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SUMMARY

This paper considers the accuracy of conventional
econometric techniques in estimating parameters in a
feedback model. Evaluation of the estimation techni-
ques is accomplished by an experimental procedure in
which a nonlinear feedback model generates synthetic
data which is then used to estimate the parameters
in the data-generating model. Comparison of the
estimated and "true" parameter values provides a
measure of the accuracy of the estimation technique.

Experiments with ordinary and generalized least-
squares estimation (OLS and GLS) show that the

parameter estimates derived from these methods are
highly sensitive to errors in data measurement,
especially when a model’s feedback structure is not
completely known. Further tests of OLS and GLS with
different feedback models, as well as experimental
evaluations of other estimation techniques, should

help to determine the proper role of statistical
methods in modeling feedback systems.

Key words: Parameter identification in nonlinear
feedback systems, ordinary least-squares
estimation, generalized least-squares
estimation, econometrics

1 INTRODUCTION

Contemporary modeling of complex feedback systems
draws on two distinct methodological bases: (1) sta-

tistical estimation and testing, and (2) computer
simulation. Statistical methods aim at accurate
estimation of model parameters and formal hypothesis
testing. Simulation methods aid in understanding
how the structure of complex systems produces ob-
served behavior. Although many model-builders have
attempted to integrate statistics and simulation,
there remain important issues concerning the proper
roles of each in understanding feedback systems.

This paper deals with the proper role of statistical
estimation in constructing feedback models. This is
a topic about which modelers currently differ widely.
At one extreme, architects of large econometric
models rely heavily on statistical methodology; they
typically omit all variables which cannot be directly
measured and all feedback relationships which cannot
be derived from statistical data. On the other hand,
many other modelers rely far more heavily on simula-
tion than on statistical analysis and, in some in-

stances, dismiss formal estimation altogether. They
incorporate into their models many variables and
relationships which cannot be directly measured and,
in their view, thereby provide more realistic descrip-
tions of the actual world than they could with models
made to conform to available data.

Nowhere has the disagreement over statistical estima-
tion and testing been more apparent than in the system
dynamics models of Jay W. Forrester and his colleagues
at MIT. System dynamics models of industrial, urban,
regional, global, and, most recently, national dynamics
have repeatedly challenged established views of the
causes and solutions of current social problems.
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However, because few of the system dynamics modeling
efforts have employed formal estimation techniques or
made extensive use of statistical data, many research-
ers have harshly criticized the models. The following
comments of reviewers of the Urban Dynamics model6
exemplify the attitudes of many social scientists
toward the nonstatistical studies:

... Since serious issues are at stake, serious

empirical estimation must be resorted to...
[This is] the aspect of the Forrester book
[Urban Dynamics] which has been most subject
to criticism. Very simply stated, no parameters
in the model were quantified by sophisticated
empirical estimation procedures.l8
... Thus, we need data to estimate the struc-
tural (the functional) relationships within the
model to see whether they operate in the way
Forrester postulates .... A major reason for
Forrester’s substantive irrelevance is his
failure to use the [statistical] data.1

System dynamics modelers, echoing the sentiments of
many simulation-oriented modelers, have, in turn,
questioned the applicability of the statistical meth-
ods widely used in the social sciences for a class of
systems - highly nonlinear feedback systems - for which
they were not designed (see, for example, Forrester5,7)

This paper attempts to clarify issues underlying the
controversy over statistical parameter estimation in
feedback models. In particular, the paper considers
whether or not conventional econometric methods can
lead to accurate estimates of parameters in a non-
linear feedback model. Because theoretical analyses
of nonlinear feedback systems do not provide an ade-
quate basis for evaluation, the investigation utilizes
an experimental approach to examine the accuracy of
statistical estimates. In the experimental procedure,
a nonlinear feedback model is defined as the real

system and used to generate synthetic data. The in-

vestigator then specifies a second model containing
parameters to be estimated using the synthetic data.
Because the structure and parameter values in the
data-generating model are known, the experiment per-
mits a direct assessment of the accuracy of the sta-
tistical estimates. Moreover, the experimental frame-
work allows the investigator to examine the effects
on statistical estimates of realistic imperfections
in data measurement and model specification.

