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ABSTRACT

This study reports the results of 172 Monte Carlo experiments
on the small-sample Properties of some simultaneous equation estimators.
The estimators‘studied were Direct Least-Squares, Two4dStage Least-Squares,
Nagarfs Unbiased k-Class Estimator, Limited-Information Meximum-Likelihood,
Three-Stage Least-Squares, Full-Information Maximum-Likelihood and Least-
Squares used to estimate the reduced form. The estimates of the structural
equations, their standard errors, the estimates of the variance-covariance
matrix of disturbances, the estimates of the reduced-form coefficients and

the predictive ability of the methods were examined.

The study investigated the small-sample properties of the estimators

in a variety of situations, concentrating especially on the performances of
the estimators relative to each other. First was examined s series of
cases falling under the standard, statistical, simultaneous-equation model.
Among the features studied were the effects of having different true
structures generate the endogenous variables and of having different sets,
amounts and types of exogenous data. It was found that the differences
between the estimators were not usually great. The frequencies with

which one estimator came closer to the population bParameters of a structure
than another one differed for different parameters and were sensitive to
the true values of the Parameters and to the sets of dats used to estimate
the structure. 1In many experiments it was bossible to establish g ranking

of the methods into three groups:  full-model methods; consistent single-




equation methods and the straightforward applications of least-squares,
but this ranking of the estimators was not found in several experiments.

A second part of the experiments investigated the effects of
violating the stochastic assumptions of the standard model. Errors in
the exogenous variables, stochgstic cCefficients, auto-correlated dig-
turbances and heterogkedastic disturbances were used in these experiments.
Only the use of stochastic coefficients had much effect on the estimators.
It altered both their relative and absolute Performances, Surprisingly,
errors in the exogenous variables did not seem to lead to Pronounced biages
of the estimates and guto-correlated angd heteroskedastic'disturbances did
not affect the reliability of the standard errors.

The third Subject studied was misspecification of the form of
the structural equations.  This involved the specification of zeroes er
coefficients whose true values were non-zero, the estimation of coefficients
whose true values were zero and the omission of an equation. Tt was found

that minor misspecificationsg had little effect on the estimators, but that

ability of the structure led to quite serious biases of the estimates, to
larger dispersions for their estimates, to unreliable standarg errors, to
changed rankings of the methods and, in some cases, to completely ridiculous

full-information maximum~likelihood estimates.

to the exact sets of data and structures used made it impossible to Judge

any one method the best for use in econometric models. The estimators




usually gave adequate indications of the orders of magnitude of the
barameters of the structures, though they did not provide great precision
in estimation. The standard errors frequently led to reliable confidence

intervals for the estimates, but this was not always the case, especially

when the structure was misspecified.
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PREFACE

This study arose from dissafisfaction with the lack of knowledge
about the sSmall-sample broperties of the estimators of systems of simultaneous
equations. Simultaneous—equation medels seem appropriate for many
econometric studies. The advent of modern computers has greatly simplified
the task of estimating such Systems. However, the usefulness of the
estimated models must pe open to doubt if the broperties of the estimates
are unknown. Thisg study was designed to shed more light on the small-
sample properties of the simultaneous-equation estimators.

The bulk of the study reports the findings of over 150 Monte
Carlo experiments on the small-sample properties of the estimators of
simultaneous-equation systems. These experiments investigated the per-
formance of the estimators in a variety of different situations. They
threw a good deal of light on the small-sample Properties of the estimators,
especially on their Performances relative to each Other, though they far
from succeed in answering all the questions of interest about the estimators.

The presentation of the results of Monte Carlo experiments is at
best a tedious undertaking since the conclusions rest on the exact types
of data investigated and arise from the consideration of specific and
limited sets of estimates. To facilitate the task of readers in finding
the main points of the study, short, indented Summaries are presented at

the ends of the sections bPresenting the results of the experiments.




iv

One point shoulg be made about the Presentation of the results.
The study tellg how the estimators berformed; it does not tell why they

Performed as they did. The reason for this ig simple. If T knew why

been attempted and the findings Dresented in termg of these explanations.
This was done but rarely. All too often the results of the €Xperiments
did not conform to what had been expected on heuristic grounds. It seemed
better not to develop plausible'explanations for thesge findings. Such
explanations, while they would not have been at variance with the results,
would otherwise have rested on no sounder grounds than the conjectures
which had been overthrown. Although many heuristic beliefs about the
broperties of the estimators were confirmed by the study, it seemed wige

not to present the results in terms of such Suppositions. I can see no




also made innumerable valuable and helpful comments. My thanks go to
Messrs. G. J. Mitchell, Robert Cave and E. T. Irons, all of The Institute
for Defense Analyses, for help in understanding and brogramming the 1604
computer and in using the operating system under which the programs for
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seek to identify the forces at work in a given situation and to describe o
the ways in which they»are connected. The systems may express equil-
ibrium positions of an economic process, be static cross-sections of it
or be formulations of causal relations which determine the path of a
process through time. They may relate to small parts of the economy or
attempt to encompass all of it. Within the limits of their subject
matter, they may try to be complete descriptions of the major forces at
work or be only partial explanations of them. They may contain as few
relations as the elementary supply and demand curves of the partial-
equilibrium analysis in price theory or have vést numbers of equations
as does general-equilibrium theory. What is common to these different
systems is the formulation of models in terms of several relationships

which operate simultaneously to determine economic Phenomens.

Many useful insights and results can be achieved by economic
theory with only a few, fairly general assumptions about the character-
istics of the relationships such as the signs of their partial derivatives.
Nevertheless, very frequently intuition and & priori reasoning alone,
however valuable they may be in describing the processes at work, can
give little if any indication even of the direction of change resulting
from specified changes in the causal factors. Forces pull in opposite
directions so that their combined effects are unknown without quantita-
tive knowledge of their significance. Nor can much be said of the o

implications for the economy of the occurrence of particular sets of

it

conditions. Frequently the theorist can say nothing of total effects -

or at best can only present s taxonomy of possible outcomes. These
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difficulties become more and more pronounced as the size of models in-
creases. Estimation of the relationships becomes necessary for finding
the implications of the theory. If the use of theory for prediction is
desired, some estimation of the system becomes crucial, though it must
be emphasized that direct estimation of the barameters of the system is
far from being the only way of going about brediction or the testing of

. 2
economic theory.

A large step needs to be taken in Droceeding from the formula-
tion of most theoretical economic models to the estimation of their
barameters. Economic theory seldom specifies the mathematical form of
its equations or the stochastic nature of the system. It rarely states
how, if at all, the variables are to be measured or how the theory
might need to be adapted 5o that it would serve to describe possible
statistical observations. To estimate a system of equations, these
difficulties have to be overcome.3 Finally a method of estimation has

to be selected.

2Discussion of the need for and the use of estimates of the coefficients
of simultaneous economic systems occurs in many references in the Biblio-
graphy to this study, particularly in J. Marschak, "Statistical Inference
in Economics: An Introduction," in T. C. Koopmans (ed.) Statistical
Inference in Dynamic Economic Models, (New York: Wiley , 19505, and
"Economic Measurements for Policy and Prediction," in William C. Hood
and T. C. Koopmens (eds.), Studies in Econometric Method, (New York:
Wiley, 1953).

3Economic theories bresented in forms which do not Present most of the
difficultieS'outlined, but instead are more nearly ready for statistical
implementation, are apt to be developed in connection with what are
essentially econometric studies. See, for .example, Edwin Kuh, Capital
Stock Growth: A Micro-Econometric Approach, (Amsterdam: North-Holland,
1963), Examples of how these Problems are encountered and dealt with in
the course of econometric model-building are found in many studies in
which models are constructed. See, for example. L. R. Klein and A. 8.
Goldberger, An Econometric Model of the United States 1929-1952,
(Amsterdam: North-Holland, 1955).




The situation can be Summed up. Economic theory Postulates
a set of variable Quantities in the economy, Y, whosge formation is
to be explained or predicted. There exists a finite number of variables,
Z, and a set of funCtioné, F, such that v = F(Z). Among 7 may be a
set of variables representing factors not explicitly considereqd by the
theory. Neither Y nor 7 may be capable of exact measurement or of
measuremenﬁ‘at all. The problem facing the €conometrician in building
models is to give explicit form te F, to choose the observations to
correspond to a set of v and Z and to estimate the model--that is,
to calculate from the observations of Y and Z g set of numberé, &,

to approximate the Darameters, « , of 7.

general, linegr model:4

(1.1) BY, + Tz, = U,
(1.2) B = (B”l)'l
(1.3) E(Ui) = 0 (all t)

See especially J. Marschak, "Statistical Inference in Economics: An
Introduction," ang 1. (. Koopmans, H. Rubin ang R. B. Leipnik, "Measuring
the Equation Systems of Dynamic Economics," both in T, C. Koopmans (ed.),
Oop. cit. By a model we shall mean a get of mathematical equations in-

(New York: McGraw-Hill, 1961, Pp. 96-97.




(1.4) EUU) = 5 = (bl t =m
= 0 t#m
(1.5) E(U%Zi) = 0 t>m

where Yt is a vector of values for the g endogenous variables in
the observation numbered t,5 ZJG the tth observation of k pre-

determined variables, U, a vector of g€ unobservable stochastic

t
disturbances at t and B gnd T are matrices of coefficients. (The
operator E denotes taking the mathematical expectation.) Sometimes

it is further specified that Ut’ in addition to being independent of
values of itself at other observations and of values of the Predetermined
variables and having finite moments at least up to the second, has the
multivariate normal distribution:

(1.6) P(U,) = (2m)71/28 |5 -1/2 exp - 3 Uy

z'lU£ .

Before one can estimate this model, further restrictions have to be

Placed on B and T +to assure that it is identified.6

t need not have any sequential meaning, though it may have, for example,

t and m makes sense, of course, only if the numbering sequence for the
observations is not arbitrary.

6A structure of a model is identified if from the g DPriori knowledge
embodied in the model (including normalization rules) and a knowledge
of the parameters of the likelihood function of the observations one
can deduce the parameters of the structure of the model uniquely. See,
for example, Tjalling C. Koopmans, "Identification Problems in Economic
Model Construction," in William C. Hood and T. C. Koopmans (eds.), op.
cit., Chapter IT. T




Even if all the steps needed to go from an economic theory to
an econometric model are taken, a number of problems remain. Pirst,
the specification of the model (1.1)-(1.6) is fairly restrictive and may
not be met by the Processes generating economic data. Second, the
properties of the estimators of structures of (1.1)-(1.6) are largely
unknown. Not only does this make the choice of one estimator from the
several competing possibilities difficult, it also leaves the nature and

value of estimated econometric models uncertsain.

2. Limitations of the Standard Model

Most of the restrictions implied by the model (1.1)-(1.6) are
of dubious validity in economic studies, with the possible exception of
(1.2) and (1.3). (Non-zero means for the disturbance terms can be taken
care of by the constants of the equations included in the M-matrices.)
Insofar as the assumptions are not met, the considerations which led
to the development of techniques for estimating structures from this
model may not be valid and use of such techniques becomes a rather

dubious undertaking.

In many ways the mosgt questionable of the assumptions is that
the underlying model is sufficiently well known to Justify the explicit
form of the equations (l.l) both in the variables to be included and in
the restrictions on the B- and l-matrices that have to be imposed to
achieve identification. These are certainly a good deal more Pprecise

than economic theory can usually justify. Furthermore, when the



explanatory variables of a model are correlated with each other, it is
quite likely that misspecification of the form of the equations, and
especially of the variables to be included in them, will not be detected
in the course of estimating the model. Unless there are strong theoret-
ical reasons for believing that the forms of the equations are correct,

the validity (and usefulness) of any model may be extremely questionable.

Additive disturbances are another questionable assumption.
The lack of precision in a relationship may well depend on the sizes of
the other variables in it. This might make multiplicative disturbances
seem a better specification. Or the behavior patterns themselves may
be subject to variations in the sense that the importance given to
different variables in decision-making varies from time to time or from
individual to individual. If the ﬁodel describes relationships supposed
to hold over a period of time or to describe the aggregate or average
behavior of a group of economic agents, one might prefer a specification

in which the coefficients B and I were stochastic variables of the

system.7

Assumption (1.4) may often be open to doubt. The assumption
of constant variance and the assumption of inter-observation independence
have little or nogeneral basis in economic theory. 1Indeed, there may

be good reasons for expecting the residuals to be inter-related in time-

Tef. Teonid Hurwitz, "Systems with Nonadditive Disturbances,” and Herman
Rubin, "Note on Random Coefficients," being respectively Chapters XVITI
and XIX of T. C. Koopmans (ed.), op. cit.



series data and for them not to have the same distributions at all observa-
tions both in time-series and in cross-section data. There is nothing in
economic theory to make one Presume that the sizes of the disturbances

are independent of the size or wealth (say) of the entities or events

which the observations record or of other values in a temporal process.

Assumption (1.5) is also of very questionable validity in
economic models. To begin with, it rules out errors of measurement in
the explanatory variables. The assumption that the €xogenous dats are
measured without error isg hardly descriptive of economic data.8 Even
if the exogenous data were measured exactly, it ig frequently the case
that the data do not represent exactly the quantities used in economic
theory because of different definitions‘and classifications used in
collecting the data. But the inappropriateness of assumption (1.5)

runs deeper than the problems of errors in data.

The assumption expressed in (1.5) is that the influence of
the exogenous variables on the endogenous ones occurs only through
channels explicitly recognized by the structural equations and that
the factors influencing the latent variables have no effect on the
endogenous variables. There is nothing in economiec theory to make one
bresume that the distribution of the disturbances should be completely

independent of the Predetermined variables. At the heart orf economic

8Cf. Oskar Morgenstern, On the Accuracy of Economic Observations,

(Princeton: Princeton University Press, 1963). The specification

does permit errors of measurement of the endogenous variables pro-
vided such errors obey assumptions (1.4) and (1.5).




theory lies a belief in great and widespread interdependence among the
variables in the economy. While in developing theories and in building
models it is convenient to focus attention on a few important relation-
ships, there may still be other, less important connections among the
variables through variables excluded from the simpler models. The
exogenous variables of most econometric models can hardly be considered
exogenous to the whole economic system. The factors influencing these
variables may have a direct, although possibly minor, influence on the
endogenous variables. In view of these considerations, it seems likely
that some of the unexplained structural influences on the endogenous
variables should be related to the predetermined variables. In building
simultaneous-equation models, it is supposed that only one of the
equivalent ways in which the equations may be written represents the
behavior of the economic actors. Other connections between the exogenous
and endogenous variables may be present which are not supposed to be
described by the structural equations (1.1). A correct specification

of (1.1) may entail a violation of (1.5). Specification (1.5), on

which the available estimators rest, may be both arbitrary and invalid.9

Despite the difficulties involved with using the model (1.1)-
(1.5) in econometric work, a fair number of techniques has been proposed
for estimating the coefficients of this model and it is virtually the
only simultanecus-eguation niodel for which estimators do exist. A good

deal of work has been done on the theoretical, asymptotic properties of

9

See Fritz C. Holtz, Economic Shock Models, (Oslo: Norwegian Universities
Press, 1962), pp. 10-2%, for a presentation of the view that assumption
(1.5) is inappropriate.
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the estimates arising from the various techniques. A smaller group of
studies has started the exploration of their small-sample properties both
by mathematical analysis and by Monte Carlo experiments. However, it is
fair to say that as yet little is known about which téchnique is best

for estimating economic models or how adequately the techniques perform
in various situations. This is both because of the sparseness of our
knowledge of their small-sample properties and because it is likely thét
economic data are generated by processes substantially different from
those assumed in the derivation and Jjustification of the techniques and
in most of the work done on them. This leads to the d&lemma that
economic theory suggests the necessity of estimating simultaneous~equation

systems, but that such systems, when estimated, are of doubtful use.

There could be several ways of attacking the problems of
similtaneous-equation estimation. For the Problems arising from the
model not being appropriate, one could try to develop estimators for
other models, or one can examine how sensitive the estimators are to
violations of the assumptions, asking, in effect, whether the use of
inappropriate methods matters very much.  This latter alternative is
important not only because other methods are not at present available,
but also, and more importantly, because frequently one would not know
the correct specification and because it seems likely that methods
based on different specifications would require more specific{g priori
knowledge than do present ones. To attack the problems of which
estimator to choose and its small-sample properties, one can try to

derive analytically the distributions of the estimators or one can
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examine their properties using Monte Carlo techniques. Examination of

the general characteristics of the estimators may also give indications

of their relative merits.

