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HOW TO LIVE WITH MISSPECIFICATION IF YOU MUST

Esfandiar MAASOUMI*
Southern Methodist Universiry, Dallas, TX 75273, USA

Statistical models are necessarily parsimonious expressions of more complicated and extensive
behavioral models. Misspecification of these models is therefore endemic and inevitable. Omission
of relevant variables, inclusion of ‘irrelevant variables’, incorrect functional forms, incompleteness
of systems of relations, and incorrect distributional assumptions are both common and present
simultaneously, This paper looks at the effects of several of these problems on the forecasting
equations of economeltric systems. It is argued that such systems can be analyzed statistically and
in a way that formally admits misspecification as well as the uncertainty that surrounds its precise
nature and magnitude. 1t turns out that the Generic Reduced Form (GRF) model and estimation
techniques provide an attractive and natural way of living with this real modelling situation.
Results of simulation experiments are reported which compare the proposed method with six
traditional techniques.

1. Introduction

Within the context of Linear simultaneous systems of econometric relations,
this paper considers the effects of several categonies of model misspecification
and clarifies their consequences for data analysis and forecasting. It is shown
that these misspecifications are the result of incorrect (‘structural’) reparame-
terizations of the basic data-generating process which is the reduced form of
such systems. The traditional relations between the ‘structural’ coefficients and
those of the reduced form are shown to be violated in several ways. Since all
such misspecifications can occur simultaneously and to an extent that is not
precisely known a priori, it is suggested that a formal and subjective model of
the said violations is called for. While the increasing use of existing diagnostic
and other tests is a welcome development, the proposed approach is justified
since existing statistical tests are only asymptotically valid and have as yet
unknown properties when several common misspecifications are present simui-
taneously. In our approach one must formally express a priori positions which
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are held over specific or nonspecific alternative models. Since it is under these
alternatives that the estimated model is rendered misspecified, our approach
amounts to specifying often vague priors on the degree and /or the form of the
corresponding ‘misspecification terms’. In particular, additional and often
implicit prior information about the parameters of the ‘estimated model’ can
be formally incorporated. In some cases the proposed method is an extension
of the traditional Bayesian model.

A reduced-form model which suggests itself turns out to be formally identi-
cal to the Generic Reduced Form (GRF) model proposed earlier by the
author. Direct transformations can demonstrate the formal equivalence of the
nonlinear hierarchical (Bayesian) data-generating model here and in
Maasoumi (1986). In this model it will generally be assumed that the unre-
stricted reduced form is a satisfactory statistical model of the data at hand, but

it is subjected to a priori (theoretical) restrictions which cannot all be held -

with certainty.

The paper is organized as follows. Section 2 introduces the basic notation
and assumptions of the estimated model and its structural reparameterization.
Sections 3.1-3.3 detail three cases of common misspecifications, and section 4
contains a description of a GRF technique available for a formal treatment of
these cases when we do not know exactly which case (alternative) holds. Section
5 provides a brief report on some simulation experiments, and section
concludes.

2. The estimated model

The following multivariate system of relations is under consideration be-
tween n dependent variables (Y,), and m nonstochastic exogenous variables
{Z,), both observed at points r& 1, T):

Y,=PZ+V, (1)

¥, is the n-element vector of serially independent disturbances with zero
means and a positive definite covariance matrix denoted by £2,. In general we
assume that (1) is a satisfactory statistical model of the data. Theoretical
considerations, however, may make it necessary to consider reparameteriza-
tions of (1) that represent ‘structural models’ of interest in an economic or
other context. The latter models are given as follows:

BY,+ CZ,=U=AX, say, (2)
where U is the ‘disturbance’ vector, A =(B,C) is the n X (n + m) matrix of

coefficients of interest about which some nonsample information is usually
provided by the underlying theory, and X, =(Y’, Z;!) is the tth row of the
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observed data matrii X =(Y Z).(2) is generally the detailed theoretical model
and may be misspecified in several ways.

Assumption 1. The theoretical ‘overidentifying restrictions’ on A are of the
simple exclusion (zero-order) type represented as follows:

s— Sy =vec A. (3)

Vec denotes stacking of matrices by rows, v is the vector of unrestricted and
unknown coefficients in 4, s is a selection vector of ones and zeros which
represents the normalization restrictions (B, =1, all i=1,...,n),and Sisa
block-diagonal selection matrix such that

(1@ X)S=X*=diag( X, X,..., X,),

where X, denotes those columns of X that appear as the explanatory variables
in the ith equation of (2). Whenever model (2) is a ‘correct’ representation of
the structural relations, we would refer to (1) as its reduced form and assert
that

BP+C=0. ' ’ (4)

These and other relations such as (3) impose nonlinear restrictions on P. But
as we will see in the next section, if {2) is a misspecification of the structural
relations, then (4) will not hold exactly and will be violated according to the
specific type of alternative model considered.

