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Recent experiences with the statistical evaluation of social
programs suggest that when the programs being evaluated
have impacts that are dynamic and possibly involve feed-
back effects, the statistical models being used to evaluate the
programs may produce conclusions that are not fully justified.
This paper proposes a research program that will use feedback
simulation models to test the robustness of proposed evalua-
tion designs before data collection begins.

THE PROBLEM IN BRIEF

The recent literature evaluating large scale, comprehensive,
and long term attempts at social reform is filled with sugges-
tions that such attempted reforms are not effective. Although
several compelling examples illustrate the alleged ineffective-
ness of social reforms, this paper will concentrate on the
example of the alleged ineffectiveness of public schools’
attempts to improve student achievement. As noted in the
references, this example probably points to a larger problem
that plagues most all statistical evaluations of social programs.
For example, in a recent survey of over fifteen years of
research covering scores of evaluations, Hanushek concluded
that attempts to improve student achievement in US schools
via public expenditures for educational inputs such as better
teachers and better schools have not been effective.l These
pessimistic results, couched in terms of statistically insignifi-
cunt or null results, also appear to be accumulating with
respect to other areas such as OSHA’s regulation of the work
force.2 3 as well as evaluation of health care.*

The amount of time and ecffort spent collecting data and
statistically evaluating these programs is immense. For
example, the 130 experiments surveyed by Hanushek are to a
large degree replications of and extensions to a basic study of
Coleman and others® which at the time of its inception was
one of the largest and most comprehensive evaluations of
schooling ever undertaken. However, several threads of
evidence at least suggest that these large scale evaluations
(as well as numerous small-scale evaluations) may all be
methodologically flawed and that the widely reported null
results may in part be mathematical artifacts rather than real
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policy conclusions. Specifically, if the real world policy
system being evaluated is a dynamic system endogenously
driven by feedback, then the statistical tools being used to
evaluate such programs may be biased toward producing
null results.

If in fact the program designs being used to evaluate social
programs are biased toward producing null results under
certain circumstances, then this implicit methodological bias
needs to be more fully investigated and specific techniques
proposed for evaluating when and under what conditions
such biases may exist. For example, preliminary experiments
discussed below suggest that measurement error in
independent variables, the existence of non-linearities, or
sampling frequency may dramatically bias the quality of
estimates of parameters within a dynamic feedback driven
system.

In addition to continuing research into the general limits of
statistical designs for evaluating social programs, additional
research is needed into how feedback simulation models of
specific social programs can be used to evaluate a proposed
statistical design even before data have been collected. That
is, simulation models might be used to generate synthetic
data sets to be analyzed by a statistical evaluation model
before such evaluation models are used to examine real data
sets. If the evaluation model cannot correctly analyze the
synthetic data generating system, the analyst should doubt
the ability of the evaluation model to correctly analyze a real
system.

BACKGROUND TO THE PROBLEM

There would appear to be at least four relevant bodies of
literature that could be drawn into this research problem
two from the ficld of statistical evaluation research and two
from the field of dynamic modeling.

First, since this whole problem is motivated by the discovery

of null results, one should probably become familiar with
some of these substantive research findings. Hanushek’s
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review of the schooling effectiveness literature would be a
good place to start as might be the OSHA and health care
cases cited above.

A second body of literature would explore the *classic”
methods of statistical evaluation design beginning with the
basic linear regression model® and several of its extensions
in econometrics.” In addition, considerable discussion exists
concerning the limits of and difficulties in applying such
models to specific substantive areas. For example, in the
field of schooling effectiveness research, one migght look at
the work of Hanushek,® Bridge, Judd, and Hoock,? or Bidwell
and Windham.!® Finally, general techniques for exploring
the sensitivity of regression results to violations of basic
assumptions such as Belsley, Kuh, and Welch’s interesting

work!? would also be explored in this body of research. -

A third review would look into the statistical properties of
feedback driven systems with special emphasis on how data
extracted from such systems might conform to or violate
the assumptions implicit in the basic linear regression model
and its most popular extensions. Feedback driven systems,
such as the simulation models constructed in most system
dynamics models, have statistical properties that are some-
what different from the properties assumed by ordinary
least squares regression. Here some of Kalman’s original
papers might be useful’?* 3 as well as the exposition in
any standard text in the field of stochastic estimation of
dynamic systems.!® Several papers also exist that attempt
to compare and contrast filtering techniques within feed-
back driven models with more classic regression based
analyses.!%: 16

Finally, and perhaps most important, a body of literature
on synthetic data experiments empirically explores some of
the limits of classical regression analysis when applied to
dynamic systems. In these experiments, a dynamic model
with stochastic inputs has been used to generate a synthetic
data set. A regression based estimation model is then used to
attempt to recover the parameters known to exist within the
synthetic data generating system. Since the structure and
parameters of the data generating “reality” are fully known,
the performance of the estimating model can be accurately
assessed.