3. Plan of This Study

This study aims to cast more light on the small-sample properties
of various estimators of the linear model and to examine the sensitivity
of the estimators to violations of the agsumptions of the Cowles-Commission
model. The main tools used in examining these questions are a number of

Monte Carlo experiments. The study proceeds as follows:

Chapter II describes the estimating methods under study. It
also discusses the results of previous Monte Carlo studies. Chapter IIT
deseribes the Monte Carlo experiments performed in this study. Chapters
IV, V, and VI present the results of experiments which used the standard
model to generate the data. They try to throw light on the small-sample
properties of the estimators and to indicate their reliability in cases
where the Cowles-Commission model is appropriate. Chapter VII presents
the results of experiments where the assumptions are violated. Thisg
part of the study seeks to indicate how serious violations of the
assumptions are for simultaneous-equation estimation and to indicate
which of the methods studied performs best in these situations. Chapter
VIIT discusses the results of one type of violation of the assumptions
not covered in Chapter VII, namely misspecification of the form of the
structural equations, particularly in the variables included in the

equations.
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The experiments conducted far from exhaust the aspects of the

properties of the estimators which are of interest. However, it is

hoped that they shed some useful light on the small-sample properties

of the estimators. The findings of the study are summarized in Chapter

IX.
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CHAPTER IT

The Estimators of Simultaneous Equations

1. Introduction

There is a number of estimators of the model (1.1)-(L5). 1In
this chapter we review the methods of estimation which will be investi-
gated in this study. The review isg short, incomplete and non-rigorous
since good, over-all presentations of the estimators are available,lo as
well as many individual articles on their properties. The chapter then

outlines the findings about the small-sample properties of the estimators

made by the Monte Carlo experiments conducted by others.

Throughout the chapter we shall use the following notation:

T -~ the number of observations
g - the number of endogenous variables (and equations)

K - the number of predetermined variables

, gm - the number of endogenous variables included in the
mth equation (m =1,...,g)
km -~ the number of predetermined variables included in

the mﬁh equation

Y - the TXg matrix of observations of the endogenous variables

107, Johnston, Econometric Methods, (New York: McGraw-Hill, 1963),

Chapter 9; Arthur S. Goldberger, Econometric Theory, (New York:
Wiley, 196k4), Chapter 7; Gregory C. Chow, A Comparison of Alterna-
tive Estimators of Simultaneous Equations, (Yorktown Heights, New
York: International Business Machines Corporation, Thomas J. Watson
Research Center, Report RC-781, 1962).
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Z - the TXK matrix of observations of the predetermined R
» variables
U - the TXg matrix of (latent) structural disturbances

Vs Zys uJG ~ the tth rows of ¥,Z, U

Yy - the endogenous variable on which the mth equation is
" normalized -
Ym - the other endogenous variables included in the mth equation
Zm ~ the predetermined varisples included in the mth equation
ZUm - ‘the predetermined variables excluded from the mth equation
B, ' - the coefficient matrices of the system YB' + 7[' = U
u. - the TX1 vector of ﬁhe disturbances of the m#h equation i
I -~ the gXK matrix of the reduced-form coefficients of the
system, Y =-ZF'(B-1)' + U(B-l)'
=zll' + 7V
Y o= E(u%ut)

The "™ equation will be writhen:

YB' + ZI'"' = y
m m m
or, equivalently,
— ! H t
Ym = YLy ¥ P ¥ P o * Y R
— 1 1
or Y, = Yﬁﬁm + Zm7m + u
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Parts of the reduced-form will be written:

. 1
[ym vl = zZIl + [vm_ v
= Hl 1‘['
Zm mm + ZDm mom + [vm Vm]
and Y = ZI' +v
m ml m

We shall assume that the models to be estimated obey assumptions

(1.1)-(1.5). Each equation, m, of the system of g structural equations,

(2.1) YB' + 2" = U

to be estimated is normalized on one of the endogenous variables.ll The

models discussed will be assumed to be identified. The restrictions
placed on them will be the specification that at least (g-1) structural

coefficients in each equation be zero.12

llThere is an important conceptual difference between estimators which
use the normalization rule as a constraint in estimating the equations
and those for which it can be imposed after estimation since it affects
the estimates only as a scalar transformation of all estimated co-
efficients. See Gregory C. Chow, op. cit., for a discussion of the
importance of normalization rules. The difference is conceptual in

that one can calculate the estimates for all methods with the normaliza-
tion rule specified ab initio.

’lEThis assures that the order condition for identification will be met.
See Tjalling C. Koopmans, "Identification Problems in Economic Model
Construction,” in William C. Hood and Tjalling C. Koopmans (eds.),
Studies in Econometric Method, (New York: Wiley, 1953), p. 38. Implicit
in the discussion is the assumption that the rank condition is also met.
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2. The Estimators

Direct Least Squares. The simplest method for estimating the

equations (2.1) is to estimate each -equation using the formulae of
classical least-squares one equation at a time. 1In any equation, m,
the variable on which the equation is normelized is taken as the dependent

variable:

(2.2)

<
]

1 1
Ymsm + Zm7m + u .

Bm and Ym are then estimatgd by the gtandard formulal3 to minimize the

sum of squares of the residuals from the estimated equation. This method
of estimating the structural equations will be referred to as Direct
Least-Squares (DLS). Equations (2.2) violates the assumptions of the
classical regression model since the regressors Ym are not, in general,
independent of the disturbances, umf The DLS estimates are in general
inconsistent. They may also be biased.llL The usual formulae for the
standard errors of the estimates will not, in general, lead to estimates
with the properties of the usual least-squares estimates of the variance
of the estimates of the coefficients about the true values. 'They can,

of course, still be calculated.

13 " AP |
B’ Yy Y'z
m m m mm )
o = [y zly .
] ! t
’m ZmYm .ZmZm m m vYn

Note that since the inverse of s random matrix enters into the formulae
for the estimates, the first moment of the distribution of the estimates
may not exist and so the bias may be undefined. See Maurice G. Kendall,
The Advanced Theory of Statistics, (London: Griffin, 1950), vol. 3, pPp-
265-269. This may also be true for the other estimates of the structural
equations discussed in this section.
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Least-Squares Estimation of the Reduced Form. Least-squares

can be used appropriately in simultaneous-equation modelg for estimating

the reduced form:

(2.3) Y = -zr'(B'l)' + U(B'l)' = ZI' +V

The disturbances V are independent of the regressors 2 (vy assumption
1.5). However, the specification that certain structural coefficients

be zero will usually imply restrictions on the reduced form. Since

I = 7T
BI = —BmB-lP = T
and in particular,
(2.4) (1 - Bm)HmDm - 7Dm =0
The dimensions of HmDm are (gm) X (K - km) and by assumption,

(x - km) > (gm - 1). For a unique solution of (2.4) the rank of Hm,Dm
must equal (gm -1). It (X - km) > (gm - 1), unrestricted estimates
of II, such as those obtained by using least-squares, would not usually
lead to the rank of Hm,um being g, - 1. For this reason, the method
can be referred to as least-squares with no restrictions. In this study,

however, it will be called least-squares applied to estimate the reduced

form directly (LSRF).
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Two features of LSRF should be noted. First, LSRF minimizes
not only the sum of squares of the residuals of any one equations, it

s . . 1
also minimizes the generalized variance: >

(2.5) V'Y = (v - zm') (Y - zn')l' .

That is, the estimate of 1II minimizing (2.5) is the LSRF estimate.
Second, if V has the multi-variate normal distribution, ISRF estimates
of II are the unrestricted maximum-likelihood estimates if 7 is

1
exogenous.

Two-Stage Least-Squares. The easiest consistent estimator of

(1.1)-(1.5) to compute can be derived from a number of principles of
varying degrees of sophistication which have led to its being given a

variety of names. Here we refer to it ag Two-Stage Least-Squares (28L8).

28LS attempts to estimate the system (2.1) by estimating each

equation separately as (2.2). DLS breaks down as an estimator because

¥, end u are not independent. If we rewrite (2.2) as

(2.6)

— - 1 t [}
ym - (Ym Vm)Bm + Zmym + um + Vmsm
— ] 1] 4 !
= ZHmle + Zm7m + Uy + VmBm
15

See Arthur S. Goldberger, op. cit., p. 320.

l6See Tjalling C. Koopmans and William C. Hood, "The Estimation of
Simultaneous Linear Economic Relationships,” in Hood and Koopmans

(eds. ) op. cit., pp. 151-155.
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we would have an equation suitable for least-squares estimation since
Z 1is assumed uncorrelated with u, and Vm. Unfortunately Vm is
unknown. The essence of 2SLS is to replace v, in (2.6) by their

N

LSRF estimates, Vﬁf 28LS estimates

(2.7) Yo = (Y - VB + 2ot + a
where
(2.8) 4 = u, + VB

by minimizing 'q . The 2SLS est:‘unr:ttorl’7 is:
Ut

>

. 5 [} - -1 5 1
At - [(Ym ™ Zm) (Ym ™ Z,)] [Ym Vi Zm] I
__7mv
(2.9) Yy -v7 vz L |

m m m'm m™m R

= [y -v z ] .
7y 717 m m m] Im
mm m”~m

172SLS can be derived in a number of other ways. In particular, it can
be considered an instrumental variable estimator with Z_ serving as
their own instruments and (Y -V ) = 2(2'2)-12'Y as thZ instruments
of Y . See Goldberger, op. @itm, pp. 331 ff. Bars can also be derived
as the estimator minimizing the difference of the sum of squares of the
residuals of the regression of the vector [y Y ] 1 on %

. m
from the sum of squares of the regression
of the same vector on Z. See Johnston, op. cit.,
pp. 261-262. Finally, 28LS can be derived as an (approximate) application
of Aitken's generalization of least Squares. See H. Theil, Economic
Forecasts and Policy, (Amsterdam: North-Holland, 1961), pp. 337-338.

Al
.nm

28LS was derived by H. Theil and independently by R. I. Basmann. For
discussion see H. Theil, op. cit., pp. 225-232, 334—355; and R. L.
Basmann, "A Generalized Classical Method of Linear Estimation of Co-
efficients in a Structural Equation," Econometrica, vol. 25 (1957),
pp. 77-83.
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2SLS can be shown to be consistentl8 and the asymptotic variance of the

2SLS estimates is

Y'Y' - AVA Y'Z -l
mm mm mm
(2.10) o
AN 7'7,
mm mm

where o, can be consistently estimated by
(2.11) By = = (- LB - 250G, - v - 7 F)

(2.10) and (2.11) provide a formula which may be used to try to calculate
the standard errors, even in finite samples~-though then they may not
have the usﬁal properties of standard errors. One difficulty is to be
noted: Om may be estimated congistently by Erégfg—;i or with other
adjustments. By analogy to the pure single- ~equation case, where »8m is
a biased estimator of 0, it might be thought appropriate to adjust
(2.11) for "degrees of freedom" before inserting the estimate of o

in (2.10) to calculate the standard errors. Such an adjustment is not
derived from the finite sample distribution of the 2SLS estimates--but

it may make the standard errors more useful, as is indicated in Chapter

Iv.

lS(Yﬁ'- Vm) is independent of uﬁ only asymptotically. 2SLS may be
biased. As with DLS, the moments of the finite- ~sample distribution

of the 28LS estlmates may not exist and so the bias would be undefined.
R. L. Basmann, "A Note on the Exact Finite Sample Frequency Functions
of the Generalized Classical Linear Estimators in Two Leading Over-
Identified Cases," Journal of the American Statistical Association,

vol. 56 (1961), pp. 619-636, has proved that the 25LS estimates do not
have finite moments in certain cases.
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The k-Class Estimators. Tb obtain the next group of single-

equation estimators, we start with (2.9) and insert a parameter, k,

into the estimating formula:

B Y'Y - vz 717t
m mm mm mm

2.12 = Y - kV zZ 1

( : T 7'y 77, i m n! I
m ik mm . mm

This defines the k-class estimators.

”~

It can be shown that if P lim(k-1) = O then (Bm, ?m)k are
consistent estimators of (Bm, Tm). If P lim Tl/g(k-l) = 0 then the
asymptotic covariance matrix of (Bm, ?m)k is the same as the 2SLS
asymptotic variance,19 (2.10). This suggests a formula, based on the

asymptotic distribution, for estimating the standard errors of the k-

class estimates based on

~ é m kA&Am Yizm -1
(2.13) (5., “
f 1
where -
(6 ), = = - (Y z]‘BI;1 ‘ (. 2] n
m’k = T |Ym m m- | ?,” m m ?.
m ik m [k
19

This follows from theorems of A. L. Nagar found in Anirudh Lal Negar,
Statistical Estimation of Simultaneous Economic Relationships, (Rotter-
dam: private, 1959), Chapters I1I and IV. Note that DLS is a k-class
estimator with k = 0. '
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Important work on tne approximate small-sample bias and variance
of the k-class estimators has been done by A. L. Nagar. Under the
assumption that k and Z are nonstochastic, Nagar2o derived the bias
of k-class estimators to the order T-l and their second-moment matrix

to the order T_E.

Define k =1 + % . Nagar showed that the bias of the k-class
estimators (to the order T_l) is:
ar ' 71 - ! ' - ! :
E Bm _ Bm. _ p-(K Cn km) YmYm Vme YmZm 1 3(Yﬁum>
Al 1 B T 1 1 1 . b
Ym k VQL_ Zme ZmZm E(ngm)
: K-gm-k
It follows that if k =1 +

7 » the k-class estimator is unbiased -
to the order T Y. This estimator willfﬁé referred to as unbiased-k (UBK).
If (K-gm-km) = 0, that is, if there is one over-idenbtifying restriction

on equation m, 28LS is the UBK estimator.

In the course of deriving the approximate second moment of the
k-class estimates (to the order T-E), Nagar derived an estimator for_
which the determinant of the second moment was minimized--the minimum-
second moment estimator to the order ']?-2 (MSM). The value of k for

this estimator depends on (unknown) population parameters and would have

to be estimated.

2ONagar, Op. cit. To obtain the approximate bias and covariance Nagar

had +to6  impose conditions to avoid the Problem of infinite moments so 5
that his approximations would go through. The conditions are (essentially) =
that the stochastic part of the model be relatively unimportant. Whether

the conditions would be met by the data of econometric models is, of

course, & moot point.
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Limited-Information Maximum~Likelihood. One other member of

the k-class estimators is of particular interest. This estimator has

k equal to the smallest root of

(2.14) vV, - v | = 0
where
Vr = [ym Ym] - Zm(ZmZm) Z [y Ym]
and
v. = [y vl-zzz)20ly v .
L m m m m

If U is normally distributed, this is the maximum likelihood estimator
of the single equation (2.2). This estimator-T will be referred to as

Limited-Information Maximum-ILikelihood (LIML).

It can be shown that for LIML P lim Tl/2(k-l) =0 so that

LIML is a consistent estimator with (asymptotic) variance-covariance

matrix {(2.10).

2loece 1. W. Anderson and H. Rubin, "Estimation of the Parameters of a

Single Equation in a Complete System of Stochastic Equations," Annals
of Mathematical Statistics, vol. 20 (1949), pp. 46-63; and T. W. ‘
Anderson and H. Rubin, ' The Asymptotic Properties of Estimates of the
Paraméters of a Single Equation in a Complete System of Stochastic
Equations," Annals of Mathematical Statistics, vol. 21 (1950), pp. 570-
583. See also Koopmans and Hood, op. cit.; and Goldberger, op. cit.
pp. 338-345. LIML is also the estimator minimizing l(v VDN, V )l
subject to (2.4), and the estimator minimizing the ratioof The stm

of squares of the residuals of the regression of [ym Ym]bm on Zm
to the sum of squares of the residuals of ~ ’

[y Y 1°m regressed on Z. (U is a vector of coefficients. The

normallgatlon rule leading to themcoeff1c1ents (1 - B ) is not an
intrinsic part of LIML.)
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Full-Tnformation Maximum-Iikelihood. Under assumptions (1.1)-

(1.6), the (logarithmic) likelihood function of the sample Y,Z is:

' | T
(2.15) Lu(B,I,Z) = Q + T log|B| - g log|z| - = (yB' + 2,I") zfl(th’*b z
- t=1

where Q 1is a constant. Maximization of (2.15) with respect to B, T
and X leads ta the estimator of (2.1) known as Full-Information

Maximum-Likelihood (FIML).22

Maximimzation of (2.15) requires the solution of nonlinear
equations in B and T -ahd cannot be done directly. TIterative methods

are available, however, so that the estimates can be calculated.23

It can be shown that FIML is conéistent, efficient and

asymptotically normally distributed. Asymptotically, the variance-

22See T. C. Koopmans, H. Rubin and R. B. Leipnik, "Meastiring the Equation
Systems of Dynamic Economics," in Tjalling C. Koopmans (ed.), Statistical
Inference in Dynamic Economic Models, (New York: Wiley, 1950), pp. 53-
237. Other useful Presentations are in Goldberger, op. cit., pp. 352-
356; Chow, op. ecit., pp. 14:22; and T. J. Rothenberg and C. T. Leenders,
"Efficient Estimation of Similtaneous Equation Systems," Econometrica,
vol. 32 (1964), pp. 57-76. FIML can also be derived as_the estimator

minimizing the generalized variance |V'V| = I[Y+ZP'(B*1)‘]'[Y+ZP'(B'1)']l.
See Goldberger, loc. cit. It can also be derived as the estimator

minimizing ¥ subject to a suitable normalization rule. See Chow, loec. cit.