3. Three cases of common misspecification

3.1. ‘Classical’ misspecification’

Suppose that (2) contains the correct set of variables X and their classifica-
tion into endogenous and exogenous. Based on theoretical and identification
‘considerations, however, erroneous omission (inclusion) of variables from (in)
some or all of the X may lead to ‘theoretical’ misspecification of various
equations, Let the correct parameterization (structural model) have coefficients
B, and ;. We may then wrile

B,=B-B, and C,=C-C,. (5)

'Throughout this paper we have used identical characlers to denote the coefficient of the same
variable in both the correct and the misspecified models. This was done only to save on notation,
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Also, (1) is the reduced form of the correct model if

B,P+Cy=0. {6)
It follows from these relations that

BP+C=B,P+C =D, say. (7)

In cases where (B, Cy) are identified and (B, C) are also identified (when
B, =0=C),), a statistical test of D, =0 may be useful if no other types of
misspecification are present. Clearly, the traditional practice of imposing a
degenerate prior pdf on D, =0 is unrealistic. We do not know that D, =0
with certainty. Some aspects of this situation have been studied by Morimune
and Sawa (1980) who developed small-c approximate properties of structural
estimators with misspecifications described in (5) and D, * 0.

3.2. Perceived and approximate linearity of structural relations

Consider the following reduced-form relations:
Y,=m+V, Y,=m+V,. (8)
If the ‘correct’ structural parameterization is the following nonlinear model:
InY, +a=1U,, Y, +8Y,=U,, (9)
the implied correct restrictions on #, and 7, are as follows:
m =E(e %,), m=—Be "E(e,), g, = el (10)

The error terms are defined conformably. For example, V|, = ¢~ *(¢g,, — E(¢;,)),
which has zero mean and finite variance if E(€},) is finite.?

Suppose now that the following linear structural model is a misspecification
of the “true’ relations in (9):

er+ a=dau,, Y2r+BYh=w21' (11)

Given that (8) is the correct data-generating model, the following incorrect
restrictions on 7; are implied by the structure in (11):

m+a=D,, 7, +mf =Dy, (12)
D21

D2= [D :|=0’ Vl.l:“’ln VZt:“’Zr_B“’lr- (13)
22

*Other definitions of @, are possible of course. Some of these in facl allow for bolh random
coefficients and time dependence. The ¥, must be defined accordingly.
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By employing the usual expansion of e~% and e in (10), however, we can
easily see that D, # 0. The terms in I, are functions of a, §, and E(¢,,). Any
knowledge of these parameters may help our understanding and treatment of
D,, at least when no other types of misspecification are present.

3.3 Perceived completeness of models

Practical considerations as well as incomplete theoretical development usu-
ally lead to the estumation and analysis of econometric models which are
partially specified. Several misspecification cases may be distinguished in such
situations.

Cuse 1. Partial models: At least some endogenous variables are omitted
from some equations, and equations which might have explained these endoge-
nous vanables are excluded from the model. Such cases of perceived complete-
ness arise when, for instance, two parts of a model are mistakenly thought to
be capable of ‘decoupling’, or because of a priori misspecification of the
theoretical model. To see some of the consequences of this type of misspecifi-
cation let the complete model be given as follows: >

BDY,O + CDZ:D = Ufo- (14)

Y, Z, U
KO:[Y*]' ZP:[Z:]’ U’O=[Uf*}’

I

s |8 Bua g col€ Cu
" Bn B " G G

where

(15)

The complete model in (14) implies that the model in (2) 1s misspecified both
because it omits B,,Y,* from its equations and since the equations explaining
the elements of Y,* are missing. Solving (14) for its reduced form we find

P P
Y0=P,Z°+V°, P,= —B;C,= 1 say,
! P21 P2

and

VlU — Bo*llj"[).

*We assume these relations are not so specified as to violate the endogencity—exopeneity
classifications derived in constructing the statistical model (1). Also, in the later sections which
regard (1) as a wetl-specified complete statistical model, it would be convenient to consider ¥,* as
a subset of ¥,.
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Once again, it follows that relations (4) are violated since now
BP+C=—B,P,,=D,#0. (16)

Clearly model (1) will not be the correct reduced form for the partiai model in
(2). The consequences for the restricted estimates of P and, correspondingly,
for prediction will depend on the magnitude of the errors. If these errors are
the only cause of misspecification and if they are of ‘small’ orders of magni-
tude in the sample size, as Fisher (1961) considered in a different context, the
effect on estimation consistency may be negligible. Of course a priori views
about the elements of D, are an essential part of model building. But while it
may be reasonable a priori to believe D; = — B, P;; to be negligible (or even
= 0), this quantity is not necessarily negligible a posteriori, a fact that can
seriously affect the purely objective inferences. This suggests that the tradi-
tional methods are unreasonable representations of the actual modelling
process when they take D,=0 with probability 1 or when they effectively
allow for infinite uncertainty (vanance of D, = infinity). A middle ground
seems more generally plausible.

