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Assignment Methods in Experimentation: When Do
Nonrandomized Experiments Approximate Answers From

Randomized Experiments?

Donna T. Heinsman and William R. Shadish
University of Memphis

This meta-analysis compares effect size estimates from 51 randomized experi-
ments to those from 47 nonrandomized experiments. These experiments were
drawn from published and unpublished studies of Scholastic Aptitude Test
coaching, ability grouping of students within classrooms, presurgical education
of patients to improve postsurgical outcome, and drug abuse prevention with
juveniles. The raw results suggest that the two kinds of experiments yield
very different answers. But when studies are equated for crucial features
(which is not always possible), nonrandomized experiments can yield a reason-
ably accurate effect size in comparison with randomized designs. Crucial
design features include the activity level of the intervention given the control

group, pretest effect size, selection and attrition levels, and the accuracy of -

the effect-size estimation method. Implications of these results for the conduct
of meta-analysis and for the design of good nonrandomized experiments

are discussed.

Since Glass (1976) coined the term meta-analy-
sis, hundreds of meta-analyses have been done
(Cooper & Lemke, 1991; Lipsey & Wilson, 1993).
Nearly all have focused on substantive issues such
as whether psychotherapy works, But a few meta-
analyses have studied methodological issues, such
as experimenter expectancy effects (Rosenthal &
Rubin, 1978) or publication bias (Simes, 1987).
The present study is of this latter type, using meta-
analysis to examine the defining feature of the
randomized experiment, random assignment to
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conditions (Fisher, 1925). When certain assump-
tions are met (e.g., no treatment correlated attri-
tion) and it is properly executed (e.g., assignment
is not overridden), random assignment allows un-
biased estimates of treatment effects and justifies
the theory that leads to tests of significance. We
compare this experiment to a closely related quasi-
experimental design——the nonequivalent control
group design——that is similar to the randomized
experiment except that units are not assigned to
conditions at random (Cook & Campbell, 1979).
Statistical theory is mostly silent about the statisti-
cal characteristics {(bias, consistency, and effi-
ciency) of this design.

However, meta-analysts have empirically com-
pared the two designs. In meta-analysis, study out-
comes are summarized with an effect size statistic
(Glass, 1976). In the present case, the standardized
mean difference statistic is relevant:

_ M- M.
d= SD,
where M; is the mean of the experimental group,
M is the mean of the comparison group, and
$D, is the pooled standard deviation. This statistic
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allows the meta-analyst to combine study out-
comes that are in disparate metrics into a single
metric for aggregation. Comparisons of effect sizes
from randomized and nonrandomized experi-
ments have yielded inconsistent results (e.g.,
Becker, 1990; Colditz, Miller, & Mosteller, 1988;
Hazelrigg, Cooper, & Borduin, 1987; Shapiro &
Shapiro, 1983; Smith, Glass & Miller, 1980). A
recent summary of such work (Lipsey & Wilson,
1993) aggregated the results of 74 meta-analyses
that reported separate standardized mean differ-
ence statistics for randomized and nonrandomized
studies. Overall, the randomized studies yielded
an average standardized mean difference statistic
of d = 0.46 (SD = 0.28), trivially higher than the
nonrandomized studies d = 0.41 (§D = 0.36); that
is, the difference was near zero on the average
over these 74 meta-analyses. Lipsey and Wilson
(1993) concluded that “there is no strong pattern
or bias in the direction of the difference made by
lower quality methods. In a given treatment area,
poor design or low methodological quality may
result in a treatment estimate quite discrepant
from what a better quality design would yield, but
it is almost as likely to be an underestimate as an
overestimate' (p. 1193). However, we believe that
considerable ambiguity still remains about this
methodological issue.

Problems With Past Research

Careful Definition of Key Variables of
Interest

Most meta-analyses have examined assignment
method differences in studies primarily devoted
to substantive questions. As a result, they have
often not carefully defined the independent vari-
able (assignment method) and dependent variable
(effect size) in the assignment method question.
For example, they may report a difference be-
tween a set of categories different from random-
ized and nonrandomized experiments; so Becker
(1990) included both nonequivalent control group
designs and uncontrolled studies in her nonran-
domized group. Other meta-analysts may have
coded studies into these categories incorrectly, as
did one meta-analyst who confused random sam-
pling with random assignment. Other problems
arise with the dependent variable—effect size. For
example, when studies report results only as non-
significant, the meta-analyst may estimate effect

size as zero. If such decisions are differentially
distributed across random and nonrandomized ex-
periments—as they might be if, for example, ran-
domized experiments are more likely to be pub-
lished-—differences in average effect size might be
created or reduced as a result.