Section 2 describes the experimental method in more
detail and compares it to other evaluations of sta-
tistical estimation techniques. Section 3 summarizes
an investigation of ordinary and generalized least-
squares (OLS and GLS) estimates for a fairly simple
feedback model of market growth and production capac-
ity acquisition in a firm. Experiments in Section 3

test the performance of OLS and GLS, which are the
estimation techniques used most commonly in econo-
metric model-building, under ideal circumstances and
in cases in which the data contains measurement errors
and the model includes a common type of structural
misspecification. The experiments show that OLS and
GLS estimates can be highly inaccurate when realistic
errors in data measurement and model specification
occur. The findings of this study and, more impor-
tantly, the experimental approach employed suggest
an avenue for continued research into the accuracy of
statistical techniques which should, eventually,
greatly clarify their proper role in constructing
feedback models.

2 AN EXPERIMENTAL METHOD FOR INVESTIGATING THE

ACCURACY OF AN ESTIMATION TECHNIQUE

This article employs an experimental procedure for
exploring the accuracy of statistical parameter
estimation in feedback models. Section 2 describes
the experimental procedure and outlines the varia-
tions in experimental conditions which must be con-
sidered in evaluating an estimation technique. The
discussion also compares the present approach to
approaches previously employed in the econometrics
literature.

2.1 The experimental procedure
Figure 1 summarizes the experimental procedure. The
model used to generate synthetic data is in the upper
right-hand corner of the figure; this model is called
the data-generating model. The data-generating model
should have the properties of real-life systems-
namely, feedback, nonlinearities, and complex dynam-
ics. Data generated.by the data-generating model
passes through a measurement device, thereby creating
synthetic data which can include realistic measure-
ment errors. The investigator also specifies a sec-

ond model containing the equations with unknown
parameters to be estimated; this second model is

called the estimation model (upper left-hand corner
. of Figure 1). The investigator can either specify

the structure of the estimation model to match the
structure of the data-generating model, or he can

&dquo;misspecify&dquo; the structure of the estimation model.
The investigator then applies the statistical tech-

nique under investigation to estimate parameters in
the estimation model from the synthetic data. The
estimation yields a set of estimated parameter values
and statistics for hypothesis testing. By comparing
the estimated parameter values to the values of the
&dquo;true&dquo; system, the investigator can assess the accu-
racy of the estimation technique. By analyzing the
statistical test results, he can see whether or not
the tests reliably alert the modeler to inaccuracies.
Introductory textbooks such as Thei1122 or Wonnacott
and Wonnacott23 describe statistical significance
tests.

Figure 1 - The experimental procedure
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The procedure depicted in Figure 1 corresponds to the
basic format of Monte Carlo experiments used by
statisticians and econometricians to evaluate estima-
tion techniques. However, most Monte Carlo investiga-
tions employ simple one- or two-equation models which
are linear and nondynamic. Dynamic models, when used,
are usually very simple and unrealistic. The lack of
realistic models greatly restricts the potential
significance of most Monte Carlo studies. (For
examples of Monte Carlo studies, see References 3, 15,
17, and 19.)

2.2 Variations in experimental conditions
A thorough analysis of the accuracy of an estimation
technique requires testing over a variety of experi-
mental conditions. Each separate test explores the
effect on estimation results of a particular facet of
real-life model-building or data measurement. Figure
2 illustrates the breadth of experimental conditions
which must be investigated separately and in combina-
tion.

&dquo;IdeaZ&dquo; conditions. Under &dquo;ideal&dquo; conditions, both
the specification of the estimation model and the data
from the data-generating model are ideal from the
standpoint of the statistical technique to be in-
vestigated. Estimation under ideal conditions shows
whether the technique could, in principle, provide
accurate estimates of model parameters. Little is

gained by testing over a range of nonideal conditions
if the technique cannot provide accurate estimates
under ideal conditions. For example, ideal conditions
for ordinary least-squares (OLS) estimation include

perfect measurement of all system variables, perfect
specification of model structure, and ideal noise in-
puts (white, stationary, and with small standard
deviation).

Imperfections in data measurement. Figure 2 shows
that one basic departure from ideal conditions is the

sampling of data. The social model-builder typically
uses data which is compiled monthly, quarterly, or
yearly. But most real systems exhibit dynamic be-

havior during each sampling interval. Consequently,
social data necessarily represent average or typical
values of system variables for each sampling interval.
Within the experimental framework, extraction of

monthly data from simulations based on a &dquo;simulation

interval&dquo; (the discrete time step in the data-
generating model) of one-quarter month or less is

analogous to the data-sampling in real social-system
measurements. In estimation experiments, sampled data
can be generated by averaging the data values produced
by the data-generating model within each sampling
period, or by picking a typical value generated within
each period. (For analyses of sampled-data estimation
in engineering systems, see Reference 20; for econo-

metric analyses, see References 2, 4, or 16.)