Inferences about the structural coefficients B, C, and Z, the covariance
matrix of the U/, may also remain valid despite the incompleteness. Strong
a priori decoupling conditions for this are discussed by Richard (1980,
particularly theorem 3.1). These conditions include normality, B,,=0=X,,
where X', is the covariance between Y, and Y,*, and the nonexistence of any
cross-restrictions between the two parts of the model. Similar results can be
discerned from BarndorfT-Nielsen (1978). Statistical verification of these condi-
tions is, however, very challenging,

Case 2. ‘Incomplete’ models: This situation is similar to case 1 except that
Y,* is not omitted from the model and is known to be endogenous. The
perceived structural model is then given by

BY,+ B,Y*+CZ=U,. (17)

The equations for Y,* are not specified either because of practical difficulties
or a lack of theory/interest. But it is commonly implicitly assumed that Y,* is
also dependent on Z, alone. If this is not so, as is probable given the lack of
an articulated theory about Y,*, both (17) and the reduced-form equations for
Y, will be generally affected. Once again, working with the model in (14)-(15)
we can conclude that (16) is the true parameterization relations. Here, how-
ever, we know for certain that B, is not zero, and P;; =0 will be a
contradiction of the usual procedures for estimating incomplete models. Thus
the correct specification would be D, # 0 with probability 1. Interestingly, this
part of the argument does not depend on the existence of omitted predeter-
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mined variables Z*, although such omission will adversely affect prediction of
all the elements of Y°.

Case 3. Misclassification of variables: Suppose now that model (17) is esti-
mated based on the mistaken assumption that Y,* is predetermined. In this
case the imposed reparameterizations are

B(P: P,)+(C: B,) =0, (18}

which includes BP + C = 0, whereas the corresponding correct relations are
(16) and, if C|; and C,, are nonzero,

BP,+ B, P, + C,=0. (19)

This kind of misspecification can affect our consideration of an appropriate
reduced-form (statistical) model. It may lead us to consider only the joint
distributions which are conditioned on Y,* as well as the other genuinely
predetermined variables. A ‘broader’ statistical model such as in (14) will be
conducive to tests of exogeneity and a potential avoidance of the above
misclassification. But no test provides certain inferences, and there is room for
statistical misspecification and reasonable doubt. Within the framework dis-
cussed in Spanos (1986) the above considerations argue for greater focus on
the intricate interplay between theoretical and statistical model construction.

The particular example developed in section 4 will have to be extended in
order to be applicable to the problems discussed in cases 2-3.

3.4. Discussion

The categories of musspecification described above are but examples of
many others among which the misspecification of distributions deserves spe-
cial mention. As in White (1982), one needs to study cases where the degree of
misspecification 1s negligible, at least asymptotically and in relevant directions.
But it is imperative also to develop methods of modelling and inference that
are in some sense ‘robust’, and thus useful in the probably more common
cases of nonnegligible misspecification.

It is good practice to assume that all the three misspecifications discussed in
this paper are simultaneously present to some degree. One should be reluctant
to assume away any of these problems and their magnitudes on a priori
grounds, as is routinely done in the traditional approach to system estimation.
Nor are the operational aspects of ‘encompassing’ free from such a priori
untenable assumptions. The otherwise improved medium for the discussion of
model performance afforded by the requirement of encompassing is opera-
tional in a statistical sense only when we determine with certainty the



74 E. Mausoumi, How to live with misspecification if you must

‘pseudo-true’ parameters, the distributional properties of estimators, and the
corresponding test statistics under each alternative model. As is often stated,
the raison d’etre of encompassing is that all models are misspecified [see
Hendry and Richard (1987)]. But derivation of the limiting distributions of
statistics in misspecified models (even when they exist) is rather difficult [see
Maasoumi and Phillips (1982)], especially when several misspecifications are
allowed.

It is the case that we commonly have subjective views of how badly
misspecified our models are and how well we can statistically detect and
correct for these misspecifications. In the particular example developed in
section 4, I assume that the statistical relations of the ‘reduced-form’ model in
(1) have good encompassing credentials and acceptable exogeneity classifica-
tions. We can even assume that the object of theoretical interest, the ‘struc-
tural’ model (2), has also been obtained in the same manner. We may have
successfully completed a search such as the one proposed by H. White in this
volume. Given these assumptions, it may be reasonable to believe @ priori that
D, =0, i=1,2,3, but highly unrealistic to believe so with certainty. It would
be equally unreasonable in this situation to have no confidence in such models
and proceed with highly imprecise inferences that often characterize the
apparently atheoretical analyses of ‘unrestricted’ versions of (1), such as in
VARs. The middle ground that is supported by these considerations is a
formal representation of uncertain knowledge about the likely magnitudes of
D,. This knowledge is fundamentally partly subjective and partly the effect of
informal awareness of objective statistical evidence and the inadequacies of the
data (e.g., sample size) and our techniques. It is largely an expression of odds
on alternatives.

4. A more complete data-generating process

A formal representation of these ‘irreducible’ misspecifications can be
achieved by specifying probability distributions on D,, possibly with other
probability distributions generating the parameters of this distribution and
incorporating any information about these deeper parameters. Alternatively,
we may study the sensitivity {robustness) of our inferences with respect to a
wide range of values for these hyper-parameters. The joint likelihood of the
data and the parameters is then the medium for inferences. This is similar to a
nonlinear hierarchical model with well-known Bayesian interpretations.
Specifically, for the models given in (1)~(2) and some D, = D, let

vec D ~ f(0,2,) (20)

denote the density function generating D. Also, let P denote the reduced-form
coefficients of the ‘perceived’ structural model (2). From the factual relations
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BP + C= D we see that
P=—-B 'C+B " 'D=P+e, say. (21)

The implied probability distribution for P is derived from (20~(21). Note that
P will contain all the theoretical restrictions of interest on 4 =(8 C), for
example those in {3). We may also specify a nonzero mean in (20) and use
(e.g.) noninformative or comjugate ‘prior' distributions on the mean, the
variance ({2,), and other parameters of f(-).