For example, Senge has used this experimental design to
investigate how well regression models can recover parameters
from a dynamic system when the observed independent
variables have been corrupted by relatively small amounts of
measurement error.’”  For feedback driven systems, the
estimation models performed very well for no or minute
quantitics of measurement error, but the estimation model’s
performance degenerated rapidly under small to moderate
amounts of measurement error. Along a similar vein, Mass
and Senge explored the ability of statistical tests of signifi-
cance to recover important controlling parameters within
non-linear data generating models.?®  Standard statistical
tests showed that parameters known to be critical deter-
minants of overall model performance were not significant.

In a most interesting experiment, Luecke and McGinn!®
used a modified Markov chain to investigate exactly the
schooling effectiveness question sutveyed by Hanushek.

Luecke and McGinn discovered that even when expendi-
tures for educational inputs such as better teachers and schools
are known to have an effect on student achievement in a
simulated reality, estimation models similar to those reviewed
by Hanushek still produced null results. More than any other
of the synthetic data experiments, this result questions
whether the null results from statistical evaluations are real
policy conclusions or mathematical artifacts induced by the
evaluation design being employed. Andersen has more fully
discussed these points elsewhere.2°

POSSIBLE APPROACHES TO THE PROBLEM

One possible approach to studying the robustness of program
evaluation designs would follow a line of research begun by
Richardsgm.21 While investigating the bias introduced by
discrete sampling of data from a continuous system.
Richardson mathematically derived an estimate of the bias
in parameter estimates that would result from various
sampling strategies. Similar mathematically based derivations
of the stochastic properties of feedback driven systems could
be undertaken.

A second, more empirically oriented approach would follow
on the synthetic data experiments reported above and attempt
to isolate under what types of circumstances the statistical
estimation of feedback systems breaks down. Such an
empirical approach would have less of the flavor of a proof
than the Richardson approach, but could still provide
generally applicable guidelines for knowing when certain
evaluation designs might prove to be flawed.

A final approach would be to propose a procedure for testing
the robustness of a specific evaluation design for a specific
system. For example, a researcher interested in investigating
a specific hypothesis using a specific evaluation design would
construct two or more synthetic models of the system under
investigation before any data collection takes place. Within
one (or several) of these synthetic models the proposed
hypothesis would hold and within the other one (or several)
the proposed hypothesis would not be obtained.

For example, a researcher might construct two simulation
models of the effects of government inspections on injury
rates in industrial workplaces. One model would assume
that government inspections decrease injury rates. The second
model would gssume that government inspections have no
effect. The proposed evaluation design would then be used to
analyze data generated from these two synthetic realities. If
the proposed evaluation design showed significant statistical
results when the hypothesis was known to exist and failed to
show significant results when such hypothesized effects did
not in fact exist in the synthetic reality, then the researcher
could have greater confidence in the robustness of the rescarch
design before real data collection began. In the example just
cited if the simulation model assumed that the government
inspections mattered and an analysis of this simulation’s
output confirmed that such inspections mattered, then
confidence in the statistical research design would increase.
Similarly, if the simulation model assumed that government
inspections made no difference and statistical analysis of this
simulation’s output found no significant effect, then
confidence in the statistical research design would be further
increased. In those cases where statistical analysis failed to
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“discover” assumptions built into the simulation model,
confidence in the statistical research design would decrease.

The key to such a research program would be in designing a
set of generic procedures or tests which, if passed, would
satisfy most observers that the proposed evaluation design is
relatively robust and not subject to flaws that could easily be
detected before data gathering. Such a research program could
also suggest how iterative use of such synthetic data experi-
ments could be used to improve the evaluation models as well
as test sensitivity to possible types of specification error in
the overall evaluation design. Of course, such experiments
could not prove that an evaluation design is truly correct or
unbiased. However, these experiments could demonstrate
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