Measurement errors are a second difference between
real social statistics and ideal data. Measurement
errors can be studied within the experimental frame-
work in many ways. The experimental investigator can
simply include a random component in each data value
taken from the data-generating model; this procedure,
however, highly simplifies real measurement processes.
In reality, errors in social data arise from sampling
of a small fraction of the total population, from in-
consistencies in data compilation, and from the im-

possibility of directly measuring the variables of
interest. More realistic experiments investigating
the effects of measurement errors would require
generating synthetic data in a more realistic manner.

Finally, many important social variables are unobserv-
able or can be observed only through surrogate mea-
sured variables. Unobservable variables include
societal attitudes and expectations and people’s per-
ceptions of current trends. The experimental investi-
gator can reproduce the unavailability of real data
by withholding synthetic data for a particular vari-
able or by creating a proxy variable for use in the
estimation.

Imperfections in model specification. Experiments
investigating imperfect model specification may entail
either explicit misspecifications in the structure of

Figure 2 - Variations in experimental conditions
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the estimation model or nonideal noise inputs. In

practice, models invariably omit feedback relation-
ships (for example, relationships involving unobserved
variables) and external inputs. Conversely, models
often include direct causal links between variables
where no direct relationship actually exists. Lastly,
many hypothesized relationships oversimplify reality
by, for example, omitting nonlinear influences. Any
of these structural misspecifications can be repro-
duced in estimation experiments by allowing the
estimation model to differ from the data-generating
model in the appropriate manner. For example, in

specifying the estimation model, the experimental in-

vestigator may omit a feedback relationship present
in the data-generating model in order to study the
effect of an omitted feedback loop on estimation
results.

Nonideal noise inputs can also be included to study
imperfect model specifications. Statistical estima-
tion techniques involve assumptions about both the
structure and the stochastic error processes in the

equations being estimated. To study the consequences
of misspecification of the stochastic part of the
model, the investigator may introduce into the data-
generating model noise inputs which have time-varying
means or standard deviations, are nonwhite (that is,
autocorrelated) or nonnormal, or have standard devia-
tions which are large compared to the variation in
internal system variables.

This investigation of a wide variety of realistic
conditions marks a second point of contrast with con-
ventional evaluations of estimation techniques.
Figure 2 outlines a large number of experimental con-
ditions which should be explored both individually
and in combination. For example, if estimates are

still accurate with autocorrelated noise inputs, the

investigator should then explore the effects of errors
in data measurement and imperfections in model struc-
ture. All conditions should be explored because all
occur in practice. Similarly, the combined effects
of typical errors in data and in specification of the
model must be examined because the modeler cannot in

practice deal with these problems separately.

By contrast, most analyses of estimation techniques
in the literature limit themselves to a single non-
ideal condition. To cite a few illustrations, Rao

and Griliches,l~ Orcutt and Winokur,l5 and Schmidtl9
have all published Monte Carlo analyses of alterna-
tive estimation methods in the presence of autocorre-
lated noise inputs. Yet all three studies assume

perfect measurement of all variables and perfect
specification of model structure. On the other hand,
Craig3 has analyzed the effects of several types of
structural misspecification. Yet he too assumes per-
fect data measurement. Recent articles by Goldberger,9
Zellner,24 and Grilicheslo discuss the difficulties

posed by measurement errors and unobserved variables
for econometric analyses. However, none of the three
articles considers the effects of measurement errors
in imperfect models.

3 TESTING ECONOMETRIC GENERALIZED LEAST-SQUARES
ESTIMATION

The experiments presented below summarize a series
of tests of single-equation generalized least-squares
(GLS) estimation.21 GLS estimation, which includes
ordinary least-squares (OLS) as a special case, is
the most widely used estimation technique in econo-
metric modeling. GLS is a single-equation method,

treating each equation in isolation from the network
of feedbacks in which it is embedded, and is most
easily understood as an extension of OLS. OLS estima-
tion computes the set of parameter values that mini-
mizes the sum of squared discrepancies between obser-
ved values Y(t) and &dquo;predicted&dquo; values of the dependent
variable Yet) in a &dquo;linear in the parameters&dquo; equation:

where ~i is the OLS estimate of SZ’

that is,

where time t runs from t = 1 to t = T.

Note that Equation 1 is linear in the parameters but
not in the variables; therefore, the &dquo;explanatory
variables&dquo; XZ(t) on the right-hand side of Equation 1
can be linear or nonlinear combinations of internal
or external variables, provided no unknown parameters
are involved in the combinations.

