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Numerical evidence is reported here in order to shed light on the characteristics and performance
of several non-traditional reduced-form estimators. Some empirical and Monte Carlo simulation
examples compare these techniques with such traditional methods as the OLS, 2SLS, 3SLS and
FIML. While further evidence is required to more fully characterize the new estimators and the
situations in which they can be successfully applied, the available evidence favors the new
methods over the traditional ones. This is particularly so for the Generic and the Modified
Stein-like Reduced Form (GRF and MSRF) estimators which, under our criteria, out-perform the
traditional methods even in situations that are favorable to the latter.

1. Introduction

In this paper we provide some numerical evidence to help characterize the
performance and the statistical properties of several reduced-form estimators.
The new estimators investigated here are the Partially Restricted Reduced-
Form (PRRF), the Modified Stein-like Reduced-Form (MSRF) and the Generic
Reduced-Form (GRF) estimators. This focus on reduced-form estimators
reflects our belief that they are key to policy simulations and forecast reliabil-
ity. The quality of model formulation is, however, another key ingredient that
must be taken into account.

It is widely understood that some of the information used for model
specification is not amenable to statistical testing and inference. Different
degrees of belief in the maintained model thus lead to alternative statistical
techniques and approaches. For instance, in the Simultaneous Equations
Models (SEMs), standard estimation techniques may be appropriate if all of
the incorporated non-sample information is believed with certainty. If there is
some uncertainty, however, alternative approaches are needed which differ
only by the degree and the manner in which ‘non-sample’ information is
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incorporated in them. The implementation of the ideal of purely data-based,
profligate statistical modelling and inference, exemplified by the recent exam-
ple of vector autoregressive models (VARs) [see Sims (1980)], is severely
curtailed by practical data limitations and other statistical difficulties. These
difficulties lead inevitably to the assumption of different but equally incredible
a priori restrictions that are no more amenable to statistical testing than those
routinely incorporated in the traditional SEM methods.

There can be little doubt that more robust statistical methods are needed
that do not entirely depend on the complete accuracy of non-sample infor-
mation. Convenient formalisms that can be helpful in modelling such inherent
uncertainties are essentially Bayesian or have attractive Bayesian interpre-
tations. In the context of SEMs there are now several non-traditional methods
which have particular Bayesian interpretations that are consistent with the
natural evolution of views and of a priori information in economic modelling,!

The theoretical properties of these methods have been studied in recent
years. Byron (1976), Knight (1977) and Swamy and Mehta (1980) have studied
the Partially Restricted Reduced-Form (PRRF) estimator of Amemiya-
Court-Kakwani. Maasoumi (1978) proposed and analyzed the MSRF estima-
tor, and Maasoumi (1986) proposed and analyzed the GRF model and
estimation methods. In this paper we report the available evidence on the
performance of these techniques and compare them with the Unrestricted
Least Squares (ULS) and the derived OLS, 2SLS, 3SLS and FIML reduced-
form estimators. This evidence is based both on empirical models which may
be regarded as inadequate or uncertain, and on Monte Carlo experiments on a
limited number of both correctly and incorrectly specified models.

We find that a whole range of criteria favor the GRF and MSRF estimators.
Subject to the inherent specificity of all numerical evidence we are prepared to
give a qualified recommendation of GRF and MSRF over all the traditional
methods.

Section 2 describes the classical SEM and its standard estimators. Section 3
briefly describes the non-traditional methods. Summary of the available
evidence appears in section 4, and section 5 concludes.

2. The classical SE model

Let X=[Y Z] represent T observations on n endogenous (Y) and m
exogenous (Z) variables. Consider the following relationships:

Y =PZ' +V, (1)

"In the case of macrovariables the ‘Bayesian’ extensions of the VAR models appear to be in
violation of the elements of Bayesian analysis. The same sample of macrovariables (e.g., for the
U.S. economy) may not be allowed to provide both the ‘a prior’ or subjective beliefs and the
current sample information! Data-based priors must depend on samples other than the objective
likelihood.