23Com.puta,'tion of FIML estimates is discussed in Appendix A. See also
Koopmans, Rubin and Leipnik, op. cit.; Herman Chernoff and Nathan
Divinsky, "The Computation of Maximum-ILikelihood Estimates of Linear
Structural Equations,” in Hood and Koopmans (eds.) op. cit., Chapter X;
and T. M. Brown, "Simplified Maximum Likelihood and Comparative
Structural Estimates,"” Econometrica, vol. 27 (1959), pp. 638-653.

t

rt)

'
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covariance matrix of the FIMIL estimates of B, I' can be shown to be
-Lg, where L§ is the matrix of second partial derivatives of the
likelihood function about the FIML estimates. This suggests obtaining

standard errors for FIML in finite samples from the second derivatives

of the likelihood function about the FIML estimates.

Three-Stage Least-Squares. The final method to be outlined

here seems.to rest on much shakier grounds than FIML. It is, however,
a full-model method and somewhat easier to compute. It is known as

Three-Stage Least-Squares (3SLS).24

Premultiplying (2.l) by Z' , the equations can be written:

t . 1 1 1 1 |
2y, = YR + 2 2171 +‘Z uy
VA = Z'YB +2'Z9' +72'4y
Ve ng &g g
or
Mt T rv ] t 7] X =
z2'y, z'x, 0 ... (-51 z'ny |
2'y, 0 Z' X, 8y | + | 2'u,
(2.16) . =
7t 1 o 0 ce. Z'X 8! 7Z'u
Iy B g L gJ L7 3

4Three -Stage Least Squares is presented in Arnold Zellner and H. Theil,
"Three-Stage Least Squares: Simultaneous Estimation of Simultaneous
Equatlons,' Econometrica, vol. 30 (1962), pp. 54-78. See also Albert
Madansky, "On the Efficiency of Three- -Stage Least-Squares Estimation,"
Econometrica, vol. 32 (196k4), pp. 51-57; and J. D. Sargan, "Three-Stage
Least -Squares and Full Maximum Likelihood Estimates," Econometrica, vol.

2 (1964), pp. 77-81.
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The‘disturbances of (2.16) are heteroskeaastic. This might suggest the
application of Aitken's generalized least-squares to the complete system
of equations (2.16). Unfortunately, the application would require know-
ledge of the parameters 5. 38LS replaces I by its 28LS estimates.25
35LS can be shown to be consistent and asymptotically to have the same

distribution as the FIML estimates.

3SLS has the weakness that it is necessary to invoke the 2SLS
estimates of X at one point, rather than estimating X simultaneously
with the other parameters. It does however, provide for the simultaneous
estimation of all the structural coefficients and is easier to compute

than FIML.

3. The Choice of Estimator

Choice of the most suitable estimator for econometric models
could be based on a comparison of the small-sample properties of the
estimators--if their small-sample distributions were known. Unfortunately
the exact small-sample distributions have been derived in only a few
special cases and then it is the distribution of only one estimator
which is known.. To judge the estimators we canlfall back on three ways
of comparing them: comparison of their asymptotic distributions, com-
parison of the principles from which they are derived and comparison of
their performances in samples of estimates taken from the small-sample

distributions.

25

3SLS and its computation arediscussed in more detail in Appendix A.

=
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Asymptotic Properties. Comparison of the asymptotic properties

leads to a faiily clear-cut ranking of the methods. All methods except
DLS are asymptotically unbiased and consistent. The full-model methods
are more efficient than the consistent single-equation methods. DILS

does retain its minimum-variance property, but this is now about its
biased asymptotic mean. Otherwise, the asymptotic properties help little
in the choice of an estimator. All the consistent k-class estimators
discussed in section 2 converge to the same asymptotic distribution. All
the full-model methods have the same limit. Thus it is impossible to
choose . among 28LS, UBK, MSM and LIML or between FIMIL and 3SLS on the

basis of their asymptotic distributions.

Prineiples of Derivaticn. Comparisons of the principles from

which the estimators can be derived may help to guide the choice of an
estimator. FIML is the maximum-likelihood estimator, and takes full
account of the simultaneity of the model and can be regarded as the
correct generalization of least-squares.26 38LS recognizes the simul-
taneity but is a less happy generalization of'least-squares,especially
since it substitutes 2SLS estimates of X at a crucial stage when it
might better use estimates of % +to be derived simultaneously with those
of the structural coefficients. The single-equation methods ignore the
simultaneity of the model except insofar as they use all the predetermined

variables. LIML is a maximum-likelihood estimator. Both LIML and 28L8

26This is the thesis of Chow, op. cit., which is an extended discussion
of the estimators based on this principle of derivation.
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are generalizations of least-squares, but in different ways.27 DLS
ignores the simultaneity of the model entirely and may be considered

& poor application of least-squares.

In terms of simplicity of principle or of computation, the
ranking of the methods is quite different. 2SLS, LIML, 3SLS and FIML
(in that order) are more subtle methods than DLS in the sense that
neither is the direction of minimization S0 evident nor are the compu-
tations'as easy. It may be doubted if this subtlety is warranted. First,
the computations are more precarious.28 Second, if the data of econo-
metric models do not conform fully to the model (l.l)-(l.S), it may not
be of much advantage to take account of simultaneity in sophisticated
ways while'ignoring the other features of the data. Finally, if little
confidence can be placed in the theoretical specification of an econo-~
metric model, it may not be particularly appropriate to estimate it by
a complicated method. If the object is really to explore whether there
are apparent relationships between economic series or how different
combinations of observations seem to fit together, a simple method such
as DLS, or the simple principle of DLS, may lead to the most appropriate

descriptive statistics. Without firmer theoretical and empirical'knowledge

27See Chow, op. cit., for the view that LIML is a superior generalization.
See R. L. Basmann, "An Expository Note on Estimation of Simultaneous
Structural Equations," Biometrics, vol. 16 (1960), for the view that

28LS is superior. :

28LIML may be more subject to computational error than 28LS for two

reasons. First, to calculate it we need to compute the characteristic

root of (2.12). Second, as a k-class estimator, the matrix inversion

in (2.9) may be more difficult since there are indications that the

matrix passes through singularity at values of k-class to the LIML value.

FIML and 3SLS both require the inversion of larger matrices than the
-class estimators.
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of the nature and generating processes of economic data, it may be doubted

whether use of subtle generalizations of regression are really worthwhile.

Sampling Technigues. The third way of trying to evaluate the

methods, inference about their properties from samples of estimates, has
been taken by a number of studies. The results of these Monte Carlo
studies are sketched in the next section. Here we discuss briefly the

techniques.

The basic techniques of a Monte Carlo study are easily described.2
A sample of data from a specific statistical model is first obtained.
From this sample, the parameters of the model are estimated. This
process is repeated using new samples of data to obtain further estimates
until a sample of estimates has been obtained. (These repetitions of the
process are referred to as the replications of the study.) Inferences
about the distributions of the estimates of the parameters of the model

are made from the sample of estimates.

Unlike most problems where the techniques of statistical in-
ference are used, the problems investigated by Monte Carleo studies are,

at least in principle, open to deductive, mathematical analysis. Such

29Although»there is merit in Robert Summers' suggestion that the technique
be called distribution sampling, limiting the term "Monte Carlo study to
more refined investigations (Robert Summers, "A Capital Intensive Approach
to the Small Sample Properties of Various Simultaneous Estimators,”" type-
seript, p. 12, and H. F. Trotter and J. W. Tukey, "Conditional Monte

Carlo for Normal Samples,” in H. A. Meyer (ed.), Symposium on Monte Carlo
Methods (New York: Wiley, 1956), p. 64), we use the term in the wider
sense since this is how such studies investigating the simultaneous-
equation estimators have usually been described.
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analysis, by providing exact, certain knowledge of the distributions of
the estimates, would render the results of Monte Carlo studies redundant.
In addition, the inferences of a Monte Carlo study can never be held
with certainty but only hold up to (prescribed) levels of confidence.
However, the technique can provide answers to questions which seem in-
tractible to mathematical analysis, may provide such answers in an easier
and quicker fashion than would analysis, and may suggest which problems
most cry for analysis and give an indication of the ways analysis should

30

proceed. In studying simultaneous-equation estimators, Monte Carlo
studies have gone some way in overcoming the drawback suffered by not
knowing the small-sample distributions and supplementing the consider-

ations on which to base the choice of an estimator for econometric models. -

One other point about Monte Carleo studies should bé stressed.

As in any statistical investigation, the results rest on validity of
assumptions about the distributions being investigated which are required
for tests used in the investigation. In particular, since there is a
possibility that the lower-order moments of the distributions of the
estimates of systems of simultaneous eguations do not exist, considerable
skepticism about results which assume the existence of these moments may
be appropriate. However, it is not necessary to make such assumptions to
be ‘able to conduct useful Monte Carlo studies since there are statistical

tests which do not rest on the assumption that finite moments exist.

3OCf. R. L. Basmann, On the Exact Finite Sample Distribution of Generalized -
Classical Linear Structural Estimators, (Santa Barbara: General Electric
Company, 1960).
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4, Results of Previous Monte Carlo Studies

There have been several Monte Carlo studies on the small-sample
properties of the simultaneous-equation estimators.3l There are, of
course, many differences between the separate studiles. ‘They investigated
~different sets of methods, used different models and employed different

types of data for their experiments.

Fach of the studies had a number of interesting specific find-

32

ings. In addition, they suggested some more general features of the
small-sample performances of the estimators. DLS usually had larger

biases than any one of the other estimators. On the other hand, the DLS

3lHarvey M. Wagner, "A Monte Carlo Study of Estimates of Simultaneous
Linear Equations," Econometrica, vol. 26 (1959), pp. 117-133; A. L.
Nagar, "A Monte Carlo Study of Alternative Simultaneous-Equation
Estimators," Econometrica, vol. 28 (1960), pp. 573-590; R. L. Basmann,
On the Exact Finite Sample Distribution of Generalized Classical
~Linear Structural Estimators, (Santa Barbara: Technical Military
Planning Operation, General Electric Company, Report SP-91, 1960);

R. E. Quandt, Some Small Sample Properties of Certain Structural
Equation Estimators, (Princeton: Econometric Research Program,
Princeton University, Research Memorandum 46, 1962); R. E. Quandt,

On Certain Small Sample Properties of k-class Estimators, (Princeton:
mimeographed, 1963); Robert Summers, A Capital Intensive Approach to
the Small Sample Properties of Various Simultaneous Equation Estimators,
(typescript); G. W. Ladd, Effects of Shocks and Errors in Estimation:
"An Empirical Comparison,” Journal of Farm Economics, vol. 38 (1956),
pp. 485-495; W. A. Neiswanger and T. A. Yancy, ' Parameter Estimates
and Autonomous Growth," Journal of the American Statistical Associ-
ation, vol. 54 (1959), pp. 389-Lo2. -

2
3 These are well summarized in Johnston, op. cit., Chapter 10, though
" Johnston does not cover Quandt's experiments.
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estimates usually had smaller dispersions about their central tendencies.33
The consistent estimators all seemed to be fairly closevto each other in
performance in the experiments in which more than one of them were in-
vestigated. Several of the studies indicated that the standard errors

of the consistent technigues seemed to give fairly reliable indications

of the dispersions of the estimates about the true values when the structural
equations were correctly specified. On the other hand, the DLS standard
errors were not reliable except as indicators of the dispersions of the

estimators about their (biased) central tendencies.

The Monte Carlo studies which have been conducted shed & good
deal of light on the small-sample properties of the simultaneous-equation
estimators. There is, however, a large number of questions which they
have left unanswered. Partly this is because of limitations in the
design of the experiments, partly because of the small number of studies
which have been conducted, partly because the results of different

experiments were not entirely in agreement with each other.

The prime drawback in the experiment designs has been the
limited number of methods whichhave usually béen compared with each
other. With the e#ception of the Wagner-Nagar studies and the experi-
ments conducted by Summers, only one or two consistent estimators were

used in addition to DLS. These studies were necessarily silent on the

33These findings were indicated by the studies of Wagner, Nagar, Quandt,
Basmann and Summers. It is to be noted that the smaller dispersions of
DLS than other methods were not found invariably, especially when FIML
was included in the experiments. Nor was the larger bias invariably
found.
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properties of methods’not included. Only Summers investigated the per-

3k

formance of a full-model method.™

The small number of experiments which has been conducted means
that many aspects which might be of interest have not been explored. The
independence of the different studies makes their results difficult to
compare and to use in investigating the problem which has been most ex-
tensively explored: the performances of the methods when different
models, structures and sets of data are used. Other problems have
received much less attention. For example, only two pairs of experiments
conducted by Summers throw light on the effects of having different
numbers of observations from which to estimate the structure. As for
the sensitivity of the performances of the methods to incorrect specifica-
tions of the forms of the structural equations, only a few experiments
conducted by Summers and Neiswanger and Yancy have investigated this
wide and important area at all. How sensitive the performances of the
estimators are to the validity of the stochastic assumptions under which
the estimating techniques were derived has had equally limited explor-

ation.

The results of the Monte Carlo experiments have not been wholly
in agreement with each other. For example, while most experiments found

DLS to have been the poorest method, this was not true for some of Quandt's

34These remarks are not intended as criticism of the studies. Nor will
we criticize the ways in which the studies were conducted though one
might well wish that other analyses of the data had been made.
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experiments. Summers found that different amounts of collinearity did

not substantially affect the relative performances of methods in

correctly specified modelsj Quandt found that this did affect his results.
Further, it was frequently found that the performances of the methods

were different for different coefficients of the models.

In view of these short-comings to our knowledge, it would seem
desirable to have further studies conducted to see if ambiguities in
previous results can be cleared up, to see if the findings of other
studies are specific to the structures used or would also hold when
other models, structures and sets of data are used, and to investigate
whether the results are sensitive to the éssumptions of the Cowles-

Commission model.
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CHAPTER III

Design of the Monte Carlo Experiments

1. General Aspects of the Studies

Succeeding parts of this study report the results of a number
of Monte Carlo experiments conducted on some of the techniques described
in Chapter II. This chapter describes the experiments conducted.

Seven estimating methods were investigated. Four are single-
equation estimators: Direct Least Squares (DLS), Two-Stage Least-Squares
(2818), Nagar's Unbiased k-Class Estimator (UBK) and Limited-Information
Maximum-Likelihood applied to single equations (LIML). Two are full-
model methods: Three-Stage Least-Squares (3SLS) and Full-Information
Maximum-Likelihood with unrestricted variance-covariance matrix of
disturbances (FIML). The seventh method is Least-Squares applied to
estimate the reduced form directly (LSRF). These seven methods were
chosen because they seemed to be the most attractive ones and those of
most interest to econometricians on the basis of their theoretical
properties or the ease of their cémputation. Other methods were
excluded primarily in order to limit the amount of computing time
"required to complete the study.

For the six methods which deal with the structural equations,
estimates of the coefficients of the equations and the "standard errors"
of these estimates, as suggested by the asymptotic properties of each
method, were studied. 1In addition, the variance-covariance matrices of

the residuals of the structural equations as estimated by the six
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methods were investigated. For all seven methods, the estimates of the
reduced forms were calculated and predictions of the endogenous variables
were made for three observations not included in the sample used to
compute the estimates.