To construct the joint likelihood for the data and P, we use the following
relations for the model in this paper:

2,=(B'®I1)2,(B'"'®I) and (Q'®71)(s—Sy)=vecD,
{22)

where

e~}

and the second equation in (22) is a row vectorization of BP+ C=D. It is
clear that this model is formally identical with the Generic Reduced Form
(GRF) model proposed in Maasoumi (1986). As is readily discernible from the
likelihood expressions (9)-(10) of that paper, the joint pseudo-likelihood
estimators of P and y are identical with the joint likelihood estimators under
normality assumptions for both the data and the parameter distributions. They
can also be interpreted as the joint posterior mode under the same distribu-
tional assumptions and the same subjective information. The optimization
problem is one of maximizing the following function:

T
S log|@, 7! — 4 2 'Y'Q,Y

—r @ Py~ PUZ'Z)(Py— P) + {log| 2, !

—Hs-Sy)(I8 Q)e (I8 Q')(s - Sy). (23)

where 2, is the covariance matrix of the serially independent errors V, =
Vi Vo) Qz=1-2(2'Z)"'Z’, and P, is the unrestricted LS estimate of P
in {1). Given our discussion in section 3.4, it is generaily reasonable to expect
the latter to be consistent but not efficient. This will be so even if the structural
relations in (2) are misspecified in the manner of section 3.1.
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The solution of the above optimization problem has the familiar form and
properties of a Bayes estimate. A linear approximation of the optimand (or the
first-order conditions) was worked out in Maasoumi (1986) which, for suitable
weight matrices W, leads to the following weighted average GRF estimator
P*:

vec P* = W vec Py, + (I — W)vec P™, (24)

where P is a restricted (derived) estimator of P such as FIML or 3SLS. The
properties of P* in both small- and large-sample cases have been studied in
Maasoumi (1986) and Maasoumi and Jeong (1988). In particular, under the
‘classical normal’ assumptions, P* has some finite moments where other
traditional reduced-form estimators (except FIML) do not [see Sargan (1988)).
The consequences of this type of generic data-generation model for structural
estimation (of y) were also studied in Maasoumi (1986). Some simulation
evidence is presented in the next section.

5. Monte Carlo simulations

A brief simulation example based on 200 replications is described here to
demonstrate some of the desirable properties of the GRF estimator of P in
two small models and four experimental settings in each case.* Table 1
describes the salient features of the experiments. The last experiment uses the
data of model B to estimate model A. This means that there are problems of
included and omitted variables in, respectively, the first and second equations
of model A. The situation for model B is exactly reversed. The implied values
for the discrepancy matrix D were computed according to expression (7) of
section 3.1. For models A and B these are, respectively,

_fo 0 -4 0 oo 40
b=lo o 40]a“dD'00—40'

In order to mimic reality, our prior distributions on these matrices are
centered at zero means with empirical variances computed as in Maasoumi
(1986).

The change in the concentration matrices between experiments I and III,
and the way we have generated the strongly exogenous variables Z, ensures a

“A detailed description of these experiments and some other empirical applications appear in
Maasoumi and feong (1988).
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Table 2
Distribution of the reduced-form coefficient estimates of Z (true vaiue = 0.500).