>
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and
BY' +TZ' =U =AX', say, (2)

where A =(B I') being nX(n+m) and P being n X m represent the un-
known coefficients. Rows of the disturbance matrices U/ and V are i - i - Normal
with zero means and covariance matrices denoted by, respectively, X and £.
When (1) is derived from (2) and is its reduced form, we have

BP+T=0. (3)

Also when a priori restrictions on A are available they can be used to estimate
A first, and find the Derived Reduced-Form (DRF) estimators of P from (3).
When such restrictions are simply exclusion restrictions we can represent them
as follows:

s—Sa=VecAd, (4)

where Vec denotes stacking by rows, « is the vector of the non-zero
(unrestricted) elements of A, s is a selection vector such that its /th subvector,
s;, selects the /th endogenous variable as the dependent variable of the ith
equation (normalization), and S is a block-diagonal selection matrix such that
its ith block, S, satisfies XS;= X, the matrix of observations on the
explanatory variables appearing in the ith equation.

Model (1), whether it is considered the reduced form of some other
behavioral model or not, can be estimated by a variety of methods. Let
P=(Y'Z)(Z'Z)"" denote the Unrestricted Least Squares (ULS) and P* =
—B*7!II'* any DRF estimate based on the OLS, 2SLS, 3SLS and FIML
estimators of 4. These five estimators are the traditional or standard methods
that we consider in our comparisons. Under the classical assumptions [e.g., see
Sargan (1976a)], ULS has desirable finite and large sample properties but is
asymptotically less efficient than the full information P* based on 3SLS or
FIML. P remains unbiased and consistent so long as X is properly specified
even though X; may be incorrectly specified in the ith equation. P is thought
to be robust whereas P*’s are expected to be fragile with respect to many
specification uncertainties. FIML-based P* (like P) is the only standard DRF
estimator known to have some finite sample moments, and thus not expected
to produce frequent outliers in forecasting from (1); see Sargan (1976b). 2SLS
and 3SLS-based reduced-form estimators do not possess even a finite mean or
variance; see McCarthy (1972) and Sargan (1976b). One must bear in mind all
these properties in studying the evidence in section 4.

3. Non-standard techniques

The specification uncertainties and poor small sample properties of stan-
dard SEM methods have motivated the development of several alternative
approaches. Approximating (linearizing) the a priori restrictions in (3) by
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using (e.g.) 2SLS estimates of A, one row at a time, provides the PRRF
estimator, see Kakwani and Court (1972). Treating (1) as a Bayesian forecas-
ting model and employing the a priori restrictions to partially assess prior
p.d.f.’s on the coefficient P leads to the GRF model and estimation techniques;
see Maasoumi (1986). Finally, MSRF is obtained as a weighted average of P
and a DRF estimator with the weights depending on the outcome of a general
test for the specification of the behavioral model in (2); see Maasoumi (1978).
PRRF is defined as follows:

Vecf’=ﬁ, say,

=(1®0')sd, (5)

where d is the 2SLS (or some other) estimator of «, Q’ = (f”z]m), and (5) is
derived from a row vectorization of (3) and (4).2 This estimator has a
mixed-regression interpretation and possesses finite moments; see Byron (1976)
and Knight (1977), respectively.

The MSREF estimator is defined as follows:

p*=ApT+(1-X)p, (6)
A=1 if ¢7<C,,
= (¢o/67)> if ¢*>C,, withany ¢,<C

where
= QP PTNZ'Z)(P-PTY] s X2 (7

.Q is a consistent estimate of £, and C, is the (1 — p) 100 critical value of a
x> distribution with degrees of freedom q equal to the total degrees of
over-identification in (2).

When P*=3SLS, Maasoumi (1978) gave sufficient conditions for the
MSREF to possess finite moments of order T — n — m or less, and showed that
it was approximately asymptotically equivalent to 3SLS. Clearly MSRF will be
identical with its DRF component (P*) if ¢* does not reject the a priori
restrictions. With relatively small samples, however, ¢* is known to have a
tendency to over-reject even correctly specified models.