Table 1

Model symbols

Generalized least-squares estimation differs from
ordinary least-squares in assuming more general sta-
tistical properties for the error process e(t). OLS

estimation assumes that e(t) is zero-mean, white, and

stationary. The GLS estimates in the experiments
below assume a second-order autoregressive model for

e(t) in which w(t) is zero-mean, white, and stationary:

dt) = Pl-dt - 1) + P2’E(t - 2) + west) (3)

The algorithm actually used to compute the GLS esti-
mates employs a series of OLS estimations in searching
for values for p, and p2 which minimize the least-
squares performance index for Equation 1. (This
approach to GLS estimation was designed by Hildreth
and Lu.l2)
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The experimental evaluation of GLS estimation employs
a nonlinear feedback model which describes how a
firm’s marketing and capital investment policies can
produce unstable growth in its share of the market.
The specific properties of the &dquo;market growth&dquo; model
are not important for the following experiments, and
the reader is referred to the original article by
Forrester8 for a description of the model’s structure
and behavior. For the purpose of estimation, the
model can be cast in the following linear-in-the-
parameters form:&dquo;

When the market-growth model is simulated as the

data-generating model, At in Equations 4 through 13
is the simulation interval for the experiment, and
the vi are the noise inputs in each equation. When
the model serves as the estimation model, At is the

sampling interval of available data, and v~ is the

implicit error process in each equation (e(t) in

Equation 1). In order to simplify the presentation,
only parameters in Equations 4 through 7 are estimated
in the following experiments; these parameters are
designated Ki in the equations. Correct values for

All variable symbols are identical to symbols used
by Forrester,8 with the exception of the variables
PCO01, PCO02, and PCO03 involved in the delay in
acquiring production capacity; the three variables
are combined in &dquo;production capacity on order&dquo; PCOO
in Reference 8.

all parameters appear in parentheses below the
estimated values in the following tables. (The author
will provide, upon request, details of the derivation
of Equations 4 through 13; they are from Forrester’s
original model.)

3.1 Ideal conditions

Estimation results in the presence of ideal conditions
demonstrate that, in principle, least-squares estima-
tion (OLS or GLS) can yield accurate results for the

market-growth model. That is, the ideal case results
show that, despite nonlinearities and multiple feed-
backs, parameters for the market-growth model can be
estimated by conventional econometric means, provided
the model specification and data measurements are
error-free.

Experimental conditions. Ideal conditions as defined
here include both perfect data measurement and perfect
model specification. One hundred periods of data are
available for estimation. All internal variables are

measured; the data are error-free and are not sampled
- the simulation interval in the data-generating
model equals the sampling interval. The model-builder
is assumed to have perfect knowledge of the structure
of the data-gathering model. Lastly, noise inputs in
the data-generating model are normally distributed
with zero mean and small standard deviations; stan-

dard deviations of noise inputs equal 1% of the mean
value of the left-hand side internal variable in each

equation containing a noise input - Equations 4, 5, 6,
7, 12, and 13.

Estimation results. For each estimation experiment,
Section 3 reports a single typical GLS or OLS estima-
tion result. GLS rather than OLS results are pre-
sented in most experiments because GLS results are
generally superior (better fit, higher statistical
significance, more accurate estimates). Each experi-
ment was repeated several times with different se-
quences of random numbers; the results presented below
are illustrative of the qualitative character of
estimates in each experiment.21

OLS estimates for the ideal case appear in Table 2.
OLS estimation is used in this first experiment
because, in this experiment alone, the assumptions of
OLS (in particular, a white, stationary error process)
are met. Parameter estimates for each equation de-
viate only slightly from correct parameter values.
All estimates are statistically significant.

All coefficients of multiple determination (R2) are

close to unity, which indicates excellent equation
fits.* The Durbin-Watson statistics (DW) close to
two in all but one equation indicate little auto-
correlation in the least-square residuals. (The
autocorrelation in Equation 4 stems from the linear-
ization of that equation and is corrected by GLS
estimation in subsequent experiments.)

3.2 Imperfect data measurement
The next two sections illustrate GLS results in the

presence of nonideal conditions. This section ex-

plores the effect on GLS estimates of random measure-
ment error. The next section investigates the com-
bined effect of measurement error and a simple mis-
specification in model structure.