Length of interval
Mean Std.dev. Skewness Kurtosis Median 50% B20% 100%

Experiment I. Model A, correct specification, sample size 24

ULS 0.483 0.270 0.36 -0.04 047 039 069 1.58
DRF-258LS 0.504 0.230 0.63 0.64 0.48 032 0359 135
DRF-35LS 0.520 0.216 0.59 0.92 052 030 051 143
DRF-FIML 0.501 0.216 0.67 114 0.48 030 050 1.50
PRRF 0.483 0.270 0.36 —-0.04 0.47 039 069 1.58
MSRF 0.515 0.221 0.54 0.80 0.51 030 052 143
GRF (c* =1.0) 0.499 0.221 0.66 0.84 0.47 031 053 139
GRF (c* = 0.05) 0.500 0218 0.68 0.83 048 031 052 130
Experiment I. Model B, correct specification, sample size 24
ULS 0.483 0.270 0.36 -0.04 047 039 069 158
DRF-25LS 0.487 0.201 0.30 —-0.07 048 026 053 107
DRF-3SLS 0.491 0.173 0.14 038 050 025 043 116
DRF-FIML 0.488 01m 0.01 0.54 0.49 025 042 120
PRRF 0.483 0.270 0.36 -0.04 0.47 039 069 1.58
MSRF 0.491 0.173 0.14 0.38 0.50 025 043 116
GRF (c*=1.0) 0.487 0177 018 0.06 04% 026 045 108
GRF (¢* = 0.05) 0.488 0172 0.03 0.51 049 025 042 119
Experiment I11. Model A, correct specification, sample size 48
ULS 0.477 0.185 0.14 -0.16 0.46 022 051 094
DRF-25LS 0.492 0.154 .38 -0.13 047 020 041 079
DRF-35LS 0.506 0.145 0.45 0.10 049 019 037 077
DRF-FIML 0.454 0.147 0.34 0.29 0.48 0.18 037 082
PRRF 0477 0.185 0.14 -0.16 0.46 022 051 0%
MSRF 0.508 0.146 0.45 0.17 049 018 036 078
GRF (c* = 1.0) 0.493 0.147 0.42 0.06 048 018 036 076
GRF (c* = 0.05) 0.494 0.146 045 0.07 0.48 0.18 037 076
Experiment I11. Model B, correct specification, sumple size 48
ULS 0.491 0.184 0.37 —-0.05 047 026 050 110
DRF-28LS 0.494 0.138 0.40 -0.11 0.48 017 037 0.75
DRF-3SLS 0.498 0.123 0.25 0.52 049 016 030 034
DRF-FIML 0.496 0124 0.18 0.80 049 016 030 039
PRRF 0.491 0.184 0.37 -0.05 047 026 050 1.10
MSRF 0.498 0.123 0.25 0.52 045 016 030 084
GRF (¢* =1.0) 0.496 0.124 0.30 0.36 0.49 016 031 079
GRF (¢* = 0.05) 0.496 0.124 0.19 T 075 049 016 030 0.89
Experiment I11. Model A, correct specificution, lower centrality, sumple size 24
ULS 0.415 1.325 0.36 -0.04 0.36 193 336 7.76
DRF-28LS 0.672 7.528 11.68 176.25 044 219 377 139.34
DRF-35LS 0.421 1344 0.22 0.03 038 205 335 846
DRF-FIML 0.378 1.265 0.10 1.66 0.28 161 304 10.57
PRRF 0.415 1.325 0.36 -0.04 0.36 193 336 176
MSRF 0.411 1.348 0.25 0.04 0.35 196 332 846
GRF (¢* = 1.0) 0.413 1.257 0.41 031 0.35 173 321 1785

GRF (¢* = 0.05) 0.416 1.2%2 0.36 0.12 0.35 1.85 325 787
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Table 2 {continued)

Length of interval
Mean  Std. dev. Skewness Kurtosis Median 50% 80% 100%

Experiment I1I. Model B, correci specification, lower centrality, sample size 24

ULS 0.415  1.325 0.36 —0.04 036 193 336 7.76
DRF-2SL§ —-0.380 11307 ~1511  243.82 045 161 322 18200
DRF-35L8 0304 2802 -1261 184.72 051 141 254 4462
DRF-FIML 0.436  0.866 0.25 0.75 043 108 213 5.64
PRRF 0.415 1.325 0.36 —-0.04 036 153 336 7.76
MSRF 0.474 1.018 0.21 0.73 051 136 247 6.78
GRF (¢* = 1.0) 0437 0950 035 0.57 043 127 232 6.09
GRF (¢* =005 0438 0939 0.39 0.58 043 128 232 6.09
Experrment I'V. Model A, wusspecified us medel B, sumple size 24
ULS 0483 0270 0.36 - 0.04 047 039 049 1.58
DRF-28LS§ 2845 37421 o7 77.49 159 252 1428 71549
DRF-38LS 1314 18.733 -0.77 71.63 094 169 748 34412
PRF-FIML ~0102 0484 -1043 13547 009 020 041 7.34
PRRF 0.483 0.270 0.36 -0.04 047 039 0.69 1.58
MSRF 1299  18.733 -0.77 71.62 082 170 748 3412
GRF(c* =1.0) 0324  0.298 0.66 027 028 037 079 L6l
GREF (¢* =0.0%) 0304 0327 0.38 -0.21 027 045 089 1.80
Experiment [V. Model B, misspecified as model A. sample size 24
ULS 0.483 0.270 0.38 -0.04 047 039 069 1.58
DRF-28L8 1.053 12655 275 100.39 052 166 507 26410
DRF-3518 0.444 1.643 -1425 21781 051 039 071 27.64
PRF-FIML 0460 0360 0.36 1.98 043 03% 088 2.84
PRRF 0.483 0270 0.36 —0.04 0.47 039 0.69 1.58
MSRF 0483 0369 0.37 -0.04 047 039 068 1.58
GRF (¢*=1.0) 0.499  0.230 0.59 0.52 047 033 055 1.33
GRF (¢* =0.05) 0.501 0.230 0.53 0.50 048 033 053 132

wide and yet tidy coverage of both the sample and parameter spaces. Four
well-known traditional reduced-form estimators and three ‘improved’ methods
are compared. We report such traditional characteristics as mean, standard
error, skewness, and kurtosis, as well as the median and several ‘probability
ranges” which are more meaningful when studying estimators without finite-
sample moments (such as 25LS and 3SLS reduced-form estimators). Also, two
typical values of the GRF estimates are reported among a larger set obtained
by searching over a grid of values for the prior variance matrix §2, (¢* denotes
the common factor which was varied). The distributions of the coefficients
of Z, are reported in table 2. These results complement the findings of
Maasoumi and Jeong (1988). GRF estimates do very well even in situations
that are commonly thought to be favorable to the traditional and asymptoti-
cally efficient estimators. The Modified Stein-like Reduced Form (MSRF)



80 E. Maasoumi, How 1o live with misspecification if you must

Table 3
Case I. Small sample (T = 24), higher centrality, correct specification.