The GRF model assumes that the data generating process is (1) together
with:

Vec P ~ N(Vecﬁ, .Qp) independent of V, (8)
BP+T=0, (9)

2Lower case letter p and its estimates denote Vec P and its estimates.
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and also with the a priori restrictions in (4) which are now imposed on P, the
partially assessed prior mean of P. For a full discussion of GRF and the
assessment of {2, and other issues see Maasoumi (1986). Assuming that B!
exists, it may be verified that the GRF model implies and is implied by the
following relations:

BP+TI'=D, (10)
where

VecD~N(0,2,) and 2,~(B®1)2,(B'®I).

-

D is a random representation of several different types of structural misspec-
ifications which violate the usual BP + I" = 0 relations separately or jointly. As
examples of such misspecifications we cite (i) violations of (4), (ii) incomplete
models which, in reality, are part of a larger model, and (iii) incorrect linear
specifications of non-linear relations. Maasoumi (1983, sec. 2) contains a
detailed discussion of these examples.

The classical SEM approach assumes §2,= 0. The GRF model provides a
formalism for investigating generally unknown departures from this extreme
assumption.

The GRF estimators, (a*, P*), are given as follows:

ot =+ FTS(1© Q)07 (B ® 1) Vec(P* ~ P*), (11)

Vec P* = W Vec P+ (I — W)Vec P, (12)
where

Fr=[s"(1eQ")Q;' (19 Q™)S], Q" =[P"1,].

B* and a” are the corresponding traditional SEM estimates of B and «, and
W is a weight matrix given in Maasoumi (1986, eq. (20)).

In finite samples, P* has finite rth-order moments if the equations of the
maintained behavioral model (2) are over-identified by 2r or more degrees.
The asymptotic properties of (a* P*) depend on whether the assumed GRF
model is the true model or (2) and its reduced form are the true model. In the
former case [Case 1 of Maasoumi (1986)} £2,= O(T '), or smaller, is required
as a characteristic of the underlying misspecifications [compare with Fisher
(1961)]. The attraction of GRF is that it pulls toward its DRF component with
larger sample sizes and/or greater certainty in the maintained behavioral
model, and puils toward the ULS estimator otherwise. We will witness these
properties in the next section which details our numerical experience with
these estimators.
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4. The available numerical evidence

We have made a beginning in the comparative study of the non-traditional
methods mentioned above by focusing on a subset of practically interesting
situations in which these estimators may be used. One such interesting
situation 1s an actual model which has done statistically poorly and is
therefore uncertain to an unknown degree. We have used Klein’s Model I of
the U.S. economy as well as a small monetarist model, which is an adaptation
of Stein’s (1982).

Another interesting set of questions can only be answered with greater
control over the accuracy of specifications or lack thereof. This necessitates
Monte Carlo simulation experiments. Below we report the results of several
useful experiments which are informative about the estimators and the
influential model characteristics that require further investigation.

4.1. Estimates of two macro-models

Table 1 below describes Klein’s Model I and gives the estimates of its
behavioral equations. Variable definitions are given in Theil (1971). As is well
known, with the 21 annual observations the ¢* test described above (equalled
1082) and its variants are substantially greater than any conventional critical
level of x1,. Three sets of GRF estimates are given for different levels of £,
representing increasing degrees of uncertainty. A starting value for £, was
described in Maasoumi (1986, sec. 5) as follows:

Q,=c*3e(zz)™"),

where 2 is the 2SLS residuals’ estimate of % and C* is an arbitrary scalar. If
lim(Z'Z/T)= M is a finite matrix, then 2, above is O(T!). It can be made
to have smaller orders of magnitude in T by suitable choices of C*.
Considering the strong rejection of the model it is not surprising to find
noticeable variation amongst the traditional structural estimates. FIML
estimates are generally very different from the other estimates reflecting their
extreme sensitivity to misspecification. The larger standard errors for FIML
reflect the non-existence of its moments; see Sargan (1970). The GRFs with
smaller C*(§2,) are closer to 2SLS and 3SLS estimates which do have finite
moments, but have smaller standard errors than the latter. The GRF estimates
are only shghtly closer to FIML in the case of extreme uncertainty (C* = 50.0).
The reduced-form coeflicient estimates are given in table 1 of Maasoumi
(1986). Table 2 below reports some well-known statistics bearing on the
in-sample predictive performance of all the estimators. The entries on the
GREF are different here from those reported in tables 1-3 of Maasoumi (1986)