What Should Count as a Randomized or
Nonrandomized Experiment?

Methods textbooks (e.g., Cook & Campbell,
1979) emphasize that randomized experiments
may yield biased estimates if differential attrition
occurs; similarly, matching on reliable covariates
may aid nonrandomized experiments (Holland,
1986; Rubin, 1974). If so, then comparisons be-
tween randomized and nonrandomized experi-
ments should consider both assignment method
and these other variables. Hence, while we first
examine differences between random and nonran-
dom assignment, we focus the rest of this article on
more practically interpretable comparisons. This
reframes the question from *‘ Are there differences
between randomized and nonrandomized experi-
ments?” to “Under what conditions do the results
of nonrandomized experiments do a better or
worse job of approximating the results from ran-
domized experiments?”

Effect Size Variance

Past meta-analyses focused on mean differences
between randomized and nonrandomized studies;
but Hedges (1983) provided tentative evidence in
a small sample that such studies might differ in
variability. Hedges (1983) explained that “‘preex-
isting differences between groups are not con-
trolled in the quasi experiments. If the studies that
did not have random assignment exhibited a distri-
bution of real preexisting differences, then these
differences would also be reflected in the distribu-
tion of {posttest) effect-size estimates” (p. 393).
This issue has not been examined in other meta-
analyses, despite its importance for statistical
power. We examine it here.

Variables Confounded With Results Over
Areas

Even though the average difference between
randomized and nonrandomized experiments may
be zero (Lipsey & Wilson, 1993), such differences
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may vary greatly over area, sometimes being posi-
tive and sometimes negative. One reason may be
that variables such as matching, attrition, and se-
lection may covary with assignment mechanism
differently over areas. For instance, in some areas
matching may be common in randomized experi-
ments, but it may be more common in nonrandom-
ized experiments in other areas. It is crucial to
take such covariates into account before drawing a
conclusion about differences between randomized
and nonrandomized experiments. We include two
kinds of these covariates: {a) those that are inti-
mately tied to experimental design such as differ-
ential attrition, matching, the kind of control group
used, and the similarity of the comparison group
to the treatment group, and (b) other variables
that past meta-analyses suggest may strongly in-
fluence effect size such as publication status or
various measurement characteristics.

Method
Sample

The present study drew from four past meta-
analyses that contained both random and nonran-
domized experiments on juvenile drug use preven-
tion programs (Tobler, 1986), psychosocial inter-
ventions for postsurgery outcomes (Devine, 1992),
coaching for Scholastic Aptitude Test perfor-
mance (Becker, 1990), and ability grouping of pu-
pils in secondary school classes (Slavin, 1990).
These four areas were selected deliberately to re-
flect different kinds of interventions and substan-
tive topics. Although Lipsey and Wilson’s (1993)
article had not appeared at the time this selection
was made, these four meta-analyses reflect the
kinds of substantive topics in their larger sample.
Specifically, 290 of the 302 meta-analyses in their
sample examined health, mental health, or educa-
tion—exactly the areas examined in the four meta-
analyses in the present study (the remaining 12
meta-analyses in their sample examined worksite
and organizational interventions). All four meta-
analyses also included many unpublished manu-
scripts, allowing us to examine publication bias
effects. In this regard, a practical reason for choos-
ing these four was that previous contacts with three
of the four authors of these meta-analyses sug-
gested that they would be willing to provide us
with these unpublished documents. These meta-
analyses also reported variable results comparing

randomized experiments with nonrandomized ex-
periments, Our target was to include about 100
primary studies in the present meta-analysis,
more than is included in the vast majority of -
past meta-analyses (Lipsey & Wilson, 1993) and
large enough to allow some modeling of the
effects of the variables of interest in this study
using regression. From each of these four meta-
analyses, we selected randomized and nonran-
domized experiments, including dissertations and
other unpublished manuscripts, using the follow-
ing criteria:

1. To maximize effect size, we looked for studies
that compared treatments with control conditions
rather than with other treatments and that did
so at posttest rather than at follow-up. Control
conditions included no treatment, wait list, pla-
cebo, and treatment as usual. An example of the
latter is a study of the effects of presurgical patient
education on postsurgical outcome; the compari-
son condition included everything that is normally
done to patients prior to surgery, probably includ-
ing some education conveyed through the physi-
cian or nurse or through the informed consent
form.