All these aspects were studied because it cannot be presumed
that the performance of the methods would have the same characteristics
for each of them and the different aspects would tend to be of interest
to different sorts of applications. Estimates of the coefficients of
the structural equations are imporﬁant to studies of the structure of
economic models and the parameters of economic systems. The calculated
standard errors are supposed to give an indication of the reliability
of the estimates of the coefficlents and are of especial importance
to testing hypotheses about them. The reliability of these standard
errors is therefore of great importance. One might well prefer a method
whose performance was inferior in other ways to another one if its
standard'errors were more reliable in the sense that they have a smaller
tendency tq,underestimate or overestimate the varisbility of the estimates
of the coefficients or themselves showed less variation.

The variance-covariance matrix of residuals are estimates of
the parameters X of the model (1.1)-(1.5). They are of interest for
this reason. In addition, the estimates of X can be interpreted as
showing the variance contributed by features in the process generating
the endogenous variables which are not explained by the econometric
model and the size of the interactions between these unexplained features.

The variance-covariance matrix of residuals can be interpreted as

‘o
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estimating the imprecision of the equations of the theoretical model or
the extent to which the thedretical model fails to explain the observa-
tiong. It seems worthwhile to investigate whether the estimates of X
are reliable or whether they give an over--or under--optimistic picture
of the adequacy of the structural eguations in explaining the endogenous
variables.

The reduced form is of interest when problems concerning the
effect of changes in an exogenous varigble on the endogenous variables
are studied. When models contain lagged-endogenous variables among the
predetermined variables, one-period effects--the impact multipliers--
only are studied and not estimates of total, multi-period effects. The
performance of the estimators in prediction is important when the main
reason for building a model is prediction of future values of the en-
dogenous varigbles.

The Monte Carlo studies were concérned with the performance
of the methods ih tﬁo types of situations. First were investigated the
estimates of structures where the data were generated in conformance
with the Cowles-Commission linear model (1.1)-(1.6). This is an investi-
gation of how well the methods perform in situations for which they
were designed (with the exception of DLS whose underlying assumptions
are violated by this model). We were concerned in this part of the
study with how the various estimators perform the tasks for which they
were designed and especially with their performances relative to each

other.
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The second set of experiments Wés on models in which the
assumptions of the model (1.1)-(1.6) were violated in some way. By
investigating the estimates of models which do not conform to the
assumptions (1.1)-(1.6), we may gain some insight into how seriously
the violations of the assumptions affect the gquality of the estimates,
whether use of the methods in such cases tends to produce seriously
misleading estimates and whether the performances of the methods relative
to each other are much affected by violations of the assumptions.

The experiments were conducted with the use of a Control Data
Corporation 1604 computer. Various aspects of the computer and the
programs used, which are relevant t§ this study, are discussed in
Appendix ‘A. While the 160k is a computer of large capacity and high
speed and while Princeton University made very generous allocations of
machine time to this study, both the size of the computer and time con-
siderations restricted the experiments which could be conducted. These
restrictions limited the study to the performances of the estimators on
small structures with fairly modest numbers of observations. Computa-
tion considerations also account for many of the limitations of the
design of the series of experiments. Both time and space considerations

limited the number of replications in each experiment to fifty.

‘2. __The Generation of Data and the Computation of Estimates

The Role of thé Program-Parameters. To undersfand the differences

between the various experiments it will be necessary to describe the ways

in which the generation of the data was varied for the different experiments.
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The computer programs used in this study had seventeen parameters which
defined the type of experiment to be conducted in any particular run.
The program-parameters controlled the exact type of data generated for
an experiment by "telling" the programs which of the possible combinations
of the alternatives built into the program should be used in the experi-
ment. A particular set of values for the program-parameters defined
exactly an expefiment to be conducted.

The program-parameters selecfed the structure to be studied.
They specified the numbef 6f observations to be used to estimate the
structure. They defined the particular types of data to be used and also
selected the sets of random numbers to be used. The effect of each
program-parameter will be described when we discuss the performances of

the estimators on the types of data each produced.

The Exogenous Data. One of the program-parameters specified

the number of observations to be used to estimate the structure, T.

The first exogenous variable had a value of unity at all observations,
being a dummy variable to which the constants of the equations applied.
The other exogenous data were produced by using the random-number
generator described in Appendix A. The basic sets of exogenous data
used in this study were rectangularly distributed, pseudo-random numbers
lying in the range 0-100. The basic observations were generated so

that each value of an exogehous variable was independent of all other
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values of the exogenous data.35 Enough of these numbers were produced
to form a (T+3)XK matrix of observations of the X exogenous variables.
The three observations generated in addition to those needed for estima~
tion were produced so that predictions could be made. Once a set of
exogenous variables had been chosen, their values remained the same

for all the replications of an experiment. The ways in which these
basic exogenous variables were altered to make them show features of
data which it was desired to study are deScribed in Chapters V, VI and

VIT.

The Structural Disturbances. The structural disturbances used

in the experiments were formed from normally and independently distrubuted
pseudo~-random numbers. For each of the T observations, a vector of g
structural disturbances, U, (t=1,...,T), was formed by linear combina-
tions of g such independently distributed variates so that E(Ut) =0
and E(U%Ut) = 5. (g is the number of structural equations.) The

linear combinations to be used, and so the value of X , were specified

by the program-parameter which specified the form of the structural

351n small samples, correlations would sometimes appear between the
exogenous variables even though the expected correlations were zero.

Tn some instances these correlations were quite high: in one case the
coefficient of determination for 20 observations on twoe exogenous
variables was R2 = .37. While this value was high enough that some
problems of multicollinearity might be present, it was decided not to
eliminate samples with such high correlations from the sets of exogenous
variables used. It seems unlikely that economic data would not have at
least this much correlation. This acceptance was also based on the
fact that the high correlation was only noted after several runs using
these data had been made. Tests_of the random-number generator indi-
cated that this high value of R2 was only the result of bad luck and
did not reveal a deficiency in the generator.
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equations and the values of the structural coefficients, B, engd, I'»
[cf. (l.l),] The Structural disturbances of different observations as
thus generated were independent. The ways this was altered for some

experiments will be discussed in Chapter VIIs

JGeneration of the Endogenous Variables. Having obtained the

exogenous variables, Z, and the TXg matrix of structural disturbances,
U , the endogenous variables Y were generated using the coefficients

specified to the experiment:
v = -zt (B7T) + u(e™h)

The endogenous and exogenous data thus formed were then used
to obtain estimates of the structure. The structure was estimated by
each of the methods from the same set of data so that the estimates of

one method are not independent of those of another.

The Replications of the Experiments. Having obtained estimates

of the structure, another set of structural disturbances and of endogenous
data was generated from which another set of estimates was formed. The
disturbances of the separate replications of this process were independent
from those of other replicetions. When other stochastic features were
introduced into the generation of the data, such as measurement error of
the exogenous variables, they too were independent in the various replica-
tions. All parameters of the models were the same in all replications.
The replications of the process of generating the data and making esti-

mates were continued until estimates had been obtained from fifty sets of
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data. In the rest of the study a Monte Carlo experiment will mean the
obtaining of a sample of estimates by this process from a population,

all of whose parameters were unchanged, and the analysis of these estimates.

3. Problems of Estimation

Appendix A presents the formulae used in computing the estimates
discussed in Chapter II. Here we only discuss some of the difficulties

faced in these computations and the ways in which they were overcome.

General Computational Difficulties. The prime difficulty was

that some singular or near-singular matrices were encountered which
could not be inverted. Whenever a matrix could not be inverted, the
sample in which it occurred was abandoned and an additional one added
to the samples used. The same procedure was adopted when it was im-
possible to find the characteristic root needed for LIML. Otherwise

all results were accepted even if they migh£ $eem dubious. In par-
ticular, no check was made to see whether éertain matrices were positive
definitive when they should have been. Indeed, esfimates were accepted
even when they had hegative "squared standard errors". Although at
first sight such estimates might seem to be recogniiably ridiculous,
they were kept in the sample of estiﬁates for two reasons. First,‘it
cannot be presumed that such a blatent failure of the "standard errors”
based on asymptotic properties to give useful informetion sbout the dis-
persion of the estimates necessarily signals that the estimates themselves

will be ridiculous. Second, if this is a signal that the estimates are
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poor, dropping these estimates from the sample may lead to mistaken
conclusions that one method is a good deal better than another simply
because the evidence unfavoragble to the first method has been deleted
from the study. However, while these estimates were kept in the sample,
the occurrence of negative "squared standard errors" was noted so that
one could see if the estimates for which this occurred were ridiculous.36
This was not a wholly satisfactory procedure. These cases arose either
through failure to invert a positive-definité matrix correctly or

failure to achieve the maximum of a function. They usually arose through
an inability to perform thée computatiens without much rounding error.

It is possible that rounding error built up sufficiently to lead to
meaningless results. However, since in the matrix inversion program

a check was made for indications that rounding error might be serious,

It was felt that all results which could be computed should be accepted

as being valid applications of the estimating techniques.

The Problems of FIML. FIML is the method which presents the

greatest computational problems. The problems involved can be described
as (1) the choice of the direction in which to ascend the likelihood
function from a given point, (2) the choice of the size of step to be

taken in that direction before recalculating the direction of ascent and

36Our procedure here is different from that of R. Summers who dropped
cases where negative standard variances occurred. See Robert Summers,
"A Capital-Intensive Approach to the Small Sample Properties of Various
Simultaneous Equation Estimators,” (typescript). = Other

investigators do not seem to have encountered this problem. It arose
most frequently with FIML estimates and Summers' is the only other
Monte Carlo study which investigated this method.
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(3) the choice of a criterion for deciding that the iterations have led
to a point sufficiently close to the maximum to warrant accepting the
estimates as the FIML estimates. The exact ways in which FIML was
computed are described in Appendix A. The ways in which these problems
were met were all somewhat arbitrary and there are different possible
ways of arriving at the FIML estimates. It is possible that there will
be differences between the estimates obtained using these different ways.
In trying out the program and various schemes for obtaining FIML estimates,
it was found that such differences tended to be very small.

A more serious problem is that there may be more than one relative

37

maximum in the likelihood function. There is no guarantee that the
method used for computing FIML will converge to the highest of these
points. In view of these difficulties, for the discussion of the results
of the Monte Carlo studies we shall define Full-Information Maximum-
Likelihood estimates to be those obtained by using the methods outlined

in Appendix A and shall not worry about posgible differences in the

estimates to be obtained by using other methods.

4. TInvestigations of Cases where the Assumptions of the Standard Model
are Fulfilled

Many of the Monte Carlo experiments in this study were concerned

with the performance of the estimators in situations falling within the

37See T. C. Koopmans, H. Rubin and R. B. Leipnik, "Measuring the Equation
Systems of Dynemic Economics," in Tjalling €. Koopmans (ed.), Statistical
Inference in Dynamic Economic Models (New York: Wiley, 1950), pp. 2§5-236.
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specifications of the model (1.1)-(1.6) and with the stability of the
results in different experiments. We were concerned here with the
properties of the estimating techniques and with the suitability of
studying these properties by Monte Carlo studies.

Strictly speaking, a Monte Carlo experiment on the techniques
for estimating simultaneous equations, which uses sets of data generated
by one structure and with one set of exogenous variables, provides informa-
tion only about the performance of the techniques in estimating that
structure with those values for the exogenous variables. This informa-
tion might be of interest if one already had an empirical structure and
wished to see how reliable estimates of it would be if the estimates of
the structure were used as population parameters of a Monte Carlo study.
The aim of most Monte Carlo studies, however, and certainly of the ones
reported here is to provide information which can be generalized at least
to the estimation of similar structures and, hopefully, even to the
estimation of fairly different ones. This would seem to suggest that
in studying any aspect of the technigues one should use a large variety
of models and data sets to show that the results are not particular to
specific structures. Such a procedure would greatly limit the number
of aspects that could be studied. But the subject of the generality of
the results is of sufficient importance that at least some attention
must be paid to it.

It was decided to concentrate on studying a great many different
aspects of the generation of the data rather than to study each separate

aspect with many structures and sets of data. Most of the experiments
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were conducted on only one structure with but one set of exogenous
variables and with what was, in essence, the same set of disturbances.
Tt is hoped that the findings of these experiments will carry over to
cases where other aspects are also varied and to other structures. A
check on how limited the results of the experiments might be was made
by having for each aspect studied some experiments which‘used different
structures or sets of data. We began the study with an investigation of
the hypothesis that the particular structures and data sets used do not
greatly affect the results.

Three types of éxperiments were conducted on the robustness38
of the methods with respect to the model and data sets used in the
experiments. First, different structures of the same model were

39

analyzed using the same exogenous variables. Second, other models
were studied. Third, experiments were conducted using other sets of
exogenous data and of structural disturbancés to see if the particular
sets chosen had much effect on the experiments.

A second group of experiments was intended to throw light on
the generality of the results, but was also designed to investigate how
the methods perform with different amounts and types of data. The effects

of having different nunbers of observations and the effects of having

disturbances of different sizes, but with the same correlations between

38

By "robustness" we mean that the performance of the estimators is
insensitive to alterations of assumptioms (1.1)-(1.6) or the particuler
values of the parameters of such a system and not that the estimates
tend to a normal distribution.

39The structures used are described in sections L4 and 5 of Chapter V.
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them, were investigated. The effect of having exogenous data of different
types was next studied. Multicollinearity in the exogenous variables--
correlations among them--was introduced in several ways to examine the
effect of this common feature of economic data. Next, trends were intro-
duced into the exogenous data. Then runs were conducted in which the
exogenous variables were auto-correlated--that 1s, there were correlations
between the exogenous variables in one period and those of previous
periods. Finally, a number of experiments was conducted where lagged-
endogenous variables served as predetermined variables to see if the
estimation of "dynamic" models showed different characteristics from
estimation of models containing no lagged variables. A number of experi-
ments combined two or more of the aspects to see if the performances of
the methods were different when several of the features were present

from what they were when the features were present singly.uo The results
of these experiments and the ways in which the generation of the data

was adapted to incorporate the various features are described in Chapters

V and VI.

5. Investigations Qf Cases where the Assumptions of the Standard Model

are Violated

Some of the Monte Carlo experiments for this study examined

the effects on the various estimation techniques of violating the assumptions

uOIt should be emphasized that these experiments were mostly conducted
with only one structure and with data derived from one set of random
numbers. They do not meet the problem that the results are limited by
the small number of independent cases which were studied. Indeed, the
desire to conduct them led to the limitation on the number of inde-
pendent cases studied.
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of the model (1.1)-(1.6) in generating the data or in estimating the
structure. |

The first set of these experiments examined the importance of
errors of observétions in the exogenous variables. Economists seldom
have data of great accuracy;ul instead, economic data typically are subject
to measurement errors of not insignificant amounts which arise from a
variety of sources. Such errors violate assumption (1.5). Errors of
various sizes were added to the exogenous variables in some of the runs.
The results of estimating the structural equations using these data were
compared with estimates of the same structure using error-free data to
see how serious a problem measurement error presents for the building
of econometric models. ILike the other experiments described in this
section, these experiments also aimed at trying to give an indication
of how urgent might be the development of techniques based on assumptions
which conform more fully to conditions typical of economic data.

Anoﬁher subject for investigation was the effect of disturbance
terms which do not conform to the rather rigid assumptions of the model‘
(1.1)-(1.6). There are several ways of violating these assumptions.
Assumption (1.4) may be violated by making the expected variance-
éovariance‘matrix of disturbances vary from one observation point to
another; that is, by the disturbances being heteroskedéstic. Hetero-
skedasticity may creep into economic data because (a) trends in the

economy, or in the model, affect the influences unaccounted for by the

thf. Oskar Morgenstern, On the Accuracy of Economic Observations

(Princeton: Princeton University Press, 1963).

tgy *
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model; (b) the nature of parts of the economy not explicitly included

in the structure being examined, although connected to it through the
residuals, might be changing in ways which make the variance of the
residuals change; or (c) the variance of the disturbances may be related
to the level at which the economic segment being studied is operating.

Such considerations led to conducting some experiments with heteroskedastic
disturbances.

The assumption that the disturbances of observations numbered
t are independent of those at other values of t is another one whose
validity may frequently be questioned in economic modelg. For example,
if a dynamic process, where values of the variables at one period depend
on previous values of themselves, impinges on the model through the dis-
turbances, serial correlation of the residuals is likely %o arise. Some
of the experiments were conducted with auto-correlated disturbances.