»
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and are thus additional evidence on the robust performance of GRF.> Not
surprisingly, the Unrestricted Least Squares (ULS) is generally the ‘best’
estimator, specially according to Root Mean Squared Error (RMSE) and
Theil’s U-statistic. The Mean Absolute Error (MAE) and the slope of the
regression of the predicted values and the actual observations are also re-
ported. The GRF estimator performs extremely well specially with more
appropriate levels of uncertainty (larger C*). The GRF estimates here are
generally closer to the ULS than the other estimators, and closer than the
GRF with smaller C* used in tables 1-3 of Maasoumi (1986). As expected,
specification of smaller values for C* moves GRF closer to its DRF component.
Thus while all the non-traditional estimators dominate all the traditional
methods, the PRRF and the MSRF are generally third or second only to the
GREF based on a £, which properly reflects the inadequacy of the model.
Furthermore, MSRF and PRRF are also very close to ULS in these circum-
stances [see (7)] and perform specially well according to the MAE criterion
(except for PRRF applied to the consumption equation). We conclude that in
this example there is no loss in applying the non-traditional methods, and
there are some noticeable gains in using the GRF since it also provides
estimates for the behavioral equations.

Jeong (1985, ch. VI) contains the full details of a three-equation, dynamic,
quarterly model of unemployment and inflation. This model was developed on
the basis of extensive data analysis, including statistical searches and tests of
‘causality’, and is statistically a more appealing variant of the monetarist
model described in Stein (1982). Utilizing a larger sample (U.S. data for
1961.1-1983.1V), the model is more reliably tested by asymptotically valid
procedures than Klein’s Model 1 with its small sample of 21 annual observa-
tions.

Jeong (1985) found general confirmation for the observations made above.
One major difference here is that medium values of C*(2,) produce predict-
ably better GRF estimates than the extreme values which performed best for
Klein’s model. Table 3 presents the behavioral model and its coefficients. M
denotes the rate of money growth and its lagged values. Table 4 has the same
design as table 2. Similar statistics for the inflation rate and MFP reduced-form
equations are available from the authors. ULS and GRF are the best per-
formers even though the traditional full information estimators do better than
in the previous example.

We also compared the performance of the 3SLS-based with FIML-based
GREF in both of the above models. In the statistically less satisfactory model of

*In Maasoumi (1986) all the values for C should be divided by V21 =4.6. Consequently, tables
1-3 of that paper report on GRF with C* = (001, 0.1, 0.2 and 10). In the current report
C* =(0.05, 0.5, 1.0, 5.0 and 50) are the values which underly our conclusions. Tables similar to
table 2 summarize fully conformable evidence for the investment and private wages equations.
These were removed at the editor’s suggestion but are available upon request.
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Klein’s, 3SLS-based GRF out-performs the more sensitive FIML-based
estimator. This limited evidence is in conformity with the known theoretical
properties of the 3SLS-based GRF [see Maasoumi (1986, secs. 3-4)].

4.2. The Monte Carlo simulation results

Four experimental designs are considered below on the basis of two
simultaneous equations models, each having two equations and four exogenous
variables. These designs are used to study (i) the effect of changes in such key
design parameters as the sample size, concentration matrices and degrees of
over-identification and (i) controlled misspecifications. We also use these
experiments to analyze out-of-sample forecasting performance of the compet-
ing techniques.*

Table 5 describes models A and B and the changes across the four
experiments in each case. One equation in model B is over-identified by two
degrees, the other is exactly identified. Equations of model A are over-identi-
fied by one degree each.