2. We excluded studies that did not report the
statistics required to compute an effect size using
a standard formula. We included the several ways
of computing a standardized mean difference sta-
tistic from mean and standard deviations, from
raw data, or from a one-way two-group F test or
t test. We sometimes estimated the standardized
mean difference statistic from other data such as
means and a three-group F test or repeated mea-
sures F test, if those formulae seemed likely to
approximate effect size well (Smith et al., 1980,
Appendix 7). However, we coded these separately
for later comparison to the exact methods. We
excluded effect sizes reported only as significant or
nonsignificant, those codable only from an inexact
probability level (e.g., p < .05 or p > .05), and
other estimates that seemed likely to yield quite
different answers from the standardized mean dif-
ference statistic on posttest means (e.g., estimating
effect size from two within-group ¢ tests). We ex-
cluded dichotomous outcomes, which should be
coded by odds ratios (Shadish & Haddock, 1994),
because we could not convert odds ratios to d
(Hasselblad & Hedges, 1995, have now published
a formula for doing so).

3. We excluded studies in which subject assign-
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Table 1
Number of Studies From Four Meta-Analyses

Random experiments

Nonrandom experiments

Meta-analysis Published Unpublished Published Unpublished Total
Becker (1990): SAT coaching 2 § 3 4 14
Slavin (1990): ability grouping 0 5 4 5 14
Devine (1992): presurgical intervention 18 9 9 5 41
Tobler (1986): drug-use prevention 10 2 13 4 29
Total 30 21 29 18 98

Note. SAT = Scholastic Aptitude Test.

ment method was not clear or in which the author
wrote contradictory things about assignment.

4, We excluded studies using haphazard assign-
ment, such as alternating assignment of subjects
to conditions. Such assignment is not formally ran-
dom but also not obviously biased; and there are
too few such studjes to examine as a separate cate-
gory. However, this criterion does not imply that
systematic bias will be present in the nonrandom-
ized experiments we did include. It is an empirical
question whether other nonrandom selection
mechanisms will result in a systematic bias to
outcome.

This procedure yielded 98 studies for inclusion,
51 random and 47 nonrandom, These studies al-
lowed computation of 733 effect sizes, which we
aggregated to 98 study-level effect sizes. Table 1
describes the number of studies in more detail.
Retrieving equal numbers of published and un-
published studies in each cell of Table 1 proved
impossible. Selection criteria resulted in elimina-
tion of 103 studies, of which 40 did not provide
enough statistics to calculate at least one good
effect size;' 19 reported data only for significant
effects but not for nonsignificant ones; 15 did not
describe assignment method adequately; 11 re-
ported only dichotomous outcome measures; 9
used haphazard assignment; 5 had no control
group; and 4 were eliminated for other reasons
(extremely implausible data, no posttest reported,
severe unit of analysis problem, or failure to report
any empirical results). There is no way to tell how
many eliminated studies contributed to random
and nonrandom contrasts conducted by past au-
thors. However, given that (a) we eliminated over
half the available studies and (b) most meta-analy-
ses report the random and nonrandom contrast

for all or nearly all studies in their sample, proba-
bly the vast majority of these eliminated studies
were used in the past estimates.

Variables Coded

In addition to effect size and substantive area,
we coded two sets of variables. The first set (itali-
cized in what follows) are important design vari-
ables. First, assignment method (random or not)
is coded. Second, although the mere presence of
a pretest should not affect study outcome, pretest
effect size may influence study outcome. Third,
some studies use matching (blocking) or stratifying
of subjects at pretest. These terms are not used
consistently in the literature (Fleiss, 1986; Keppel,
1991; Kirk, 1982). We used blocking and matching
interchangably to refer cases in which the number
of units in the block is equal to the number of
conditions in the experiment; an example would
be rank-ordering subjects on weight at pretest in
an experiment with two conditions and then as-
signing the 2 subjects with the highest weights ran-
domly to condition, and the same with each subse-
quent pair. With stratifying, the number of units
in the strata exceeds the number of conditions, as
when subjects are stratified by gender and then
randomly assigned to conditions separately from
within strata. However, we collapsed these distinc-
tions into one category because of small cell sizes
when they were coded separately. Fourth, we
coded total attrition and differential attrition sepa-

"One randomized drug-use prevention experiment
(Rabinowitz & Zimmerli, 1974) initially included in this
meta-analysis was later excluded after it was found to
fail this effect-size computation criterion,