The coefficients of an economic model may themselves be
stochastic. At least two lines of argument lead to such a belief. First,
it may be felt that the behavioral equations are not immutable laws
but represent only tendencies whose strength and character may vary
from time to time or between different economic units. The factors
making the relationships stochastic are then not only additive distur-
bances. The disturbances may apply directly to the coefficients of the
model. To express it another way, the importance given to certain
factors in making decisions may not be constant, but may vary about a
set of central values. The parameters of models representing these

processes would then be stochastic. Another way to justify the
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introduction of stochastic coefficients comes from considering the
aggregative nature of most economic models. By representing an aggregate
or average of a variety of individual behavior patterns, the coefficients
may vary because of changes in the importance of parts of the aggregates
without the parameters of the behavior of the individual parts themselves
changing. This consideretien would also meke one expect the parameters
(coefficients) of econometric models to be stochastic. In view of these
considerations, a few runs were conducted with the values of the
coefficients generating the data varying stochastically from observation
to observation in each sample.

The final type of violation of the assumptions concerned the
misspecification of the form of the equations, in the sense of incorrectly
specifying the variables which do or do not enter into one or more of
the equations. Misspecification in this sense is a serious danger in
building econometric models where there may often be doubt about whether
a variable should be in a particular equation of a model or in the model
at all. A particular danger is that one may feel that a variable should
enter the model somewhere bu£ not be sure in which equation it should be
placed. Since economic theory very seldom gives firm guidance on the
exact form of a model and is itself usually of a tentative nature, the
danger of miespecification is almost always present. It is important
to try to discover how serieusly such misspecification affects the
results of estimating a model. Misspecification is of further importance
to this study since it is sometimes argued that single-equation methods

have considerable advantages over full-model methods in that the estimates

[
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of correctly specified equations are not affected by misspecification
elsewhere. Because of the importance of the danger of misspecification,
a fairly large number of experiments was conducted. to investigate it.
The details of the misspecifications involved and the results of intro-
ducing them are reported in Chapter VIII.

Some éxperiments were conducted with more than one violation
of the assumptions. It was impossible, of course, to make experiments
with all the possible combinations of violations. However, since there
is little reason to presume that the effects of several violations act
like simple combinaetions of the effects of the violations taken sepa= =
raﬁcel;y*,LLg these experiments are of considerable importance. They may
well be those of greatest interest in the study since it may well happen
that econometric models violate the‘assumptions of the Cowles-Commission
model in several ways. The details of experiments involving violations
of the assumptions other than misspecification of the form of the
equations are found in Chapter VII.

The experiments conducted far from exhaust the cases of possible
interest. For instance, the effects of linearizing é nonlinear model
and then estimating the linearized model were not examined. It is
believed that the experiments do throw light on some of the important
problems of estimating systems of simultaneous equations under conditions

other than those of (1.1)-(1.6).

42Cf. J. Johnston, Econometric Methods (New York: McGraw-Hill, 1963),
pp. 215-216, for an example in the single equation case where the effect
of two violations seems to be quite different from either of them
separately.
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6. Problems Encountered in Analyzing the Results

The analysis of the results of the experiments presented a
number of very serious difficulties. 1In large part these arose from
the facts that the problem of which estimator is best and of how good
a particular estimator is are not at all well defined.

There is no single criterion by which to judge the various
methods of estimating systems of simultaneous equations. The goodness
of an estimator must depend essentially on the purposes for which it is
calculated and the effects or penalties of its estimates not being equal
to the population parameters. A measure of the goodness of an estimator
depends on‘and should be derived from the utility functions of those
for whom a model is built. However, if one adopts this approach, one
should also argue that the estimator to be used should itself be derived
so that the utility function is maximized over the estimated parameters.
The derivation of such estimators is probably unfeasible for at least
two reasons. First, the amount of work needed to derive such estimators
whenever it 1s desired to estimate a model may far outweigh the dis-
advantages arising from using one of the gvailable methods.43 Second,
models are frequentiy built not for a specific purpose but for dis;
semination among a large number of people who are interested in the ares
with which the model deals. These users might not pbssess the same utility

functions and their utility functions, being unknown, could not be used to

43Such estimators might well turn out to be hideously difficult to
compute, which is another reason for doubting the feasibility of
this approach.
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derive an appropriate estimator.m’L But the lack of a utility function

on which to base judgement of "general-purpose" estimators does not mean
that the problem can be ignored entirely. It effectively prevents us
from adopting any single measure as a criterion on the goodness of an
estimator. Instead a variety of measures has to be examined and the
over-all ranking of methods becomes rather arbitrary and ambilguous when-
ever all these measures do not indicate the same rankings for the various
estimators.

A particular difficulty in analyzing the results is that some
of the more attractive parametric statistics may not be estimates of
population parameters sincé,these parameters do not exist for the distri-
butions being sampled. The problem that the samll-sample distributions
of the estimates may not possess finite lower-order moments has already
been mentioned in this study. While we did examine both the averages
and the variances of the estimates, one should not put too much reliance
on these statistics.

Even if they did exist, basing the analysis simply on a few
parametric statistics such as the second moment around the true value
would not necessarily be justified. Other measures of dispersion might
better describe the part which the dispersion of an estimate plays in

the users' utility function. For example, if the utility function were

uThese subjects have also been discussed in Richard E. Quandt, Some
Small Sample Properties of Certain Structural Equation Estimators,
(Princeton: Econometric Research Program, Princeton University, Research
Memorandum No. 48, 1963), pp. 8-12, and in T. C. Koopmans and William
C. Hood, "The Estimation of Simultaneous Linear Economic Relations,"

in William C. Hood and T. C. Koopmans (eds.) Studies in Econometric
Method (New York:Wiley, 1963).
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linear in the.dispersipn of the estimatesaround the true value, the mean
absolute error of estimates 8i of 6, §|51-9| , might be a more
appropriate measure than the second mement about the true value,
5(6,-0)%.

i1

It dbes seem reasonable to base judgement of the various methods
on how closely, in some sense, their estimates tend to come to the true
values of the parameters being estimated. Three aspects are of particular
importance in examining the estimates the methods in the light of this
criterion. First is the difference between the central tendency of the
distribution of the estimates and their true, population values~--that is,
the amount by which the estimates miss the population values on the
average. Second is the dispersion of the estimates about their central
tendencies and, finally, the dispersion of the estimates about the true
values--that is, how Widely the estimates tend to be scattered away from
the population values being estimated. In analyzing the data, a variety
of measures of each of these features was examined. This was done be-
cause we do not have a unique criterion by which to judge each of the
aspects. FEach of the features was examined separately since we do not
have a satisfactory way of weighting the aspects to obtain a single,
over-all measure by which to judge the estimqtors.

The need to analyze a variety of measures for each of the types
of estimates complicated one of the most serious, practical difficulties
which the study encountered. This difficulty arises from the need to
compress the huge amount of results produced by thé Monte Carlo experi-

ments into useful form. Even if we ignore the basic, raw estimates of



the structures and concentrate on summary statistics, the gquantity of
such statistics is overw”nelming,,LL5 To try to present even a couple of
them for each coefficient or other quantity estimated would turn the
study into nothing but a vast series of tables whose sheer bulk would
Prevent any use ever being made of them. It was necesgsary to compress,
aggregate and summarize the results ruthlessly. This process necessarily
means that we ignore and, indeed, lose some aspects of estimation which
might be of interest.

A few tables of summary data are presented in Appehdix D,l+6
Tt is not expected that anyone will study all entries of these tables;
Chapters IV through VIII give the gist of what they show. The tables
are included so that anyone wishing to pursue a subject farther may do
so and to show, in part, on what the findings are based. It is hoped
that these tables will help to indicate the absolute performances of
the estimators and throw light on the nature of the results while keeping
the number of tables down to a reasonable amount.

Another difficulty to be faced in analyzing the data was the
possibility that one or more of the estimates might not be the ones
intended. The problems of FIML estimation have been mentioned in an

earlier section. It is also possible that a number analyzed as being

l¥5The paper on which the "raw estimates" were printed occupies over 6000
cubic inches. All the summary tables dealing with the separate estimates
occupy about as much space. This chapter, if written on paper of similar
thickness, would occupy less than 20 cubic inches.

A6Other tables are available on request, at the cost of Xerox reproduction.
These are described in Appendix B. Data from the separate experiments are
also available on the same terms.
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a particular type of estimate of some parameter of a model might have been
a mistaken one, quite different from the true estimate, because of failure
of the computing equipment. It is highly unlikely that the computer itself
made mistakes affecting the estimates,h7 However, a good deal of trans-
migssion of data between the computer and magretic tape had to occur before
the final results were obtained because the amount of data produced by an
sxperiment exceeded the internal storage capacity of the machine. In
addition, it was sometimes necesmary to copy the results from one tape

to another. Input-output operations are more subject to mechanical
failure than are the computation operations. Guards against and tests

for this type of error were built into the programs, but some such errors
may well have occurred. When a number was detected which "looked" wrong
or which was inconsistent with other results in the experiment, the
replication in which this occurred wag dropped from the sample.LL8 However,
some erroneous numbers may have slipped through and were analyzed at face

value. We could do nothing further about this difficulty, but must warn

of its presence.

T t should be emphasized that this is certainly not impossible--though
unlikely--and there might also have been undetected "bugs" still in the
programs. Rounding error did, of course, occur.

h8For example, both the estimates of the structural equations and of the
reduced form were stored on magnetic tape. If on analyzing the data the
structural equations as read from the tape did not lead to exactly the
same reduced form as the one read from the tape, the estimates of the
doubtful replication could be dropped (or, of course, the experiment
could be redone). This happened only once in the course of the experi-
ments. The doubtful experiment was repeated to obtain correct results
since more than one replication was doubtful.

b
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{.__Descriptive Statistics of the Estimates

The basic output of each Monte Carlo experiment was fifty sets
of estimates of the parameters of the structure being studied made by
each of the methods investigated. It should be noted that the estimates
of different parameters by any one method are not independent of each
other since in each replication they were all estimated from the same
data. For the same reason, the estimates of any particular parameter
by each of the different methods were not independent of each other.
These facts were used when comparisons of the estimates of different
methods and of different parameters were made. Each method made fifty
independent estimates of any one parameter. These estimates are a
random sample drawn from the finite-sample distribution of the estimator
of that parameter. This section outlines the statistics which were used
to describe the distributions of the estimates of each of the parameters
made by each of the methods.

Two measures of central tendency were used, the averages and
the medians of the estimates of each parameter made by each method.

It should be emphasized again that although we did calculate averages
and variances and do present results based on them, not much importance
should be given them in the light of the problem that the distributions
of the estimates may not have any finite moments.

A variety of measures of dispersion about the central values
was used. The standard deviations were computed. The inter-quartile
range, the range, and the range of the central eighty percent of the

estimates--that is, the difference between the forty-fifth and the sixth
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smallest observaiionsf-were examined. The use of only these three inter-
quartile ranges is arbitrary. There can be no reason to suppose that
only these three are of interest or that use of other quantiles would
necessarily give the same sorts of results as these.

An even larger variety of measures of dispersion about the true
values was examined and most weight was put on them in evaluating the
performances of the estimators. The parametric statistic used was the
square root of the (estimated) second moment about the true value, the
root-mean~gquare error. @Quantile statistics of the distribution of the
absolute values of +the differences between the estimates and the true
values were also calculated. The median, the third quartile, the ninth
decile and the highest values were used. Again, as was mentioned in
connection with the inter-quartile ranges, the particular quantiles
chosen were arbitrary. It may be noted that the inherent criterion
for the choice of method involved in examining the largest deviations
from the true values is that one should avoid methods whose worst devia-
tions are larger than those of the others and accept those whose worst
deviations are the smallest. It thus implies a rather extreme criterion
by concentrating only on the worst estimates. The other quantile statistics
are consistent estimates of the intervals in which the corresponding lower
fractiles of the distributions fall.

Another type of statistic of 'dispersion about the true values
which was used is the number of tines, N, the estimates for each
coefficient made by each method fell within .i of the true values.

ni/n is a consistent estimator of the probability:
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N o+.18
Pi(e -i6<6<6+id0) = f . £(8)ae
f-.18
where n is the number in the sample (fifty throughout this study) and
f(g) is the frequency. function of 0 , an estimator of 6. Again the
values of 1 chosen are necessarily arbitrary. n. for i = 2 and for
i =4 were used in analyzing the estimates.

The number of times the estimate had the wrong sign was also
examined. Often the sign of certain coefficients is of as much interest
in an econometric model as the values of the coefficients and economic
theory frequently suggests what the sign will be. Thus for an estimate
to have the same sign as the population parameter may be congidered to
be an important quality. Estimators rarely having the wrong sign may
be preferred to others which have the wrong sign more often even if the
others are superior on different criteria. One would expect that this
measure would be dependent on the true value of the parameter being
estimated and especially on its closeness, in some sense, to zero.

To keep down the bulk of th; ;;ables presented in Appendix D
and in the text and to simplify the discussion of the results, it was
desirable to aggregate the summary statistics of the estimates of
different parameters to get single, over-all numbers for the performance
of estimators as judged by each of the measures examined. This was done
in two ways. The first one was the summation of the results. For
counting measures (e.g., the number of times an estimate had the wrong
sign), the summary statistics are the total number of times a particular
condition occurred. That is, if the statistic for the ith coefficient

th

by the j method was Sij’ the summary statistic for that method in an
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experiment, Sj’ was Sj =Z Sij . Where the magnitude of a statistic
i

was related to the size of the true value being éstimated, the procedure
was to divide each summary statistic for a parameter by the absolute
value of the population parameter and then to take the mean of these

statistics over all parameters. That is, the summary statistics were

no S8:as t
B, = % oz Téi% where IQil is the absolute value of the i h para-
S L »
meter and n the number of parameters. These descriptive statistics

are referred to as the typical descriptive statistics.

The typical descriptive statistics are nob regarded as being
estimates of the parameters of the digtributions of the estimates. It
is not presumed that all estimates have the same distribution nor that
the normalizatien performed would give them the same distributions.
The only function of the typical descriptive gtabistics is to describe

briefly the orders of magnitude which were encountered in the study.

It is hoped that they may help to indicate the sizes of the features

of the distributions which were typically found in the course of the
gtudy when the presentation of these features for the individual para-
meters would have teken up too much space. Comparison of the estimators
was not based on these statistics but on the statistics of the individual
parameters, except when The comparisons for all the parameters led to

the same results. Even then the typical descriptive statistics are

used only as a convenient short-cut to the presentation of conclusions

pased on other material.

2
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8. The Comparisons of the Estimators

One of the chief aims of the study was to compare the estimators
and determine how well they performed relative to. each other. This was
done in a number of ways for each of the experiments conducted.

The basic way in which comparisons between the estimators were
made was to count the numbers of times one method did better than each
of the other methods. The criterion by which the estimates of each bara-
meter were judged was the absolute size of their deviations from the true
value of the pafameter, The estimateé ééﬁpared with each other were, of
course, those made in the same replication of the experiment. Since
several methods were to be compared, there was a fairly large number of
these pairwise comparisons. It was found convenient and useful in most
cases to use ranking statistics instead of pairwise comparisons for
summarizing and present the results.

The ranking was done as follows. The estimates for each co-
efficient in each replication were ranked by their absolute deviations
from the true values, unity being assigned to the estimate closest to
the true value, two to the second closest, and so on. The ranks obtained
by the estimates of each method for any one barameter in the fifty sets
of observations (replications of the experiment) were then summed to
provide an over-all ranking of the methods for each coefficient. The
method which had the lowest sum of ranks was Jjudged to be the best at

estimating that coefficient, on the basis of the ranking sted:istics.LL

49

The connection between the ranking scheme and the pairwise comparisons
is worth noting. Suppose that for the m methods to be compared an...
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The over-all ranking of the methods based on the sum of the
ranks of the individual replications is invariant up te a linear transg-
formation of the ranking scheme. However, other ranking schemes might

50

give quite different results. Another drawback is that it is not in-
sensitive to what methods are included in the study. The standings of
two methods could be reversed by the deletion of a third method from the

ranking.5l Finally, the ranking scheme gives as much weight to a replica-

tion in which the metheds made almost identical estimates of a parameter

u9...(mxm) table, A = {ai.}, is drewn up so that a;. shows the number
of times the ith method cathe closer to the true value§ than the jth
method in a gset of n estimates of a rarameter. (aii = 0) Then

m
R. = n+ X a,,.