250 replications were based on identical normally distributed random
disturbances for all experiments. The disturbances were generated to have zero
means and the covariance matrix (£2) given in table 5.

Experiments I and II consider only the effect of a change in the sample size.
Experiments I and III should be compared to evaluate the effect of changes in
the centrality (concentration) matrices. Finally, experiments I and IV should
be compared to trace the effects of erroneous omission and inclusion of
exogenous variables. When data generated by model A are used to estimate
model B, the first equation of A suffers from erroneously included variables,
and its second equation has an omitted variable misspecification. The situation
is reversed for the equations of model B.

Structural estimates — Tables B1-B2 of Maasoumi and Jeong (1986, app. B)
report the traditional as well as two variants of the GRF estimates of the
structural coefficients of models A and B. In the interest of brevity we only
summarize the most striking features of the results:

(a) The known inconsistency of OLS is quite evident. It is very tightly
distributed around a very poor estimate suggesting that variance alone will
give a misleading ranking for it.

“Given the incremental nature of learning we were forced to choose between a more extensive
study of a limited number of designs and a limited analysis of an extensive set of designs. We
chose the former for now. This first step makes sense in thal we have also learned what other
designs deserve to be investigated in the future.
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Larger sample size improves all the structural estimates and makes them
much more concentrated around the true values.

Model A i1s somewhat better estimated than model B. A just identified
equation in the latter suggests the non-existence of finite moments for all
but the OLS estimator.

Reduction in the centrality coefficients leads to a marked deterioration in
estimator performance, especially for the estimated coefficient of the
exogenous variable.

In almost all cases in experiments I-IIT the GRF structural estimator does
at least as well as the traditional limited and full information estimators.
This may be surprising since in these experiments the models are correctly
specified. While FIML structural estimates perform relatively badly because
they do not possess finite moments [see Sargan (1970)], 2SLS and 3SLS
may do better in more highly identified models [see Sargan (1978)].
Misspecifications of experiment IV more adversely affect model B esti-
mates. In particular, FIML is the most dispersed estimator with this type
of omitted variable misspecification. The erroneously included variable
misspecification of model A does cause a little more bias, the most for
FIML and the least for 2SLS, reflecting the relative sensitivities of these
estimators to misspecification in SEMs. However, increased dispersion is
the most dramatic effect of this kind of misspecification.

Reduced-form estimates — Table 6 reports the estimated reduced-form
coefficient of Z; in the equation for Y,. Z; is included in model B, but
excluded from the corresponding equation of model A. Z; is also the instru-
ment of misspecifications in experiment IV. Maasoumi and Jeong (1986) have
similar tables for other coefficients. The salient features of the results may be
summarized as follows:

(a)

(b)

(©

In experiments I and II, the two GRFs and the MSRF estimators
generally perform at least as well as the best of the traditional estimators.
There is quite clearly no loss in applying these estimators in situations that
are most favorable to traditional SEM estimators (with small or larger
samples). The latter perform extremely well in experiments I and II.

ULS and PRRF are ranked last in experiments I and II on the basis of
bias and dispersion. They are often identical because of the exact identifi-
cation of one equation in model B and the near identity of the systematic
parts of Y, in models A and B. While ULS does not perform badly in
absolute terims, its relative inefficiency is demonstrated.

Experiment III has a smaller concentration matrix than experiment I.
More importantly Z’Z is no longer O(T') in this experiment which could
have a serious effect on the properties of estimators, particularly their
asymptotic properties. Consequently, there is a clear deterioration in the