Length of interval
Mean Std.dev. Skewness Kurtosis Median 50% 80% 100%

Model A. One-period-lead forecasts of Yy = 2,578, one degree overidentified

ULS 2479 0.519 -0.18 0.28 250 063 133 293
DRF-2SLS 2,562 0.457 -027 0.81 258 054 112 281
DRF-3SLS 2.586 0.443 -0.15 0.84 2.58 053 111 283
DRF-FIML 2.529 0.436 —0.05 1.04 2.53 0.52 108 295
PRRF 2.412 0.573 -0.26 0.35 2.46 067 147 338
MSRF 2553 0.446 -0.11 0.70 25 055 116 284
GRF (¢*=1.0) 2.517 0.440 -0.14 091 253 050 107 280
GRF (¢* = 0.05) 2522 0.432 -0.16 0.89 2.53 052 108 275
Model A. One-period-lead forecasts of Y, = 4.657, one degree overidentified
ULSs 4332 1.834 -022 0.45 4.43 219 476 11.14
DRF-25LS 4.636 1.687 -0.34 0.74 4.65 199 405 1013
DRF-3SLS 4.704 1.631 -0.21 0.77 4.69 193 406 10.21
DRF-FIML 4491 1612 -0.15 0.84 447 199 398 9389
PRRF 4.305 1.936 -0.22 0.22 439 232 507 1116
MSRF 4584 1.640 -0.19 0.62 4.64 194 429 10.27
GRF (¢* = 1.0) 4.451 1619 -0.23 0.81 4.46 1.89 403 997
GRF (¢* = 0.05) 4.463 1.593 -0.25 0.78 4.43 190 400 9.86
Model B. One-period-lead forecasts of V) = 5.407, just identified
ULS 5.308 0.519 -0.18 0.28 5.33 063 250 293
DRF-25LS 5.339 0.461 ~0.09 0.71 5.35 055 133 286
DRF-3SLS 5372 0.447 0.04 073 537 049 114 276
DRF-FIML 5.352 0.446 0.04 0.76 5.36 050 114 277
PRRF 5308 0.519 -0.18 0.28 533 063 111 283
MSRF 5.372 0.447 0.04 0.73 5.37 049 1.33 2.76
GRF (¢* = 1.0) 5.345 0.447 0.01 0.70 5.36 051 114 280
GRF (¢* = 0.05) 5.353 0.447 0.05 0.76 5.36 051 114 277
Mode! B. One-period-leud forecast of Y, = 21.629, rwo degrees overidentified
ULS 21.304 1.834 -0.22 0.45 2141 219 476 1114
DRF-25LS 21.358 1.733 -0.20 0.71 21.45 199 436 1099
DRF-38LS 21.450 1.674 -0.08 0.74 21.54 1.72 442 1059
DRF-FIML 21.434 1.674 -0.07 0.77 21.44 1.73 431 1060
PRRF 21.231 1.978 -0.26 0.26 21.34 254 513 1125
MSRF 21.490 1674 -008 . 074 21.54 1.72 442 1059
GRF (¢*=1.0) 21.413 1671 —-0.10 0.74 21.48 175 431 10.69

GRF (¢* = 0.05) 21.439 1.675 -007 0.78 21.46 171 428 10.60
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Table 4

Case II. Medium sample (T = 48), higher centrality, correct specification.
Length of interval
Mean  Std.dev. Skewness Kurtosis Median 50% 80% 100%

Model A. One-period-lead forecasts of Yy = 2.578, one degree overidentified
ULS 2.501 0.346 -0.01 ~0.13 251 046 093 192
DRF-25LS 2.548 0.304 0.03 0.03 2.55 040 079 1.62
DRF-3SLS 2.568 0.296 0.03 0.18 2.57 040 075 173
DRF-FIML 2.537 0.295 -0.01 0.09 2,55 041 075 1.69
PRRF 2467 0.375 -0.138 0.21 2.48 047 097 220
MSRF 2.559 0.295 0.03 0.11 2.57 040 076 170
GRF (¢*=1.0) 2,531 0.292 0.01 0.09 2.55 041 073 1.68
GRF (¢* = 0.05) 2.534 0.291 0.02 0.09 2.54 041 074 168

Model A. One-period-lead forecasis of ¥, = 4.637, one degree overidentified
ULS 4.408 1.214 0.07 0.07 4.46 1.53 315 6.76
DRF-25LS 457 1.119 012 0.05 4.62 154 277 5.98
DRF-35LS 4.635 1.077 013 0.20 4.59 1.50 270 637
DRF-FIML 4.520 1.077 0.06 0.09 4.58 1.55 267 6.26
PRRF 4.384 1.296 0.06 -011 4.44 1.72 331 7.27
MSRF 4.602 1.078 0.11 0.15 4.58 149 269 632
GRF (¢*=1.0) 4.501 1.067 0.09 013 4.54 139 267 622
GRF (¢* =0.05) 4.509 1.064 0.10 011 4.54 147 266 621

