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I. BACKGROUND AND OBJECTIVE

Controlled experiments, where subjects are randomly assigned to receive interventions, are
desirable but frequently perceived to be infeasible or overly burdensome, especially in social
settings. Therefore, nonexperimental (also called quasi-experimental) methods are ofien used
instead. Quasi-experimental methods are less intrusive and sometimes less costly than controlled
experiments, but their validity rests on particular assumptions that are often difficult to test.!

It is therefore important to find empirical evidence to assess the likelihood that a given
method applied in a given context will yield unbiased estimates. The current study is a
systematic review of validation research to better understand the conditions under which quasi-
experimental methods most closely approximate the results that would be found in a well-
designed and well-executed experimental study. We collect and summarize a set of earlier
studies that each tried, using convenience samples and one or more quasi-experimental methods,
to replicate the findings from a social experiment. Our synthesis aims to give both producers z'md
consumers of social program evaluations a clear understanding of what we know and what we do

not know about the performance of quasi-experimental evaluation methods.

A. QUESTIONS GUIDING THIS RESEARCH

The research aims to address the following questions:

» Can quasi-experimental methods approximate the results from a well-designed and
well-executed experiment? '

* Under what conditions can nonexperimental methods produce unbiased program
impact estimates?

» Can the bias from a single nonexperimental impact estimate be cancelled out or offset
by aggregating multiple nonexperimental impact estimates?

! The terms “quasi-experimental” and “nonexperimental” are used interchangeably here.
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The answers to these questions will be useful to policymakers and researchers in two ways.

First, they will inform our decisions about whether and how to consider quasi-experimental

evidence when we review or synthesize research on the effectiveness of social interventions.

This issue holds particular interest for the members of the Campbell Collaboration, an
international body of scholars dedicated to the production and dissemination of systematic
reviews of such research.

Second, our study will inform those who sponsor or conduct evaluation fesearch. By
examining nonexperimental replicatioﬁs of social experiments, we can begin to learn the
conditions under which, when random assignment ié not feasible, it would be acceptable to rely
on a quasi-experimental research design. We can also provide insight into which quasi-
experimental approach is most promising in a given context. This information is critical for
government agencies, private foundations, and evaluation researchgrs as they plan future

evaluations.

B. STATE OF THE FIELD BEING REVIEWED

For decades, vigorous debate has focused on the most appropriate methods for studying the
effectiveness of social programs, with experimental design pitted against a wide array of
alternatives. Most of the discussion, however, has remained theoretical. (See Campbell and
Stanley 1966; Cook and Campbell 1979; Chalmers et al. 1983; Wortman 1996; Troia 1998;
Burtless 1995; and Heckman and Smith 1995).

The more recent phenomenon is the accumulation of empirical evidence that might address
the questions we raised above. Researchers have used two types of empirical evidence to assess
nonexperimental methods: between-study comparisons and within-study comparisons (Shadish
2000). The current study synthesizes the evidence from within-study comparisons, but we

describe between-study evidence as background.




R — —

Between-study comparisons look at two or more research studies that each tried to estimate
the same parameter (e.g., the effectiveness of a program) using different research designs and
study samples. By comparing results from all the studies that used experimental designs with
those that used nonexperimental designs and methods, researchers try to estimate the relationship
between the research design and the program impact.

A good source of between-study design comparisons are meta-analyses. A common practice
in meta-analysis is to report the effect size separately for studies that used random assignment to
assign subjects to treatments and for studies that used nonrandomized comparison groups or
explore more systematically the relationship between study design and overall findings (Shadish.
and Ragsdale 1996), but detailed information on study  designs beyond
experimental/nonexperimental or beyond idiosyncratic quality rating scales is rare.

One study (Lipsey and Wilson 1993) conducted a meta-analysis of meta-analyses to address
the question of how research design influences findings. Thé authors found 74 meta-analyses
that distinguished between randomized and nonrandomized treatment assignment and showed
that the average effect sizes for the two were similar, 0.46 of a standard deviation for
experimental design and 0.41 for nonexperimental design. But Lipsey -and Wilson examined
meta-analyses in a wide range of content domains, spanning nearly the entire applied psychology
literature. Their comparison of mean effect sizes masks the variation that might occur both
within and across content domains. To illustrate more directly, they graph the distribution of

differences between random and nonrandom treatment assignment for each individual meta-

? For recent examples, see Cooper et al. (2000), Table 2, or National Research Council
(2000), Chapter I, Tables 6-7.



analysis (where each one pertains to a single content domain). They found that while the
average difference between findings based on experimental versus nonexperimental designs was
close to zero, implying no bias, the range extended from about -1.0 standard deviation to +1.6
standard deviations, with the bulk of differences falling between -0.20 and + 0.40. Their finding
implies that for many types of interventions, the average of the quasi-experimental studies gives
a slightly different answer from the average of the experimental studies, and, for some, it gives a
markedly different answer. This between-study evidence still leaves open the question of
whether differences in impact estimates are due to design or to some other factor.

Within-study comparisons are single studies of one intervention whereby researchers
estimate a program’s impact by using a randomized control group and then estimate the same
impact by using one or more nonrandomized comparison groups. We refer to these studies as
“design replication” studies. The nonrandomized comparison groups are formed and adjusted by
using statistical or econometric techniques designed to estimate or eliminate the bias attributable
to self selection of different kinds of people into treatment and comparison conditions. Some
design replication studies use multiple comparison groups or the same comparison group with
multiple sample restrictions to examine the effect of different comparison group strategies. The
nonexperimental estimate is meant to mimic what would have been estimated if a randomized
experiment had not been possible. If the nonexperimental estimate is close to the experimental
estimate, then the nonexperimental technique is assumed to be “successful” at replicating an
unbiased research design.

The advantage of within-study comparisons is that they make clear that the difference in
findings between methods is attributable to the method itself rather than to the researcher, the
intervention, or the study context. Therefore, any within-study comparison yields a valid

estimate of the bias. On the other hand, a disadvantage is that it is more difficult to rule out