E. Maasoumi and J.-H. Jeong, Performance of reduced-form estimators

o0
o~
—

> . -
V [2pow se Jweg Sy =118t =1z.z| lz.zl (®)
(uonpoiirads 124405 “A1yvaiuadr 42ySy ‘gp = ) [[ IUdwL2AXT
£8°5T £9°5T L1/GdZ.zd)_p)n (P)
6S1LT  ¥S'89 9¢IE 5Tl
¥$'89  SyLT €571 SH'S d(1/Z2,Z2)d
11owered A1menuso-uoN (o)
G+ la=a
i+0=¢ T+1=1 UONEIYNUIPLIAAC JO 32189 (q)
V [9poul s sweg SV =1"1vd =12.2| 1z.z1 (&)
(uonway133ds 1024400 *Quoaguad s2ydry ‘Gz = 1) | wwowitiadxy
91— 091 0¢t— 0T 91— 0% 0t—- 0T -d (@
80— 0¥ SLO0—- S0 80— 0T SLO0— €0 -
01z 09 0T S0 _
V [9poul SB Jwres 09 SLT _ 0 01 _ =y pue Y
91— 0 0 0:1 v— 91— 0¥ 0 0-1 v— cal
0 0y ¢SL0— S0:S0- 1 _ — 0 0 SLO0- S0:S0- 1 _ ={1:9l=v (®

4 PPOW vV 1PPO

‘sfopout fejuawradxs om],

EICLND




[o)
o~
—_

E. Maasoumi and J.-H. Jeong, Performance of reduced-form estimators

"Il =V ZnZ v T={'0=42 S3UO JO 101934 1UAUIR[- = )
- 0 0 - o 0
wzeh= |0 Yo 0 g 0 Ym0 Yley.
1- 1- I- 1- 1 1 1 1
| I - 1 - 1 - 1
o Paseq SI[QeLRA Snouadoxyg
Vv 19POW g 19PO [9POW [eINIONIS PIAIIIISG
(uonpoyadssiu *A1pa1usd 43y31y ‘b7 = 1) A[ wawiadxy
9L0T 9L0°T 1/(dz2.2d)._5)n (p)
0€TT 98T W T$o
Tw.m L0 Tm.o 0 ﬁ 1/.dZ.zd ©)
V [3poull se Jureg o1=1"1l=1z.z| 1z.z| (&

(uonwotf1oads 1224402 *(11D41UFI 49M0) ‘4T = 1) [[] IudwLiddxXF




130 E. Maasoumi and J.-H. Jeong, Performance of reduced-form estimators

Table 6

Distribution of the reduced-form coefficient of Z3; true value for model A =2.00 and true value
for model B = 4.00.