*

Equation fits (R2) are computed with the dependent
variable expressed as a level variable (for example,
with Equation 4 written BL = BL(-l) + ...).
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Experimental conditions. In the experiment presented
here, the data includes a random 10% measurement
error. Such errors are typical of a great many
economic time series.14 Uncorrelated (no autocorrela-
tion and no cross-correlation) random measurement
errors are added to all variables from the data-

generating model. All other conditions in the pre-
sent experiment are identical to the ideal-case con-
ditions of the preceding experiment. GLS estimation
is employed in this experiment.

Estimation results. Table 3 shows that many GLS

estimates in the presence of moderate measurement

Table 2

Ideal conditions

Ordinary least-squares estimation

NOTE: True parameter values appear in parentheses
below estimated parameter values in each
equation.

errors are inaccurate. Parameter estimates in Equa-
tions 4 through 7 deviate from correct values by
factors ranging from 2 to 9.8. The most inaccurate

- results occur in Equations 5 and 7. Estimates in

Equations 4 and 6 are distinctly more accurate. In

Equation 4 all but two estimates fall within a factor
of two of correct values, and in Equation 6 estimates
are in error by slightly less than a factor of two.

Bias occurs in the estimates in Table 3 because mea-
surement errors violate a key assumption made in both
OLS and GLS estimation. Both techniques assume that
the error process (e(t) in Equation 1 is uncorrelat-

Table 3

Measurement errors
10% Measurement errors added to data

(all other conditions ideal)

Generalized least-squares estimation

Statistically insignificant estimates (at 0.90
confidence level).
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ed with each of the explanatory variables (the Xj(t)
in Equation 1). This assumption is satisfied in the
ideal case, but not when the explanatory variables
are measured imperfectly, since single-equation
estimation techniques fail to separate &dquo;signal&dquo; from
&dquo;noise.&dquo; (Kalman filtering techniques20 overcome
this problem by first estimating the explanatory
variables and then proceeding to &dquo;identify&dquo; model
parameters.) Because the measurement errors appear
in both e(t) and the measured values of X i(t), they
violate the basic least-squares assumption of no
correlation between explanatory variables and the
error process. Measurement errors have especially
severe effects when the model contains nonlinearities
and multiple feedbacks such as occur in the market
growth mode1.11~21

How might a model-builder with limited knowledge of
true parameter values react to results such as those
presented in Table 3? Given little prior knowledge
of parameter values, he would have to rely on statis-
tical significance measures to interpret estimation
results. The only statistically insignificant
estimates in Table 3 occur in Equation 7. (Statis-
tically insignificant estimates are indicated with
asterisks.) Hence estimation results relying on
statistical significance measures would lead to the
acceptance of estimates which are, in fact, quite
inaccurate. For example, the modeler with little

prior knowledge might accept the estimates in Equa-
tion 5 even though they are in error by more than a
factor of four. Statistically significant estimates
in the other equations are in error by about a factor
of two. On the other hand, the modeler would prob-
ably reject the two estimates in Equation 7 which are
statistically insignificant. Therefore, statistical
significance measures give the modeler some warning
of errors in estimation but do not prevent acceptance
of many inaccurate estimates.

3.3 An imperfection in model structure

The perfect a priori model specification assumed in
the preceding experiment is extremely unrealistic
for social models. As noted in Section 2, social
models invariably include a variety of imperfections
in a priori structure: omissions of external and in-
ternal influences, simplifications of model relation-
ships, and inclusion of direct relationships between
variables where no such relationships actually exist.
In the following experiment, the equation which
determines delivery rate in the model firm (part of
Equation 4 for changes in order backlog ABL) is sim-

plified in a manner typical of the structural sim-
plifications common to modeling practice. Delivery
rate is chosen for this misspecification experiment
because parameter estimates in the order backlog
equation (Equation 4) were among the most accurate
estimates in the preceding experiment.

Experimental conditions. In the following experiment,
delivery rate is assumed to be a constant fraction of

production capacity in the estimation model. By
contrast, in the data-generating model, delivery rate
depends on the product of production capacity PC and
a variable &dquo;production capacity fraction.&dquo; The

estimation model now uses the simplifying assumption
of constant utilization of capacity in the firm when,
in fact, the data-generating model allows for vari-
able utilization of production capacity. Constant

capacity utilization is often assumed in macro-
economic and industrial models because of the diffi-

culty of obtaining data on capacity utilization, the

Table 4
. 

Simplification of nonlinear structure
with realistic measurement processes

Variable production capacity fraction PCF omitted;
5% measurement errors; 10% noise inputs

(all other conditions ideal)
Generalized least-squares estimation

Equation 4:

lack of a recognized theory governing changes in
utilization, and the nonlinear relationship involved
in variable utilization.