Jd- i=1 1d . ~
is the total of the ranks of the estimates of the jth method summed over
the n sets of estimates. The ranking scheme based on the totals of
the ranks of the n sets of estimates has an interesting property.
Suppose that the rows and columns of the table are rearranged so that
the first row and celumn of the table refers to the method with the
highest rank-total, the second row and column to the method with the
second highest rank-total, and so on. That is, rearrange the table so
that 1> Jj if Ry < R.. Then this rearrangement minimizes the sum of
the elements lying above the main diagenal of the table; that is, it
m-1 2. a,.. A perfect ranking would have le Z a,.=0
iZ1 i i=1 i J
--that is, with a perfect over-all ranking of the methods, a method which
placed better than another in the ranking would always do better than the
other one. See J. Durbin, "Incomplete Blecks in Ranking Experiments,”
The British Journal of Sociology (Statistical Section), 1951, pp. 85-90.
5OFor example, one might use the squares of the ranks used hére. This
could lead to different results.
5lFor example, suppose that there are three methods and that, in the
notation of footnote L9, a3 > agp. If ajp - apy > 23 - a3p,
method 3 would beat method 27 in the over-all rankings even though
method 2 would beat method 3 if method 1 were ignored. This is,
of course, closely related to the problem of finding a social preference
function. See K. J. Arrow, Social Choice and Individual Values, (New
York: Wiley, 1951). -

minimigzes

&
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as to replications where there are pronounced differences between the
estimates bf different methods. One might be unhappy with a ranking
scheme which indicated that one method was better than another if the
first method only was better than the other when there were slight
differences between the estimates while it d4id very much worse whenever
there were large differences. This is pbssible with the ranking scheme
used. Heavy reliance is placed on various types of totals of ranks for
the methods in discussing the results of the experiments. The short-
comings of the procedure should, in consequence, be kept in mind in
evaluating the conclusions.

The totals of the ranks of the estimates of & particular para-
meter were used to judge the relative performance of the estimators of
that parameter. It is desirable to indicate not only what the over-all
ranking of the methods is but also to measure how strongly the over-all
ranking is supported by the ranks in the individual replications. That
is, it is desirable to measure the strength or consistency of the ranking.
Kendall's coefficient of concordance, W, was used for this purpose.
Kendall's W measures the degree of association in the performances of
the estimates relative to each other, as judged by the ranks of the
estimates in the separate replications, inbetween the replications of

an experiment?2

52Other uses of Kendall's W were also made in the study and will be
described presently. Denote the sum of the ranks of the jth method
in estimating a parameter R, (A as in footnote 49). Kendall's W

is defined: Jm
o =
W = » (R, - 4&= 2 __1_23_
P 3 o ) 5 1 (m m) |, e
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The performancesg of the methodsrrelative to each other were
investigated not only for the estimates of each parameter but also for
a whole group of parameters., This was done in two ways. First, the
sums of the ranks of the estimates over all the replications and over
all the parameters were calculated. Second, the sums over the replica-
tiong of the rarks of the estimates of each parameter were ranked. The

; 3
sums over the paramebers of the ranks thus formed were then taken.5

)
)do,,where m ig the number of methods and n  the number of items for
which the methods are to be compared--for example, the number of replica-
tions in an experiment. ¥endall's W is discugsed ir Sidney Siegel,
Nonparametric Statistice for the Behavioral Sciences, (New York: McGraw-
dill, 1956), wp. 229-238. See aiso M. O. Kendall, Rank Correlation
Methods, (London: Griffin, 1943), Chgpter VI. These references disgcuss
the handling of ties, which is not discussed here. In the individual
estimetes ties were very wuilikely and, in fact, only occurred when two
methods were calculated from exactly the same formulae. (This Lappens
wher: there are no over-identifying restrictions or only one in which
cases LIML and UBK respectively are the same ag 23L8S. )

353Let . be the rank of the estimate of the jth parameter made in
the 11 dflication by the kth method, Define S5k = £ Tijx, the rank-
total for the k™ method in estimating the jth psrametdr. For each
parameter the Ssx Were ranked, unity being assigned to the smallest,

two to the secon& smallest and so on. Let R.k be these ranks. The
first types of rank-totalg used to get an ovePsall ranking of the methods
for an experiment were T = 2 Sjk‘ The second type was Tﬁ = § Rjk'

An example may help to - d clarify the rankings. Let three
estimators have made two estimates of two parameters. The estimates

and the varidus rank-totals were:

Fstimates
Parameter 1 = ,2 Parameter 2 = .3
Repli- Method Method  Method ° Method Method Method
cation 1 2 3 1 2 3
1 .1 0 T 1.5 .5 -1 .6
2 .21 .8 .2 4 .5 .11
Rankings »
1 2 1 3 2
e 3 1 1 3 2
10— [ = [SI. 3 =
51173 P17 8y 3=+ 2172 850 Sy,
Fish o Bpp=3 Ryge2 Fay=l  Bpp=3  R,g=2



6k

For both types of rank-totals Kendall's W was calculated. The first type
of ranking gives an over-all measure of the performances of the methods
relative to each other as suggested by the individual estimates. The
second gives an over~all ranking of the methods based on Judgement of

the performances of the estimators in estimating each of the parameters.
It is of interest to see to what extent a ranking of the methods based
on the rank-totals of the estimates of each parameter would be repeated
in the rankings for the different parameters. The second type of ranking
indicates this.

Another use of ranking was made in evaluating the relative per-
farmances of the methoas according to the descriptive statistics. For
each of the descriptive statistics of each parameter the estimators were
ranked by the size of their descriptive statistics. The sums of these
ranks over the parameters were taken and Kendall's W calculated to give
statistics of the relative performances of the methods as Jjudged by the
descriptive statistics of their small-sample distributions. Pairwise
comparisons of the number of times each method had a smaller descriptive
statistic than another were also computed.

One other type of measure of the relative performance of the
methods was used. The number of samples for which each method produced

the best or the worst estimates of each parameter was calculated. These

53...Then
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are all-or-nothing measures and depend heavily on which other methods
are included in the study. They give no weight to rankings, but they
do have interest. Underlying interest in these meagures is the criterion

A .
that one should choose the estimate 9i to maximize the probability,

P (]6,-0]) < Ir-lin(]é\j-el)

J#Fi

where J ruans over all other estimators of 6 +taken into congideration,
or the different criterion of choosing @i to minimize
Pr(lei-ej) > max (ej-ej) .
CJFL

These criteria, as we shall see, often give ambiguous results, but they
also were found to throw light on the properties of the estimators which
would otherwise have been ignored. Between them they can highlight the

dilemme to be faced in choosing an estimator if one method is frequently

the best estimator but is also gquite often the worst while another

method is rarely either best or worst.

9. Tests for the Significance of Differences found in each Experiment

It is of interest not only to describe the differences between
the estimators but also to test whether these differences were significant
or could have arisen by chance.

A number of tests investigated the significance of differences

between the methods found in making pairwise comparisons of the methods.
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First, the significance of the differences in the dispersions of the
estimators about the true values of the parameters being estimated
were examined. The number of times one estimate was closer to the
true parameter value than another, besides being a useful descriptive
statistic, is a test statistic of the hypothesis that the probability,
P [ |§i-e| < [53,-9]] = 1/2. The binomial test was used for this with
the .05 level of significancé chosen. The number of parameters for
which ore method wag significantly closer to the true values fhan each
of the others was then counted. It may be remarked that here and else-
where in the pairwise comparisons, two-tailed tests were used since we
did not wish to predict which methods would be better than other ones.

A more powerful pairwise test used to compare-the dispersions
of two methods was the Wilcoxon matched-pairs signed-ranks tést,5a
This is a non-parametric test for differences in central tendency be-
tween the distributions of two related samples. In this study it was
used to test for different central tendencies in the distributions of
the absolute differences between the estimates of the various methods
and the population parameters.

In both these tests there was the possibility that one method
would perform significantly better than another one for some parameters
while it would be significantly poorer in estimating other ones. If
this occurred, the results of the experiments as to which methods were

better than other ones have a basic ambiguity for judgement of which

54'I'his test is described in Siegel, op. cit., pp. 75-83.
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method to choose. Even if for some parameters one method did not. do
significantly better than another estimator while it was significantly
worse for others, the relative performances of the methods in estimating
the parameters might vary significantly over the parameters estimated.
For example, although one method might be better than the other for all
parameters, it might have surpassed the other method significantly more
frequently in estimating some parameters than in estimating the other
ores. The Cochrane Q test could be used to test whether the differences
in relative performance were significant.55 This was not done in most
experiments for two reasons. First, with asg many as twenty-four
parameters to be estimated by as many as seven methods, the number of
poseible comparisons was very large and time-consuming. Second, in
most experiments it could be inferred from the statistics of the number
of times one method beat another whether the test would find many
significant differences. This alone seemed %o suffice to answer whether
the performances of the estimators were similar for different parameters.
The sign test and the Wilcoxon matched-pairs signed-ranks
test were also used to test for different central tendencies of the
distributions of the estimates which were made by the various methods.
However, it is probably of more interest to test the significance of
differences in the central tendencies of each estimator from the
population values rather than to test for significant differences between

the estimators. This was done with two tests.

55This test 18 described in Siegel,op. cit., pp.. 161-166.
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The bias of the averages of the distributions was tested by
O, - 6,
the t-test with the statistic

2 where @i is the mean of the
estimates ai of Gi and SQ, is ithéir standard deviation. The

doubts about the usefulness oflparametric statistics apply, of course,

to this test and little reliance was placed on it. The significance of
the bias of the medians was investigated by a binomial test of the
hypothesis that Pr(éi >0) = Pr(éu >8) = .5. (This test essentially
counts the number of estimates lying between the median and the true

value and sees if it could have arisen by chance. Under the null-
hypothesis of no bias the expected number of these estimates is zero. )

The significance of Kendall’s W can be tested by Xi = n(m-1)w
where m is the number of methods and n the number of replications.
This statistic igs approximately distributed as X2 with (m-1) degrees
of freedom under the null-hypothesis that there is no over-all agreement
among the rankings. This is the statistic used in Friedman's two-way
analysis of variance, which is a test of the hypothesis that the members

of k samples come from the same population, or more explicitly, that

the m different columnsg of ranks in a table are sll from the same

56

population. The test was used to investigate whether a systematic
ranking of the methods was suggested by the sums of ranks over the

individual estimates or over the different parameters estimated, or

56’I‘he test is described in Siegel, op. cit., pp. 166-172. See also
M. Friedman, "The Use of Ranks to Avoid the Assumption of Normality
Implicit in the Analysis of Variance," The Journal of the American
Statistical Association, vol. 37 (1937); pp. 675-701.
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whether differences between the methods in the totals of their ranks
could have arisen by chance if there were not differences in the relative
performances of the methods. Theusignificance of Xi for the totals of
the ranks of the estimates of each separate parameter was tested at the
.05 and .0l levels. The test was'also used for the sum over the para-
meters of the ranks assigned to the descriptive statistics for each
parameter. It was used, in addition, for the sums over the parameters

of the ranks of the rank-totals of the individual estimates of each

57

parameter. It is not appropriate for the totals of the ranks of all
the separate estimates of all the parameter358 since in each replication
the estimates of one parameter are not independent of those of others
while the test assumes that the separate sets of ranks used are inde-
Pendent. The same objection might be made for using the test on the
rankings of the descriptive statistics since the descriptive statistics
of one parameter are not independent of those of another. However, it
seems appropriate to tesgt the null-hypothesis that the rankings of the
descriptive statistics act as if they were random. Rejection of the
null-hypothesis here would simply indicate that over the barticular
sample used for estimation the methods tended to perform, relative to
each other, in a systematic way and not that their relative performances
in meking independent estimates of different parameters showed a non-

random ranking of the estimators.

o7
58

That is, for the T, of footnote 53.

TS N

That is, for the T. of footnote 53.

=

v



70

One other test was used to examine whether the relative per-
formances of the estimators were significantly different in estimating
gome parameters from those in estimating others. When counting statistics
(such as the number of estimates falling within twenty percent of the true
values) were used to describe the distributions of the estimates of the
individual barameters, the X2 test was used to test whether the per-
formances of the methods in estimating some parameters were significantly
different from the performances for other parameters. The contingency
coefficients for the tables of the number of times each method had the
characteristic for each parameter were also computed although little use

was made of them in analyzing the results,59

10. The Analysis of the Standard Errors

The statistics described in the foregoing sections were used
to analyze the estimates of the structural coefficients, the reduced-form
coefficients and the elements of the variance-covariance matrices of the
structural residuals. They were also used for the bredictions calculated
in each replication of an experiment. Different Pbrocedures were used to
evaluate the standard errors computed for each of the structural-equation
estimators in each experiment.

The standard errors may be regarded as attempts to estimate

the root-mean-square errors of the distributions of the estimates of

59The contingency coefficient is described in Siegel op. cit., pp. 196-
202. The same reference discusses the X2 test on pp. 175-179.
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the structural coefficients or as estimates of their standard deviations.
It seems of interest to see how well they did this by calculating for
each parameter the quantile of the distribution of the standard errors
where the standard deviation and the root-mean~square error of the
estimates of the parameter fell. TIf they occurred at high quantiles,
one might judge that the standard errors tended to underestimate the
variability of the estimates of the coefficients. This is, of course,
a fairly rough-and-ready measure and rests on the presumption that the
standard deviations and roou~-mean-square errors are appropriate and
meaningful measures of the dispersions of the estimates. Not much
emphasis was placed on these statistics even as purely descriptive
statistics.

Most of the analysis of the standard errors was done in quite
another way. It is often supposed that the deviations of the estimates
of a coefficient from the Population value of the coefficient divided
by their standard errors is distributed as Student's +. This belief
is an extension from the single-equation case where it is true. It is
not clear, however, what the degrées of freedom of the t-distribution
should be. One might use the number of observations minus the number
of coefficients to Le estimated in the equation in which the coefficient
studied falls. One might also use the number of observations minus the
total number of coefficients to be estimated in the structure. In-
tuitively, the first might seem more appropriate than the second for
the single-equation methods, but the second might seem tozbe more

plausible for the full-model methods. However, there seems to be no
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very good reason to suppose that some other number of degrees of freedom
would not be the appropriate one--even supposing that the hypothesis

that t is the appropriate distribution is correct. We did not test

(9--9) N
the hypothesis that ——%-—— where € 1is an estimate of 9 and S@
@

is the standard error of & » 1s distributed as t because it wag felt
that in this form it is not a very interesting hypothesis. Instead, we
tested the hypothesis that if one used values of the t-distribution to
obtain the ninety-five percent confidence limits around the estimates,
the true value of the coefficient being éstimated would fall within

those limits ninety-five percent of the time. This was tested for values
of t Dbased on the two different numbers of degrees of freedom suggested.
In addition, the hypothesis was tested that if one would make correct
inferences about ninety-five percent of the time and if one used the
rough approximation that the true values of the coefficients fall within
two standard errorg of the estimate. The test stabtistics used were the

|6.-6|

number of times ——%;f—- > k where k took on the three values men-
2]

tioned. A one-tailedibinomial tgst on the resulting numbers was then
performed to test whether Pr[(i—%éfl) > k] > .05. The choice of the
ninety-five percent confidence levei as a criterion by which to judge

the standard errors was arbitrary, but it was felt that this level is
probably the one most commonly used in economics. In a small selection
of cases, the test was also applied using the ninety-percent and the
ninety-nine-percent confidence intervals. The quality of the conclusions

about the adeguacy of the standard errors was not altered by using these

different levels. We may note that the ninety-five percent confidence
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interval based on the t-distribution with one mumber of degrees of
freedom is also g confidence interval for the t-distribution with other
degrees of freedom--though of course the confidence bercentage is not
ninety-five. Thig fact was used in testing the standard errors so that
for both applications of the t-distribution two confidence intervals

were examined.

‘41l. The Comparison of the Results of Different FExperiments

In comparing the results of different experiments, we must bear
in mind that the dats of one experiment were not usually independent of
the data of others. They would differ in only one aspect of their
generation and would otherwise be the same. For example, when melti-
collinearity was studied, a linear combination of the exogenous datas,
which would otherwise have been used served as the €xogenous variables,
The disturbances were the same as in experiments without multicollinearity.

Comparisens of the relative standings of the methods in
different experiments were based on the rank-totals calculated in
analyzing the results of the separate experiments. The sums over the
barameters of the ranks of the descriptive statisties in separate experi-
ments were compared in two ways. First, the totals of the ranks in the
Separate experiments were summed over a set of experiments to be compared.
Second, the totals in each experiment were ranked. These ranks were then
summed over the set of experimentg,

The rankings based on the individual estimateg in different -

.

experimentsvwere compared in several ways. First, the totals of the




r[)_l‘

ranks of the estimates over all replications and over all parameters of

each experiment were summed over a set of experiments. Second, the

totals of the ranks of all the estimates in an experiment were ranked.

