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Data from the National Supported Work (NSW) randomized experiment
have been used frequently over the past 30 years to demonstrate the im-
plementation of various non-experimental methods for drawing causal
inferences about treatment effects. In the present study we reanalyze the
NSW data using ODA and compare results with those estimated using #-
tests. Statistical results were largely consistent between methods, how-
ever ODA found 22.2% (2 of 9) pre-intervention characteristics to be
imbalanced. Given that ODA avoids assumptions required of parametric
methods, and is insensitive to skewed data and outliers, ODA should be
considered the preferred approach when evaluating data from random-

ized experiments.

In a comprehensive series of papers, ODA and
CTA frameworks were applied to observational
data to draw causal inferences about treatment
effects'"!” as well as to reanalyzing data from a
randomized controlled trial'® for both count'
and survival®® outcomes. In this paper we rean-
alyze data from the National Supported Work
(NSW) experiment which was originally dis-
cussed by LaLonde?! in the context of economic
evaluation approaches, but has since then been
utilized frequently to demonstrate the imple-
mentation of various non-experimental tech-
niques, such as propensity scoring methods, for
assessing causal inference. Presently, we apply
ODA to these data to assess whether results are
consistent with those derived via the usually-
employed parametric z-test.
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Methods
Data

The NSW was a U.S. federally- and privately-
funded program that aimed to provide work
experience for individuals who had faced eco-
nomic and social problems prior to enrollment
in the program. Candidates for the experiment
were selected on the basis of eligibility criteria,
and then were either randomly assigned to, or
excluded from, the training program. We use the
same subset of NSW data used by Dehejia and
Wahba?>—samples of 185 male treated and 260
control observations. Data were retrieved from:
http://users.nber.org/~rdehejia/nswdata2.html.
Nine preintervention (pre-treatment) variables
were available to assess covariate balance, and
the outcome variable was post-treatment
earnings in 1978.
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Analyses

ODA models**** were generated separately for
each of the nine baseline covariates and for the
outcome variable. In each model the binary indi-
cator for treatment was specified as the class
variable, and each covariate (and outcome) was
set as the attribute. A total of 25,000 Monte
Carlo simulations were used to compute P val-
ues, and leave-one-out (LOO) analysis was con-
ducted to assess cross-generalizability. LOO
analysis is inherently one-tailed (directional),
and is only conducted for models having P <
0.05 in training (total sample) analysis.>>**
Results obtained by ODA were
compared to those obtained using #-tests (z-tests
on the equality of proportions were used for
binary variables and #-tests on the equality of
means were used for continuous/ordered
variables). For each #-test analysis, treatment vs.
control was configured as a between-groups
factor, and each covariate (and outcome) as a
dependent variable. Comparisons were made
between ODA and #-tests on the full sample

only, given that statistical software does not
inherently provide LOO analysis for z-tests.

Results

Table 1 presents the results of all analyses con-
ducted herein. When using ¢-tests, all preinter-
vention characteristics appear to be balanced
according to conventional criteria (P > 0.05),
and the outcome is statistically significant (P =
0.005), indicating that the program was effective
in increasing income levels for study partici-
pants versus controls.

All nine of the ODA models used to
assess covariate balance had a relatively weak
effect strength for sensitivity (ESS), indicating
the existence of a modest degree of between-
group imbalance (i.e., heterogeneity).>>**

In contrast to #-test findings of no differ-
ences between the treatment and control groups,
two of nine (22.2%) ODA models had P —
values < 0.05, meeting the generalized (per-
comparison) criterion for statistical signifi-
cance.?*

Table 1: Preintervention characteristics and outcome of NWS program participants and non-participants.
Values represent cut-points on the covariate (and outcome), and values in parentheses represent
sensitivity (for participants) and specificity (for non-participants).