Model B. One-period-lead forecasts of Y, = 5.407, just identified
ULS 5.369 0.344 0.17 0.20 536 043 089 217
DRF-28LS§ 5.387 0.310 0.18% 0.05 538 040 080 1.76
DRF-ISLS 5.405 0.301 0.10 0.03 5.39 043 075 1.69
DRF-FIML 5.393 0.302 0.09 0.02 5.39 042 076 167
PRRF 5.369 0.344 0.17 0.20 5.36 043 089 217
MSRF 5.405 0.301 0.10 0.03 5.39 043 075 1.69
GRF (¢* =1.0) 5.390 0.300 0.14 0.06 5.38 041 076 171
GRF (¢* =0.05) 5.394 0.302 0.09 0.02 5.59 042 076 1.67
Maodel B. One-pertad-lead forecusis of Y, = 21.629, 1wo degrees overideniified

ULS 21.490 1.210 0.22 0.36 21.40 156 307 761
DRF-25LS 18.383 1155 0.19 0.22 21.49 146 297 6.78
DRF-3SLS 21.597 1120 0.10 0.21 21.58 146 280 6350
DRF-FIML 21.563 1124 0.08 0.19 21.58 148 2.74 643
PRRF 21.452 1.299 0.20 0.36 21.38 168 331 852
MSRF 21.597 1.120 0.10 0.21 21.58 146 280 6.50
GRF (¢*=1.0) 21.554 1115 0.13 0.24 2151 138 283 654
GRF (¢* =0.05) 21.564 1.123 0.09 0.19 21.58 145 276 644
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Table 5

Case III. Small sample (T = 24), lower cenlrality, correct spedfication.

Length of interval

Mean Std. dev. Skewness Xurtosis Median 50% 80% 100%

Model A. One-period-leud forecasts of Y, = 0.526, one degree overidentified
ULS 0.427 0519 -0.18 0.28 045 063 1.33 2.93
DRF-2SLS 4082 44523 14.67 222.83 064 092 252 70602
DRF-3SLS 2223 24159 15.62 245.84 0.65 084 191 38752
DRF-FIML 0.648 3.059 15.26 238.33 0.44 055 1.28 49.77
PRRF 0.321 0.557 0.017 0.003 0.36 070 1.46 3.04
MSRF 2037 24125 15707  247.728 0.54 075 162 18752
GRF (¢* =1.0y 0.439 0.469 -0.319 0.371 047 060 130 2.86
GREF (¢* =0.05) 0.438 0.505 -0.250 0.272 0.45 062 1.35 2.87

Model A. One-period-lead forecusts of Y, = 0.951, one degree overidentified
ULS 0.626 1.834 -022 045 0.73 219 476 11.14
DRF-2SLS 12.818 147477 14.83 227.03 1.42 309 849 234545
DRF-3SLS 6.748  80.421 15.62 245.90 146 283 6.39 128922
DRF-FIML 1.372 10.250 15.67 236.54 0.75 203 455 16489
PRRF 0.634 1.853 -0.23 039 0.73 228 4.87 11.08
MSRF 6.024  80.294 15.72 248 .06 1.00 255 569 128834
GRF (¢* =1.0) 0.684 1.767 -0.40 0.51 0.76 209 473 10.73
GRF (¢* =003 0.678 1.756 -0.32 0.37 0,78 224 432 10.72

Madel B. One-period-lead forecusts of Y| = 1.104, just identified

ULS 1.004 0.519 -018 028 1.03 0.63 133 293
DRF-2SLS 0.898 2534 1405 212,53 109 060 1.35 40.95
DRF-3SLS 1.094 0744 -7.09 82.73 1.13 047 1.17 10.44
DRF-FIML 1.036 0.440 0.05 0.73 1.05 050 111 2.79
PRRF 1.004 0.519 -0.18 028 1.03 063 133 2.93
MSRF 1.132 0.461 -011 097 1.13 047 117 3.03
GRF (¢* =10y 1.0d44 0.443 0.00 0.77 L4 047 111 2.38
GRF (c* =0.05) 1.045 0.446 ~0.06 0.80 106 048 113 2.89

Model B. One-period-iead forecasts of Yy = 4.415, two degrees overidentified
ULS 4.090 1.834 -0.22 0.45 4.19 219 476 11.14
DRF-2SLS 3513 10116 -1420 213,83 428 216 529 164.07
DRF-3SLS 4.289 2.908 —7.60 90.74 4.46 181 4.65 4131
DRF-FIML 4.175 1.654 -0.12 0.77 4.22 1.83 4.18 10.68
PRRF 3.933 1.985 -0.29 0.25 4.03 250 511 11.20
MSRF 4.444 1,733 -0.24 093 445 1.78 4.63 11.00
GRF (c*=1.00 4.198 1.658 -0.15 0.81 423 179 4.24 10.77
GRF (¢* =0.05) 4.191 1.674 -0.20 0.81 422 177 426 10.70

—
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Table 6
Case IV. Small sample {7 = 24), higher centrality, misspecification.?
Length of interval
Mean  Std. dev. Skewness Kurtosis Median 50% 80%  100%