These ranks were then summed over a set of experiments. Third, the totals

over the parameters of the ranks of the sums over the replications of the ranks
of the estimates of each parameter were summed over a set of experiments.,
Finally, the totals over fhe Parameters of the ranks of the sums over the
replications of the ranks of the estimates of each parameter were ranked and
these ranks were summed over thé set of experiments to be compared.

Kendall's W was calculated for each of the types of rank-totals
investigated. The significance of W was tested only for the totals of
the ranks given to the over-all rank-totals in the separate experimenté.6l
It will be noted that when the ranks of inter-dependent experiments are
summed to get an over-all ranking of the methods for a group of experi-
ments, we are examining whether the relative performances of the methods
in estimating from essentially the same sets of data are similar, not
whether the methods perform similarly in estimating the structures from

different sets of data.

60 1 2 1 2 . th .
Let qu and qu be the values of Tk and 'I'k in the g experiment
L 2 . . ‘ 1 2
where Tk and Tk are defined in footnote 53. ILet qu and qu be

the ranks of Tiq and Tiq. Then the four types of statistics examined

1 2 2
(b) Zqu, (e) Zqu and (d) ZRq.

were (a) X Ti s
q " q q q
61That is, the significance of W was tested only for statistics (b)
and (d) in the previous footnote. The test cannot distinguish between
agreement (or lack of it) coming from similar performances of the
methods in different experiments and similar performances for different
barameters in one experiment, which is why the test was not used for

(a) and (c).
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differences in the relative berformances of the methodg in different
exXperiments were statistically significant. Which testg were used
depended on whether the stochastie elements of ope eXperiment were

independent of those of another. 7The close relationships between

than another was the same in two exXperiments. The data of one replica-
tion in the first experiment wag related to the data of g replication

of the second. The McNemar test compared the estimates made in each
replication of one experiment with the estimates made in the corresbonding
replication of the other €xperiment., The test proceedeq by counting the
number of timeg method i‘ made a better estimate than method j in the
first €Xperiment and made & poorer estimate than methog J in the

second experiment. It also counted the number of times methog i was

inferior to method j in the first experiment and Superior in the

62See Siegel, 9p. cit., pp. 63-67, for a description of this tesgt,

»
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second. Under the null-hypothesis that the frequency with which one
method would beat the other method was the same in both experiments,
the expected number of times that one method changed for the better
relative to the other method was the same as the number of times it
changed for the worse. This is the hypothesis tested by the McNemar
test. It will be noted that replications in which the relative per-
formances of the two methods are the same in both experiments are
ignored by the test. When estimates could not.be obtained for s
replication in one of the experiments being compared, the estimates for
this replication in the other experiment were dropped from consideration .
in the test. The number of matched replications in two experiments was,
in consegquence, often somewhat less than the total number of replications
in each experiment. The McNemar test wag also used to test whether the
number of parameters for which one method was judged better than another
by the descriptive statistics was significantly different from the

number in another experiment.

When two experiments used the same model, but independent sets
of data, the X2 test was used to determine whether the frequency with
which one method did better than another in estimating a parameter of
the model differed significantly in a pair of experiments. The X2
test was also used to compare the performances of the methods in two
experiments as judged by the descriptive statisticsa

Tests for significant differences between experiments were
performed for only a limited selection of the experiments conducted.

The limitation on the number of tests performed was based on two reasons.
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First, the comparison of experiments replication'byvreplication using the
McNemar tegt required not insignificant amounts of computer time and the
storage of results on magnetic Lape while weiting for other exXperiments
to be conducted did tie up magnetic tapes in an inconvenient‘fashion.
Second, if significant differences between one experiment and another
occurred whick could not Teasonably be ascribed to Type I error, thig
was sufficient to answer the question whether the types of differences
in the generation of data for the two eXperiments led +to significant
changes in the relative performance of the methods. Other experiments
which exhibited *the same sorts of differences in generating the datg

or more extréme versions of thesge differences were useful in examining
the effects of these different ways of generating the data. Sych
further experiments helped in examining the question of how much and in
what ways the performances of the methods were affected by different

ways of generating the data. It was felt, however, that further tests

experiments on *the same aspect were conducted or when extreme versions
of different ways of generating data led to significant differences
while less bronounced versions led to results which could be considered
to be intermediste to those of the extreme experiments. Since failure
to reject the null-hypothesis is not equivalent to accepting it, and
may only be the result of having a small sample, it was decideg to
allow the inconvenience Qf performing a large number of tests to limit

the number of experiments comparéd.
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In examining the effects of using different types of data,
the sizes of the descriptive statistics were used to give an indication
of the importance of changes in performance which occurred in the
different experiments. Such comparisons are necessarily rather rough
and are meaningful only in conjunction with the exact ways in which
the various sets of data were generated. However, it is hoped that
they give an indication of how relisble are the estimates of structures
made by the different techniques under various conditions and so can
serve to some extent to indicate their usefulness for economic research.
It is to be noted that tests were not performed to examine the sig-
nificance of differences in the dispersions of the estimates of any one
method in estimating the structures of two different experiments. The
experimental controls built into the pbrograms were not strong enough
to make this an interesting test. The dispersions in different experi-
ments could be expected to be different since the stochastic elements
were usually of different importance in explaining the endogenous

variables.
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CHAPTZER TV

The Basic Experiment

1l. Introduction

This chapter reports in some detail the results of the first Monte
Carleo experiment conducted for thig gtudy. This experiment, referred to as
the basic experiment, will be used throughout the study as a standard of
comparison for other experiments. Having dwelt on the results of this
experiment at length, we can discuss more briefly the findings of other

experiments in terms of how they differ from or are similar to thosge of

the basic experiment.

The data for the basic experiment were generated in conformance
to the statistical model (1.1)-(1.6)., The experiment nsed the structure
shown in Table.IV-l, which is called MOD37A2.63 'Estimates were made from
twenty observations in-each replication of the experiment.6J+ The data

were of the sort described in Cﬁapter IIT, Sectien 2. The pairwise

endogenous variables.

3Program—parameter 1 specified the structure to be used in each experi-
ment. Thus in Table 1 of Appendix C, which shows the Program~parameters

for the first set of experiments, MOD37A2 is shown as the entry for program-
Parameter 1 in linpe A, which refers to the basic experiment. The role of
the brogram~-parameters is discussed in Chapter ITII, Section 2.

Program-parameter 2 Specified the number of observations used.




Note:

L

62

Lo

35.24

TABLE IV-1
MOD3742
- .89 - L1677
1 0
- .29 1
T4 0 0 .13 0
.70 0 .96 0
.53 11 0 .56
34,48 | 31.12
36.68 29. 84
4o.64
—

.06

B,-T;, and I are defined in Chapter I, eguations (1.1)-(1.5).

The size of I shown is that for the standard run, with

brogram-parameter 13 = 2,

80
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2. Estimates of the Structural Coefficients

mem‘:.65 Several points stand out in the table. First, the biases of the
estimates of each of the consistent methods were fairly small. The biases

of DLS were larger than those of the~consistent methods. Second, differences
in the biases of the consistgnt’methods were usually slight and no method
always had the smallest bias.66 Third, the median biases of the consistent
methods were rarely significantly different from zero at the .05 level,

It is noteworthy that the biases of LIML and FIML were never significant.
Very few of the significant biases would hgve been found significant if

the .0l level hag been used. vWith only one exception, the medians of the
DLS estimates were significantly biased at the .05 level. Many of these

biases were also significant at the .0l level.

Dispersion. The dispersions of the estimates of the structural
coefficients about their cenfral tendencies were quite large. Taple Iv-3
shows the inter-quartile Tanges of the estimates. The inter-quartile
ranges of 38LS and FIMI, averaged roughly thirty percent of the true values
of the coefficients being estimated. The inter-quartile ranges of DILS
were about forty percent of the true valuyes while those of the other k-

class estimates were approximately fortyéfive Percent of the true values.
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The ranges of the estimates were, of course, substantially larger. The
ranges of the full-model estimates, the DLS estimates and the estimates
of the consistent k-class methods averaged about 100, 120 and 150 percent
of the true values respectively.

The dispersions of the estimates of the consistent methods about
the true values were similar to their dispersions sbout the central
tendencies--ag might have been expected from the small biases\that were
found. The DLS estimates had larger dispersions about the true values
than about their central tendencies. To indicate further the sizes of
the dispersions encountered in the basic experiment, the second part of
Table IV-3 shows the ninth deciles of . the distributions of the ahgolute

deviations of the estimates from the true values.

Relative Performances--Rankings of the Estimators. The estimates

of each structural coefficient were ranked by theéir absolute deviation
from the true value of that coefficient. Table IV-4 records the totals
of these ranks for the estimates of each coefficient made in the fifty
replications of the basic experiment. It also shows the totals of the
ranks for the estimates of all the coefficients. The most striking point
to notice is that no method seems to stand out as being either a great
deal better or worse than the others. This is brought out by the fairly
low value of .112 for Kendall's W for the sums of the ranks of all the

estimates. In the rankings for the individual coefficients, Kendall's W
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TABLE IV-2

The Basic Experiment - Biases of Estimates

of the Structural Coefficients

Biages of the Medisns

True
Valwye DLS 2 SL8 JEK LIML 3 8LS FIML
.89 .« 058% - .00% w G010 - .016 -~ 004 - .005
.16 . 055% 005 007 .023 .002 .008
44,00 -9.476% -1,976 ~1.380 ~ <939 -1.423 - .199
<Th - .Okox 2018 S L023 028 .012 . 007
.13 - L107* - 001 07 .O1L .006 - .005
.54 - 062% L018% RORtS .009 . 009% - .001
62.00 -21.825% ~4,573% -3.536% ~1.106 -2.884* . 749
.70 - L094% o 031% - 0RE% - .020 - .020% - .014
.96 - .108% ~ 2006 <00k .010 - .018 - .011
. 06 .002 .002 L002 .002 .002 .002
.29 .03k OOk 002 000 - .001 - 007
Lo. 00 -13.689% ~2.948 ~2.342 -1.0k7 -1.387 476
.53 - .056% - .012 - 010 - .00k - .002 - .001
.11 .016% . 006 006 004 009 - 003
.56 . 034 L027% . C27% 024 .017 010

Biases of the Averages

.89 . 069 - .011 ~ 016 - 023 - .001 - .008
.16 - .059 .0Ll3 .018 .02 - .000 .00k
Lk, 00 -8.026 .138 . 626 1. 450 - .334 1.598
o Th - .07 .007 .01C .015 . 006 . 006
.13 - 113 .016 - 024 .036 . 008 .013
-5k . 062% . 005 .001 - .008 . 006 - .001
62.00 -20,985% -1.053 .378 3.277 -1.956 <977
.70 - .090% - .01k - .008 .003 - .012 - .007
.96 - .107 - .008 -..001 .015 - .008 . 000
.06 - - .003 - .005 - .005 - .005 - .00k - .002
.29 .034 - .005 .003 - .001 .003 - .002
40,00 -1k4.934 -2.841 -2.140 - .383 -2.268 .012
.53 - 054 - .013 - 010 - .00k - 005 - .001
.11 .023 .008 . 007 .005 . 005 .003
.56 .031 .018 .018 .016 . .0l2 .010

*Significant at the «05 level

w



TABLE IV-3

The Basic Experiment - - Dispersions of the Estimates of the

Struectural coefficients

Inter-Quartile Ranges

True
Values DLS 2ALS TRK LIML 3813 FIML
.89 . 096 .103 .106 .106 071 071
.16 .157 174 .16 .156 070 . 058
Lk, 00 9.626 14,849 14,778 13.572 1%.969 15.185
Tk . 087 .106 <108 .103 . 059 . 058
.13 .20k .190 .199 .210 .136 , 120
5k 027 . 037 . 037 .036 . 035 .031
62.00 9.217 16. 4471 17.994 17.791 17.386 18.757
.70 . 064 L0782 075 073 .055 . 063
.96 .099 .1h2 L1431 ,170 .128 »135
.06 .055 . 068 .069 071 .030 .031
.29 .043 053 . 054 . 060 .055 061
40.00 2Q.255 19.481 19.254 22,676 23.574 23.718
.53 .06k . 082 .083 .082 . 080 .078
J11 .06k . 081 .083 .082 .034 .039
.56 . 076 . 082 . 082 .082 . 069 . 063
Ninth-Decile Absolute Deviations
.89 <155 145 <155 .156 . 075 077
.16 .189 .192 .196 . 187 .082 .076
4k, 00 18.207 20.798 21.527 21.932 16.392 18.32
L7l .137 .133 .13% .136 .087 . 069
.13 .285 .252 .270 278 174 .188
.54 . 088 . 065 . 069 . 073 .039 .033
62.00 30.505 27.751 28,996 33.216 17.710 18.312
.70 . 148 124 .131 12k . 087 .093
.96 .198 .169 .173 .187 .13 2110
.06 . 060 .071 .72 Neyen 047 <030
.29 . 067 .056 .057 .059 .059 .056
40.00 29.581 26.261 25.846 26.125 24,96k 22,322
.53 2113 2110 J12 116 .099 .108
<11 .083 . 088 . 089 .091 .059 . 058

.56 L1112 2117 L1117 L1318 . 086 .072
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TABLE Iv-L

The Basic Experfiment - Rankings of the Estimates of the Structural

Coefficients by Absolute Deviation from the True Valyes

Coefficient DLS 28LS UBK LIML 38LsS FIML Xendall's W
512 217 179 187 197 134 136 o 128%x%
513 203 190 202 206 130 119 o 1BO¥%
711 226 170 168 172 161 153 O7T%%
71n 208 178 192 206 128 138 .135%x
715 205 195 195 20k 121 130 o 171%%
Boy 273 191 162 165 136 123 . 328%x%
Vo1 261 194 175 151 141 128 o 267¥%
723 272 196 162 164 126 130 0 333%%
V25 230 177 171 189 137 146 « 126%%
Yol 139 183 237 256 122 113 o 421 %
Bsp 220 161 153 169 167 180 . 0B5%%
731 217 17k 171 171 149 168 . 058%
733 . 227 176 162 17k 154 157 .083%%
%3 206 191 187 185 130 151 . 093%#
736 230 196 174 162 1h2 146 L127%%

Totals 3334 2751 2698 2771 2078 2118 112

Rankings of 86.0 61l.5 52.0 65.5 22.0 28.0 < T37%%

tablet

**Significant at the .01 level
* Significant at the 05 level

T This line records the totals of the ranks given to the methods
in ranking each line of the table.
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TABLE IV-5

The Basic Experiment - Pairwise Comparisons of the Estimators

for the Structural Coefficients

Number of *+imes closer to the true values

DL 2813 TRK LIML, 3808 FIMIL
DLS - 256 261 272 181 196
28LS Lok - 358 367 2L9 281
UBK 489 392 - 392 253 27k
LIML 478 383 356 - 250 262
38LS 569 501 itelys 500 - 355
FIMI, 554 469 h76 488 395 -

e
Significant differences - sign test
DLS - 1 1 1 0 0
28LS 10 - 1 1 0 0
UBK 9 A - 1 0 0
LIML 9 L 0 - 0 0
38LS 15 10 11 10 - 0
FIML 13 5 7 7 -
Significant Differerces - Wilcoxor. tegt

DLS - 1 1 1 0 0
28LS 7 - 3 3 0 0
UBK 7 0 - 2 0 0
LIML L 0 0 - 0 0
38LS 15 11 11 11 - 0
FIMIL 1k 10 10 10 -

*
Entries in each row record the number of times the method came closer to
the true values than each of the other methods in estimating all the
separate coefficients.

X%
Entries in each row record the number of coefficieats for which the sign

test found the dispersions of the method from the true values to be
significantly smaller than those of each »f the other methods at the .05 level.

**%Each row records the number of coefficients for which the Wilcoxon signed-
ranks matched-pairs test found the central tendency of the distribution of
the absolute deviations from the true values of one method to have been
significantly smaller than those of each of the other methods at the .05 level.
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TABLE IV-6
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- _Rankings of the Descriptive Statistics of the

Dispersions of the Estimates of the Structural Coefficients™

Statistic

Standard Deviationg -
Inter-quartile Ranges
80% Ranges

Ranges

Root Mean Squere Errors
Median Absolute
Deviations

Third Quartile
Absolute Deviations
Ninth Decile

Absolute Deviations
Largest Absolute
Deviations

**Significant at the .01 level,

DLS

29
36
31
31
83
76
81
72
60

28LS

56
60
62
60
43
60
56
54

60

UBK
74
72
76
77
60
60
59
6L

65

LIML

89
67
80

83 -

78
60
6k
7
72

38LS
32
37
31
33
2l
29
27
26
26

FIML
35
43
35
31
27
30
28
22

32

Kendell's w
. 78hxx%
L317%%

. 668%%
- T3h*x
810%%
450%%
VAR
. 698%x%

. lso%x
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varied substantially67 from a high of .42l to a low of .058. 411 these
values of W were significant at the -05 level.