Other conditions in the following experiment are
somewhat more idealized than those enforced in the
last experiment. Noise inputs in the data-generating
model are once again normally distributed with zero
mean and standard deviations equal to 1% of the mean
value of the internal variable in each of Equations
4, 5, 6, 7, 12, and 13. Data again contain random
uncorrelated measurement errors; but measurement
errors now have standard deviations equal to only 5%
of the mean value of the error-free data in the

present experiment.

Est2mat2ort results. Table 4 shows that omission of
the variable utilization of production capacity re-
sults in estimates for XI and K2 (in the order back-
log equation) which are in error by factors of 2.4
and 1.4, respectively. (Only results for the mis-
specified order backlog equation are presented because
all other equations are still perfectly specified.)
The errors in Kl and K2 are not much worse than in
the experiments with measurement error alone. How-

ever, the third parameter estimate in Equation 4 is

very misleading. The estimated production capacity
PC coefficient implies that the model firm utilizes
only about 11% of its production capacity in filling
orders. In fact, the variable capacity utilization
in the data-generating model varies from 0.28 to 1

with an average value of 0.83 over the sample period.
Moreover, the erroneous capacity utilization estimate
is statistically significant, thereby giving the
model-builder no warning of the consequences of the
structural misspecification. (The estimated standard
deviation for the capacity utilization estimate, 0.047,
places the estimated capacity utilization some 15
standard deviations from the true average utilization!)

4 CONCLUSIONS

The experiments with the Forrester Market Growth model
show that OLS and GLS estimates of a dynamic feedback
model can be highly inaccurate when realistic imper-
fections in data measurement and model specification
are considered. The first experiment demonstrated
that least-squares can yield accurate estimates for
the market-growth model, assuming perfect data and
model specification (Table 2). Once the ideal condi-
tions were relaxed, the least-squares estimates began
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to deteriorate. In particular, if available data

contained 10% random measurement errors, GLS estimates
in two of four perfectly-specified model equations
deviated from correct values by factors of 2 to 9.8;
estimates in the other two equations were in error
by about a factor of 2 (Table 3). All but two of the

erroneous estimates in the measurement-error experi-
ment were statistically significant, suggesting that
conventional significance measures would not adequate-
ly warn the model-builder of errors. If the struc-

ture of the estimation model fails to match true

system structure exactly, least-squares estimates can
be even more inaccurate. In the one misspecification
experiment included in Section 3, a nonlinearity
which determined capacity utilization in the data-
generating model was omitted from the estimation
model. When the misspecified equation was estimated
from data containing very modest (5%) measurement

errors, the GLS estimate of capacity utilization in
the model firm was 11%, while capacity utilization
actually averaged 83% in the data-generating model.

Although OLS and GLS estimates deviated markedly
from correct parameter values in the experiments
presented in Section 3, the above experiments still
represent highly idealized cases. The quantity and
quality of experimental data in the above experiments
- one hundred data points, data available on all sys-
tem variables, and measurement errors which are pure-
ly random and of modest size - exceed the quantity and
quality of data in most socioeconomic data bases.
Similarly, few social models are as accurately
specified as the models in Section 3. In particular,
social models omit numerous feedback interactions
and simplify complex interdependencies to a far

greater extent than was permitted in the experiments
discussed in Section 3.

The present study has considered whether conventional
estimation techniques can accurately estimate param-

eters in a feedback model. When viewed in this light,
the above results are sufficiently disturbing to jus-
tify further investigation of these issues. The

experimental procedure and range of experimental con-
ditions discussed in Section 2 should provide useful
guidelines for conducting the required research. To

cite some examples of the types of studies which might
be undertaken, the accuracy of OLS and GLS estimation
should be examined for alternative feedback models.
Such testing is necessary before any generality can
be ascribed to the present findings based on the
Forrester market-growth model. The ability of
alternative estimation techniques to improve upon
the performance of OLS and GLS should also be explored.
Statistical methods which warrant investigation in-
clude alternative econometric techniques, as well as

techniques developed in such fields as engineering.
Delineating the proper role for statistical methods
in validating feedback models will also require ana-
lysis of the power of statistical testing and appro-
priateness of statistical criteria for models like
the market-growth model. Preliminary discussions of
statistical testing by Forrester (Reference 5,
Appendix K) and Mass and Sengel3 indicate issues
worthy of much further study.
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