Treatment Controls Effect Strength  P-value P-value P-value
(N=185) (N=260) Sensitivity t-test (Train) (LOO)

Preintervention Characteristics
Age >20.5 (74.59) <20.5(31.92) 6.52% 0.265 0.526
Education >11.5(29.19) <11.5(83.46) 12.65% 0.135 0.015 0.001
Black =1(84.32) =0(17.31) 1.63% 0.649 0.701
Hispanic =0 (94.05) =1(10.77) 4.82% 0.076 0.087
Married =1(18.92) =0 (84.62) 3.53% 0.326 0.371
Unemployed 1974 =0(29.19) =1(75.00) 4.19% 0.325 0.327
Unemployed 1975 =0 (40.00) =1 (68.46) 8.46% 0.065 0.069
Real earnings 1974 >1671.57 (24.32) <1671.57 (80.38) 4.71% 0.982 0.589
Real earnings 1975 >782.60 (34.59) <782.60(76.15) 10.75% 0.382 0.050 0.015
Outcome
Real earnings 1978 >465.53 (75.14)  <465.53 (38.08) 13.21% 0.005 0.038 0.003
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For education ODA found a statistically
significant cut-point (P = 0.015) at 12 grade.
The ODA model was: if education > 11.5 years,
then predict the observation was assigned to the
intervention group, otherwise predict the obser-
vation was assigned to the control group: for
this model ESS = 12.65 corresponding to a rela-
tively weak effect.?>?* ESS was stable in LOO
validity analysis (P = 0.001).

For real earnings in 1975 ODA found a
statistically significant cut-point (P = 0.05) at
$782.60. The ODA model was: if real earnings
in 1975 > $782.60, then predict the observation
was assigned to the intervention group, other-
wise predict the observation was assigned to the
control group: for this model ESS = 10.75 corre-
sponding to a relatively weak effect.*** ESS
was stable in LOO validity analysis (P = 0.015).

Finally, the ODA outcome model was:
if earnings in 1978 > $465.53, then predict the
observation was assigned to the intervention
group, otherwise predict the observation was
assigned to the control group: for this model
ESS =13.21 (P =0.038) corresponding to a
relatively weak effect.** ESS fell to 12.67 in
LOO validity analysis (P = 0.003).

Discussion

In this paper we have once again demonstrated
the value of using ODA for evaluating random-
ized experiments. ODA should be considered
the preferred approach over commonly-used
parametric models because ODA avoids the
assumptions required of parametric models (e.g.
linearity, sufficient sample size, independence,
etc.), while by being insensitive to skewed data
or outliers, and in its ability to handle any varia-
ble metric including categorical, Likert-type in-
teger, and real number measurement scales.?****
Moreover, in contrast to regression models,
ODA also has the distinct ability to ascertain
where the optimal (maximum-accuracy) cut-
points are on a variable of interest, which in turn
facilitates the use of measures of predictive
accuracy.
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Furthermore, ODA has the capability to
use cross-validation methods such as LOO
which was employed presently, in addition to
hold-out, multiple-sample, test-retest, and boot-
strap?*?* cross-validation methods to assess the
generalizability of the model to other
individuals (outside of the study) with similar
characteristics.?® Again, there is no equivalent in
the parametric model-based framework, failing
to provide insight into the likelihood that any
observed intervention effect would generalize.

Another advantage of ODA lies in the
analysis of designs with an attribute reflecting
more than two qualitatively distinct categories.
Using ODA a single multicategorical variable is
created, on which each observation’s actual cat-
egory level is indicated by a dummy code—for
example, 1, 2, and 3 for treatment A group,
treatment B group, and control group, respec-
tively. ODA will identify the model which
maximizes ESS. The most accurate model might
find that all three category levels differ: for ex-
ample, A < B < C. Or, the most accurate model
might find that one category level differs from
two levels which do not differ from each other:
for example, A > (B = C). Finally, the most ac-
curate model might find that two category levels
differ, with a third level intermediate between
them: for example, A=B, B=C, and A > C.
This method of dummy-coding cannot be used
with multivariable linear models, for which one
of the category levels is selected as a compari-
son reference.?’

Finally, it should be noted that the objec-
tive of this paper was to demonstrate the use of
ODA to draw causal inferences about baseline
covariate balance and treatment effects, and
compare results to findings obtained using #-
tests. In contrast to the #-test, ODA identified
imbalances on two of the attributes (covariates)
for this sub-sample of the original RCT. The
existence of statistically reliable baseline
imbalances indicates that weighting by pro-
pensity scores may be appropriate with these
data, for making causal inferences regarding the
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effect of the intervention. This methodology is
demonstrated elsewhere, and falls beyond the
scope of the present paper.” 10-12
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