Model A. Forecasts of Y, = 2.578, v, = 1 misspecified as v, = 0
ULS 2479 0519 -018 0.28 2.50 0.63 133 2.93
DRF-25LS -1.027 443819 014 56.15 0.44 5.09 25.67 779.69
DRF-35LS 1.010 25321 231 59.44 1.67 3.19 13.99 461.85
PRF-FIML 2.428 1.390 —0.55 0.67 273 1.50 3.95 8.45
PRRF 2479 0518 -0.18 0.28 2.50 0.63 133 2.93
MSRF 1.040 25322 131 59.43 1.93 316 1399 461.85
GRF (¢* =1.0) 2983 0.678 0.03 -047 3.01 1.00 1.76 3.43
GRF (¢* = 0.05) 2,981 0.743 0.12 4.9 2.93 111 195 381

Maodel A. Forecasts of Y, = 4.657, vy = 1 misspectfied as v; = 2
uLs 4.332 1.834 =022 0.45 443 219 4.7 11.14
DRF-2SLS —-2.257 106.369 (.36 57.58 1.08 1240 5733 1882.57
DRF-3S5LS 2406  60.853 1.35 60,08 4.17 7.65 33.02 111513
DRF-FIML 4750 4452 —0.60 .29 541 525 1256 24.30
PRRF 5.855 1.390 017 0.31 5.80 1.62 357 8.00
MSRF 2212 60.845 1.36 60.14 3.81 7.25 33.02 111513
GRF (¢* =1.0) 6.186 2455 —0.06 -0.48 6.37 352 631 12.39
GRF (¢* =0.05) 6.153 2.686 0.08 -0.52 5.72 410 678 14.43

Model B. Forecusts of ¥, = 5.407, v, = 0 misspecified as v, =1
ULS 5308 0519 -0.18 0.28 5.33 0.63 133 2.93
DRF-25LS 15109 117.654 15.18 236.15 5.34 4.07 10.80 1506.14
DRF-3SLS 12.484  88.047 15.26 238.17 5.74 247 712 145006
DRF-FIML 3.501 6.103 0.40 58.28 3.88 335 568 10949
PRRF 5370  0.519 -0.20 0.30 5.39 066 1.34 2.87
MSRF 5314 0517 =017 0.26 5.34 062 1.37 2.94
GRF (¢ =1.0) 5.328 0.707 0.16 -0.21 5.28 101 176 176
GRF (¢* =0.0% 5.384 0637 031 0.85 5.34 079 160 4.34

Model B. Forecasts of Yy = 21.629, vy = 2 misspecified as v, = 1
ULS 21.304 1.834 -0.22 045 2141 219 476 11.14
DRF-2SLS 59248 456.966 15.16 23574 2244 1505 4341 740470
DRF-35LS 49.033 341.950 15.25 23780  23.00 9.44 28.73 5634.29
DRF-FIML 14662 23.727 0.40 5859 1623 1292 21.39 42491
PRRF 21277 1.936 -0.22 022 21.36 232 509 11.16
MSRF 21.325 1.830 =022 043 2145 216 479 11.19
GRF {(¢*=1.0) 21.363 2332 011 001  21.27 3.0 6.09 12.90
GRF (c* = 0.05 21.558 2154 0.25 100 2146 273 562 14.79

", (1,) = degree of overidentification of the first (second) equation.
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estimator performs very well except in a few instances, as in the misspecified
and low centrality model A, where it behaves almost as badly as 3SLS. The x?
test defining MSRF is either undefined due to a lack of overidentification, or
occasionally fails to reject the model, thus making the estimator identical to its
3SLS component [see Maasoumi (1978)]. In the other situations MSRF does a
good job of removing the outliers in the distribution of the 3SLS.

The Partially Restricted Reduced Form (PRRF) estimator, while better than
the traditional methods in most cases, does not fair as well except when P, is
expected to do very well, as in the exactly misspecified cases of experiment 1V.
P, is impressive except for a lack of relative precision with large samples and
correct specification.

As for ‘the acid test’ of model performance, tables 3-6 report on the
‘one-period-ahead’ forecasting performance of these methods. Once again the
two GRF examples come first overall, and do very well indeed in every
experiment. There appears to be no costs in using GRF even when the
traditional (derived) reduced-form (DRF) estimators may be expected to do
well. FIML and 3SLS are better than 2SLS, the most widely used of the
traditional methods! 2SLS is consistently the worst performer in almost every
respect. Our results also show that median is a very good (robust) estimator in
these models. Table 7 summarizes simple cumulative ranking of these forecasts
on the basis of Root Mean Square Error and the quintile range, respectively.
These summaries are clearly consistent with our observations based on tables
3-6.

6. Conclusions

It was argued that after all the statistical checks on a model have made a
case for its use, reasonable doubts concerning its adequacy and the power of
the model selection methodology persist. A proposed method was demon-
strated in a common-systems context to be able to formally represent this state
of affairs. This method formally incorporates otherwise implicit and subjective
positions with respect to the alternative models. In this way our statistical
analysis of the preferred model is affected by how strongly we hold it and its
alternatives. The methodology produces surprisingly robust and attractive
estimators. Further research would seem to be justified in order to deal with
other specific model contexts, especially the linear dynamics, and to learn
about the operational characteristics of the GRF methodology. Its firm
Bayesian underpinning and the available evidence suggest very good prospects.
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