Std. Skew- Kur- Length of interval

Mean dev. ness tosis Median 50% 80%  100%

Experiment I, model A, correct specification, sample size =24

ULS 1.965 0.257 0.29 0.83 1.97 032 064 170
DRF-2SLS 2.015 0.241 0.10 0.92 2.01 032 0.56 1.69
DRF-3SLS 2.026 0.243 0.04 0.78 2.03 032 058 1.69
DRF-FIML 1.976 0.240 0.16 0.94 1.97 030  0.59 1.69
PRRF 1.918 0.308 —-0.10 0.76 1.94 034 0.75 2.03
MSRF 2.005 0.244 0.17 0.85 2.00 0.31  0.57 1.69
GRF (C*=1.0) 1.974 0.241 0.19 0.98 1.97 030  0.59 1.69
GRF (C* =0.05) 1.976 0.240 0.16 0.94 1.97 030 059 1.69
Experiment I, model B, correct specification, sample size = 24
uLs 3.965 0.257 0.29 0.83 3.97 032 064 1.70
DRF-2SLS 3.976 0.254 0.27 0.74 3.97 031  0.64 1.65
DRF-3SLS 3.987 0.253 0.26 0.64 3.98 032 064 161
DRF-FIML 3.969 0.253 0.27 0.63 3.97 032  0.64 159
PRRF 3.965 0.257 029 0.83 3.97 032 064 1.70
MSRF 3.987 0.253 0.26 0.64 3.98 032 0.64 1.61
GRF(C*=1.0) 3.970 0.253 0.27 0.67 3.96 031 063 1.61
GRF (C*=0.05) 3.97 0.253 0.27 0.63 3.97 032 065 1.59
Experiment I, model A, correct specification, sample size = 48
ULS 1.966 0.173 -0.01 0.32 1.97 021 044 1.02
DRF-2SLS 1.991 0.165 -0.08 0.34 1.99 020 041 0.95
DRF-3SLS 1.997 0.167 —-0.09 0.25 2.00 021 043 0.94
DRF-FIML 1.969 0.165 -0.01 0.34 1.97 021 041 0.96
PRRF 1.942 0.202 -0.26 0.45 1.95 023 049 119
MSRF 1.988 0.165 ~0.04 0.34 1.99 020 042 0.94
GRF (C*=1.0) 1.969 0.164 -0.01 0.37 1.98 0.20 041 0.96
GRF (C*=0.05) 1.969 0.164 -0.01 0.34 1.98 021 041 0.96
Experiment 11, model B, correct specification, sample size = 48
ULS 3.992 0185 -0.01 -022 3.98 0.27 046 0.99
DRF-2SLS 3.998 0.182 -000 -012 3.99 026 0.46 0.97
DRF-3SLS 4.003 0.180 =000 -0.01 3.99 0.26 0.46 1.00
DRF-FIML 3.994 0.181 002 -0.06 3.98 027 045 1.01
PRRF 3.992 0.185 =001 022 3.98 0.27 046 0.99
MSRF 4.003 0.180 -000 006 3.99 0.26 0.46 1.00
GRF (C*=1.0) 3.994 0.181 002 -008 3.98 0.27 045 1.00
GRF (C* =0.05) 3.994 0.181 002 -0.06 3.98 027 045 1.01
Experiment I1], model A, correct specification, lower centrality, sample size = 24
ULS 1.828 1.258 0.29 0.83 1.85 1.58 312 8.31
DRF-2SLS 14.408 147708 14.69 22356 2,68 248 748  2320.95
DRF-3SLS 8.138 83.762 15.60 24541 2.59 206 565 134227
DRF-FIML 2,559 11.103 1551 243.73 1.87 1.44  3.07 179.99
PRRF 1.460 1.442 0.36 0.15 1.57 197 366 8.45
MSRF 7.445 83.606 1571  247.80 219 172 471 134227
GRF (C*=1.0) 1.858 1.255 0.04 0.92 1.90 153 303 9.08

GRF (C* = 0.05) 1.863 1.257 0.13 0.64 1.87 161 298 8.50
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Table 6 (continued)

Std. Skew- Kur- _—s
Mean dev. ness tosis Median  50% 80% 100%

Length of interval

Experiment 111, model B, correct specification, lower centrality, sample size = 24

ULS 3.828 1.258 0.29 0.83 3.85 1.58 312 8.31
DRF-2SLS 3.758 4716 —11.70 163.64 4.04 1.66 3.22 78.28
DRF-3SLS 4132 1.609 -3.96 35.84 4.23 1.52 297 20.08
DRF-FIML 3.814 1.255 0.19 0.89 3.80 1.58  3.19 8.97
PRRF 3.828 1.258 0.29 0.83 3.85 1.58 312 8.31
MSRF 4198 1172 0.26 1.10 419 1.48 294 8.88
GRF (C*=1.0) 3.887 1.202 0.35 0.89 3.86 1.54 295 8.24
GRF (C*=0.05) 3.892 1.205 0.32 0.89 3.89 1.57 287 8.33
Experiment 1V, model A, misspecified as model B, sample size = 24
ULS 1.965 0257 0.29 0.83 1.97 032 064 1.70
DRF-2SLS 0.259 26.439 0.59 69.57 0.85 231 1236 498.63
DRF-3SLS 1.235 15.210 1.30 73.69 1.54 1.54 627 295.35
PRF-FIML 1.722 1.003 0.24 5.34 1.91 1.04 277 8.57
PRRF 1.965 0257 0.29 0.83 1.97 032 064 1.70
MSRF 1.251 15.210 1.29 73.67 1.57 150 627 295.35
GRF (C*=1.0) 2.264 0.409 -003 -0.38 2.30 0.56 1.04 1.97
GRF (C*=0.05) 2.254 0,423 035 -0.25 221 0.63 1.09 221
Experiment IV, model B, misspecified as model A, sample size =24
ULS 3.965 0.257 0.29 0.83 3.97 032 064 1.70
DRF-2SLS 9.925 71.76 1512 234.89 431 238 653 1182.93
DRF-3SLS 9.077 62.217 1512 237.02 426 1.89 512 102327
PRF-FIML 2,642 4.306 0.40 5771 3.01 250 3.88 76.45
PRRF 4.009 0.256 0.26 0.88 4.02 032 064 1.73
MSRF 3.969 0.256 027 0.78 3.97 032 063 1.68
GRF (C*=1.0) 3.968 0.439 035 =027 3.93 0.69 1.08 2.36

