previous studies by using ex-
perimental data to assess the relative effi-
cacy of certain types of nonexperimental
procedures that are frequently usedto eval-
uate social programs. All of these proce-
dures face the common problem ofselecting
an appropriate comparison group. Wealso
examined twostatistical techniques for im-
proving accuracy: statistical matching and
specification testing. The procedures we
have utilized in this paper were not meant
to represent the full catalogue of applicable
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nonexperimental’ comparison methods,
matching techniques, or specification tests.
Our first set of nonexperimental esti-

matesutilized comparison samples drawn in
different states from the program samples.
Nonexperimental evaluations often adopt
this method. The resulting nonexperimental
estimates were usually quite different from
the experimental estimates derived from the
same data. This is not surprising, since pro-
gram and comparison samples for the
cross-state procedures were far apart in
space and time, and environmental factors
could differ considerably. More importantly,
however, we foundthat specification testing
and statistical matching procedures did not
appear to make major improvementsin the
cross-state estimates. The specification test
did reject many of the nonexperimentalesti-
mates, but those that remained were only
somewhatbetter, not markedly better, than
the original untested set of estimates. Statis-
tical matching also produced only a modest
improvement in the accuracy of the nonex-
perimental estimates.
Our second set of nonexperimental esti-

matesutilized comparison samples drawn in
the same state as the program sample. This
approach produced better results than the
cross-state procedures. The average dis-
crepancy between experimental and nonex-
perimental estimates was smaller, although
important differences still remained. Fur-
thermore, applying a specification test did
not improve these within-state estimates
further.*’ Overall, the specification test was
more effective in eliminating wildly inaccu-
rate “outlier” estimates than in pinpointing
the most accurate nonexperimental esti-
mates. Making the comparison samples
closer in time and space by using cross-site
and cross-cohort comparisons produced
more improvement than specification test-
ing or statistical matching.
The results of our study illustrate the

risks involved in comparing the behavior of

*7Additional analysis not reported in this paper indi-
cates that the findings are not sensitive to the choice of
dependent variables, to the subgroup analyzed, or to
the size of the critical region of the specification test.

individuals residing in two different geo-
graphic areas. Comparisons across state
lines are particularly problematic. Our find-
ings illustrate that estimates of program ef-
fects from cross-state comparisons can be
quite far from the true effects, even when
samples are drawn (as ours were) with the
same sample intake procedures and from
target populations defined with the same
objective characteristics. This is an impor-
tant lesson, given that studies often rely on
cross-state comparisons. Our results suggest
that statistical matching or a specification
test alone will be unable to reduce markedly
the uncertainty surrounding that kind of
nonexperimental estimate. Our research in-
dicates that, at a minimum, such studies
must demonstrate the similarity of local
conditions as a prerequisite to establishing
the validity of the comparison. Whether
similarity of observable local conditions is
sufficient for a valid comparison of two
areas remains an open question, however.
When we switched the comparison from
across states to within a state we did note
some improvement, but inaccuraciesstill re-
mained. Additional research should ask
whether these inaccuracies can be reduced
further by larger sample sizes, by using par-
ticular local variables to identify a suitable
comparison area (andby verifying later that
the area remained suitable throughout the
study period), or by pooling estimates of
program effects from a numberof indepen-
dent comparisons or comparisonstudies.
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