GRF (C* =0.05) 4.007 0.385 0.58 1.26 3.98 047 087 2.55

(d)

performance of all estimators in experiment III. 2SLS is the most
dramatically affected and is now the worst performer by every measure
reported in table 6 except for the median. The MSRF estimator is close to
the best estimator (GRF), particularly in model B. The asymptotic x> test
generally fails to reject model A or B. Consequently, MSRF will be almost
identical with the 3SLS reduced-form estimator. When the latter performs
badly, as in the case of Z; in model A, 1t adversely affects the MSRF
which in view of lack of precision in the data (small Z’Z) is inconsistent
and over-dispersed. MSRF never performs worse than the 3SLS estimator,
however!

The ULS and PRRF perform reasonably well but generally not as well
as the two GRF estimators.
In experiment IV the DRF estimators (2SLS, 3SLS and to a lesser extent
FIML) perform very poorly and should not be used. In the case of model



132 E. Maasoumi and J.-H. Jeong, Performance of reduced-form estimators

A, misspecification reduces the equation to a just identified relation at
which point the xg specification test generally fails to reject the model.
This brings the MSRF estimator very close to the 3SLS estimator which
does not perform well. The reverse happens in model B where exclusion of
Z, increases the degree of identification of the equation. The x? test
decisively rejects the model and, as expected, pulls the MSRF close to the
ULS estimator.

It is reassuring to observe the strong performance of the ULS which
ignores the misspecified structural information. PRRF does correspond-
ingly well, but we think this is partly due to the design of the models here.
Both of the GRF estimators perform extremely well, especially in model B
and for the larger value of C* that more properly reflects the inadequacy
of specification in this experiment.

Forecasting - Table 7 gives the ranking of the eight estimators in four
experimental cases for models A and B. The corresponding cumulative rank-
ings are quite revealing. Further details on these forecast error distributions are
given in tables B3-B6 of Maasoumi and Jeong (1986). Our general reading,
particularly from the cumulative rankings, is as follows:

(a) In reasonably well specified models we would not use any of the tradi-
tional SEM methods. Even though FIML occasionally performs well for
correctly specified models, it is almost always out-performed by a GRF
estimator. These results are consistent with the known properties of SEM
reduced-form estimators, see Sargan (1976b).

(b) Among the non-traditional methods PRRF performs the worst for
reasonably specified models in spite of having finite moments. In fact both
2SLS and 3SLS predictors out-perform it in correctly specified models.
Only ULS does slightly worse than PRRF in similar circumstances.

(c) GRF estimates are best under RMSE and generally so under the proba-
bility range criterion. For most correctly specified models the margin of
advantage is undeniable. ULS (PRRF) is, however, the best performer
under misspecification (according to RMSE or the distribution range).
Under misspecification (case IV) all the new methods out-perform all of
the traditional SEM methods. Because of uncertainties regarding the
existence and the degrees of misspecifications in practical situations we
recommend the GRF or the MSRF over the ULS forecasts.

5. Conclusion

While we recognize the specificity of our findings and, in particular, the
dependence of forecast errors on other factors than just the estimation errors,
we find the current evidence a further confirmation of the known theoretical
properties of the GRF and the MSRF estimators.
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Several important questions deserve further study. Among these, simulation
experimentation with richer models than ours and practical forecasting with
medium-size models seem the most important.’
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