The sum over gll replicationsamd_coefficients of the rankg of
the estimates suggests a (weak) ranking of the various methods. Thig
ranking puts 3SLS and FIML in the first Places. Next come the three con-
sistent k-class estimators, UBK, 2S8LS, and LIML. In the last place ig
found DLS. The totals of the ranks of the consistent k-class estimates
were very cloge together. The differences in the rank-totals between
these methods wag considerably smaller than the differences between the
total for any one of them and the totals for the full-model methods or
DLs. Similarly, the two full-model methods were very close together.

For each coefficient, the sums of the ranks of the estimates of
that coefficient were themselves ranked. The sums of thege ranks over all
the coefficients are shown in the last line of Table IV-4. Thege ranks
showed fairly high concordance ag is indicated by the value of 737 for
Kendall's W. The lack of complete agreement between the coefficients
as . to the over-gll ranking of the methods can be attribtuted largely, but
not entirely, to lack of agreement over whether FIML or 38LS was best and

over the berformances of the consistent k-clasg estimators relative to

each other,.

Relative Performances--Pairwise Comparisons. Pairwise comparisons

between the various estimating techniques bring out the extent of the

7We are hampered here by not having a test for the significance of differ-
ences in the values of W. We discuss below the significance in the
differences of the berformances of one method relative to another one in
estimating one coefficient from those in estimating other coefficients.
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differences‘in the dispersions of the estimates from the true values. The
first part of Table IV-5 shows the number of times each method was closer
to the true values of the structural coefficients than each of the other
methods. In some instances, a method came closer to the true values more
frequently than a method which had slightly surpassed it in the totals of
the ranks of all the estimates shown in Table V-4, For example. FIMIL
came closer to the trye values than 3SLS more than half the time. These
cases did not upset the suggested ranking of the estimators into three
groups: they oceurred only between estimators found in the same group,
not between estimators in different groups.

The second and third parts of Table IV-5 show the number of

estimators from the true values, Several things abput these tables are
worth noting. First, it was not usually the cage that significant differ-
ences were found for all coefficients. Usually there were significant
differences between a pair of methods for less than half the coefficients.
Second, there were few significant differences between methods which had
been placed close together in the rankings of the estimates by their
absolute deviations from the tiue values. In barticular, no significant
differences were found between 3SLS angd FIML. Third, there were instanceg
where a test would find one method significantly better than another for
some coefficients and significantly Poorer for one other coefficient. The

two tests did not always agree about the significance of differences
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between estimators for 8 particular coefficient. Further, there were cases
where one test found more coefficients for which one method was significantly
better than another than coefficients for which it wag worge while the other
test found it boorer more frequently. This happened in comparing the con-
sistent k-class estimators with each other,68

The Cochrane Q test was used to determine whether the frequency
with which one method came closer to the true values than another differed
significantly among the coefficients. Tt was found that there were differ-
ences among the coefficients in the comparisons of every palir of methods
which were significant well beyond the .01 level. This finding indicates
that differences found in the concordances of the rank-totals of the
estimates of the coefficients may be significant. It also makes precarious
any attempt to evaluate the gain one could expect from choosing one method
rather than another one. The probability that one method will surpass
another is different for different coefficients of a structure. The differ-
ences seemed to follow no simple pattern.69 The gain would seem to depend
in an unknown (and possibly, since it may depend on the true values of the
coefficients, unknowable) way on the coefficients in which one wag par-
ticularly interested,

Before leaving the pairwise comparisons of the estimators, it is
worth noting that the sign test and the Wilcoxon signed-ranks matched-pairs

test found many coefficients for which there were significant differences

68The differences in the findings of the tests are due to differences in
the definition of the central tendencies for which the tegts investigate
the significance of differenceg. )

9For eéxample, the differencesg did not seem to depend on whether the
coefficients were in the beta- or the gamma-matrices.
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in the central tendencies of the distributions of the estimates of different
methods, Indeed, such significant differences were found more frequently
than when the testg were used to compare the distributions of the absolute
deviations of the estimates from the trye values. The t-test also indicated
that the averages of any one method were frequently significantly different
from those of other methods. There did not, however, seem to be any pattern
in whether & method was fornd to have g higher or lower central tendency
than another one when the differences were significant. The tests do indi-
cate that the differences between the methods shown in Table IV-2 were

freguently significant even though they were small.

Relative Performances--Descriptive Statistics. The deseriptive

statistics of the dispersions of the estimates of each coefficient were
rynked according to the gigzes of the descriptive statistics. Taple -6
presents the sums of the ranks over all the coefficients. The statistics
for the dispersions of the estimates about the true values indicated the
Same ranking of the methods as was found in the individual estimates of
the structural coefficients. There wag not, however, complete agreement
among the coefficients as to the ranking of the methods. Much of this
was accounted for by disagreementg over the Standings of the full-model
methods relative to each other and of the consistent k-class estimators
relative to one another. There was, however, incomplete agreement among
the coefficients over the ranking of the methods into groups. It is to
be noted that in the rank-totals for the ninth decile and the largest
absolute deviationg of the estimates, DLS was placed with the consistent

k-class estimators.
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DLS was judged to be at least as good ag the full-model methods
and surpassed the consistent k-class estimators in the rankings of the
descriptive statisticsg of dispersion about the true values. There was not
full agreement among the coefficients as to the rankings of the estimators.
LIML, however, wag usually ranked ag the weakest of the methods.

No method had estimates with g sign different from that of the
Population value of a coefficient very often. The frequency of wrong signs
among the various methods agreed with the rankings of the methodg by dis-
bersion from the true values. The estimates which had the wrong sign were
usually estimates of the smaller coefficients,

The number of times the estimates came within twenty Percent of
the true values gave the rankings further stpport. The frequency with
which a method fell within twenty bercent of the true values varied con-
siderably between the separate coefficients estimated. The frequency with
which a method came within twenty bercent of the true value of a coefficient
relative to the frequency for another method dig not differ significantly
between the coefficients. The frequencies with which the methods fell

within forty percent of the true values showed the same pattern.

Most methods also had the worst estimates quite often. 28LS wasg remarkable
in never making the worst estimate, but it also seldom made the best estimate.
FIML and DLS both broduced the best estimates and the worst estimates more
frequently than 28LS and UBK. FIML wag the method which was most frequently

the best while DLS was most frequently the worst.
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Summarz. Investigation of the estimates of the structursl
coefficients of the basic experiment led to g number of findings. Biag
was not an important broblem for the consistent methodg though it was
for DLS. Only DLS biases were frequently found to be significantly
different from zero. The dispersions of the egtimates were quite large.
The differences in the relative rerformances of the methods were not very
great and sometimes differed for different coefficients. No method was
greatly better or worse than the other. It was possible to find g ranking
of the methods with the full-model methods first, the consistent k-class
estimators second ang DLS last, The ranking was found both for the
deviations of the individual estimates from the true values and for the
descriptive statistics of the dispersions of the estimates about the true
values. It did not Seem to be possible to choose between the estimators
in any one group. We may note that the ranking of the methods into three
groups is the one suggested by their asymptotic properties. Significant
differences in +the frequencies with which one method came closer to the
true valuyes than another were not found very often, but there Were sig-
nificant differences in the frequencies With which one methog surpassed
ancther in estimating some coefficients from those in estimating others.
The descriptive statistics of dispersion about the central tendencies of
the estimates ranked DLS with the full-model methods ahead of the con-

gistent k-class estimators.
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3. Standard Errors

Standard errors for all estimates of the structural coefficients
were calculated. They were computed either according to the formulae for
the asymptotic standarg deviations of the estimates or, in the case of DLS,
from the formulae for the standard errors in the single-equation model.
The usefulness of these standard errors for making inferences sbout the
variability of the estimates of the coefficients isg examined in this
section.

The standard errors tended to under-estimate the variability of
the estimates of the structural coefficients. The root-mean-square errors
of the estimates of the structural coefficients fell in the upper half
of the distributions of the standard errors for all the coefficients of
the basic model. There was some variability in the exact place the root-
mean-square errors fell, but for over two-thirds of the coefficients, they
fell in the highest quartile of the distributions of the standard errors
of the consistent methods. For DLS, the root-mean-square errors for
eight of the fifteen structural coefficients were greater than the largest
standard error of the estimates of the coefficients. All but one of the
other root-mean-square errors fell in the fourth quartiles of the distri-
bution of the DLS standard errors. For the standard deviations of the
estimates of the structural coefficients, the performances of DLS were
quite different. Two of the standard deviationsg fell in the second
quartiles; seven fell in the third quartiles and only six lay in the fourth

quartiles. The positions of the standard devistions of the other estimators
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were much the same as the rlaces of the root-mean-gquare errors, as one
might expect from the lack of pronounced blases in the estimates of the
coefficients.7o

We turn now to the usefulness of the standard errors for forming
confidence intervals for the estimates of the structural coefficients or
for testing hypotheses about the true values of the stractural coefficients.
The statistics examined here are the deviations of the estimates of the
structural coefficients from the true values divided by their standard
errors, called in this study the t-ratios.

The hypothesis that ninety-five percent of the‘t-ratios would
fall within the 95 percent confidence interval of the t-distribution was
tested using two different degrees Of.freedom for the distribution. The
first was the nunmber of observations minus the number of the coefficients
to be estimsted in each eqguation. The second was the number of observa-
tions minus the total number of coefficients to be estimated in the
structure. In the basic experiment these were fifteen and five degrees
of freedom respectively.,

The number of times the t-ratios fell outside the two intervals
is recorded in Table IV-7. About ten percent of the ratios for the con-
sistent methods fell outside the first interval and four to geven percent

of the ratios fell outside the second. TIn neither case could one reject

the structural coefficients. Thig would seem to indiecste a tendency for
the standard errors to understate the variability of the estimates of the
coefficients.
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TABLE IV-7

The Basic Experiment - Number of Times the t-Ratios Fell Outside

the 95% Confidence Intervals of the t-Distribution

Degrees of Freedom - 15

Coefficient DLS 28LS UBK LIML 38LS FIML
512 10% 4 L 4 3 5
71o T* 3 L L 3
715 11% 3 4 5 ¥
By 36% 5 5 5 1
7o1 Sk 5 6% L T* 6%
723 29 6% 5 6% 5 3
7a5 20% 8% 8% 9% 8% T#
727 3 Ly i 4 h 8%
632 Ll 6% 6% 5 5 5
y31 1h% 8% 8 5 9% 6%
733 T* 6% 5 6% 5 5
731, 5 4 h i 2

- *
736 6% 6% 6% 5

Totals 215 78 76 72 77 74

Percent of 29 10 10 10 10 10

" t-ratios
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TABLE IV=7 (Cont.)

The Basic Experiment - Number of Times the t-Ratios Fell Outside
the 954 Confidence Intervals of the t-Distribution

*%
Degrees of Freedom - 5

Coefficient DLS 2318 UBK LIML 38LS FIML
Py 1 6% 2 2 1 2 2
613 3 3 3 3 2 3
111 ¥ 3 2 2 2 0
T 3 3 3 3 3 1
Y15 7% 3 3 3 3 3
621 31% 3 3 2 1 1
o1 2hx -3 3 2 2 0
753 18% 3 3 3 3 2
795 16% 6% 6% 5 4 2
Yo 2 2 2 - 2 i L
632 11% N 4 3 5 2
701 9% 5 4 b L 1
733 T L i b L 3
73 2 2 2 0 3
736 3 3 3 1 2

Totals 149 49 Ly 42 4o 29

Percent of

t-ratios 20 7 6 6 5 L4

* Significantly higher than 5% of the t-ratios at the .05 level.

*¥%¥ This is the number of observations minus the total number of coefficients
to be estimated in the basic experiment.

***¥This is the number of observations minus the number of coefficients to be
estimated in each structural equation of the basic experiment.
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for many of the coefficients the hypothesis that not more than five percent
of the ratios would fall outside the interval. However, the hypothesis
could be rejected more frequently when fifteen degrees of freedom were
used than when five were used. More of the DLS ratios fell outside the
intervals and for both intervals the hypothesis was frequently rejected.
The hypothesis that 95 percent of the t-ratios would be less than two in
absolute value fared Poorly and could frequently be rejected for the con-
Sistent methods as well as for DLS.,‘71

If the t-distribution with five degrees of freedom were the
distribution of the t-ratios, about 92 bercent of the t-ratios would fall
within the 95 bercent confidence interval of the t-distribution with
fifteen degrees of freedom. About 89 bercent of the ratios would be less
than two. While the bercentages of +the ratios falling in the three ranges
tended ﬁo be slightly smaller than suggested by the hypothesis, one could
have rejected it for very few of the structural coefficients as estimated
by the consistent methods using any one of the three ranges.

Before concluding that the t-ratios follow the t-distribution
with five degrees of freedom, it should be remembered that the standard
errors were not adjusted for degreesg of freedom,72 We might have adjusted
them for the number of coefficients to be estimated in each eguation.

If the t-ratios thus adjusted had followed the‘t-distribution with fifteen

TlIn testing hypotheses about the number of t-ratios falling in given
intervals, the Poisson approximation to the binomial distribution was
used and judgement wag based on the .05 significance level. One-tailed
tests were used.

720f. Chapter II, Section 2.
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degrees of freedom, about 81X, eleven ang fifteen percent of the ratios
actually used would.have been expected +o fall outside the three ranges
eéxamined. These Percentages are slightly higher than thoge found for
most coefficients as estimated by the consistent methods. The hypothesisg
that the adjusted ratios followed the suggested distribution would have
been rejected seldom. - Such adjustments would not have led to the DLS

standard errors being relisble.

Summary. The standard errors of each of the methods tended to
understate the dispersions of the estimates about the true values.
There were indications that the DLS standard errors gave fairly
vadequate measures of the dispersions of the estimates gbout the
(biased) central tendencies. The standarg errors of the consistent
methods would have been reliable for making inferences about the
dispersions of the estimates if adjustment for degrees of freedom
had first been made or if inferences were based on the hypothesis
that the t-ratios followed the t-distribution witn degrees of
freedom equal +o the number of‘observations minus the total number
of coefficients to be estimated in the structure. There did not
seem to be any important differences between the consistent methods

in the reliability of their standard errors.

L, Estimates of the Variance—Covariance Matrix of Disturbances

The variance-covariance matrices of the structural residuals

calculated for g1l the estimators in the replications of the basic experiment




100

showed several interesting features. It may be noted that in analyzing

the residuals, both the variances and the covariances were given equal
treatment as estimates of parameters of the structure. Tt should also

be noted that the variance-covariance matrices were not adjusted for
degrees of freedom and that their elements are analyzed ag being estimates
of the (expected) variance~covariance matrix of the structural dlsturbances,
Z.

The first part of Table IV-8 shows the biases of the medians of
the estimates of the elements of 3, A1l were significantly biased towards
zero at the .05 level, The averages of the estimates were also biasged
towards zero. The sign test and the Wilcoxon matched-palrs signed-ranks
test both found that the central tendencies of the distributions of the
estimates of any one method for most of the elements of I were sig-
nificantly different from those for the other methods.

The rankings of the estimates by their absolute deviations from

the true values followed the ranking of the estimates to be found in the

of the dispersions of the estimates about the true values. In pairwise
comparisons of the methods, the differences in the number of times one
method came closer to the true values of ¥ than another method were
frequently found to be significant. TIn no case was a method which placed
better than another in the totals of the ranks for all the estimates of
the elements of » found to bhe significantly boorer than the other one

in the pairwise comparisons. The frequencies with which one method beat
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TABLE IvV-8

The Basic Experiment - Estimates of the Elements of &

Biases of the Mediang¥*

Element Value DLS 2SL8 UBK LIML 38LS FIML
o7 35.24 ~15,36 ~13.27 -12.92 -12.84 ~10.20 -9.05
05 - 3k.18 -20.26 -13.38 -12.89 -12.8%4 -10771 ~7.1h
9 3 31.12 -15.76 -12.0k ~11.74 -11.50 - §.78 -5.75
055 36.68 -17.70 -13.16 -12,56 -10.85 -11.23 -8.12
%53 29.84 -16.8L4 -10.67 -10.26 - 9.11 -~ 6.92 -5.78
O Lo.eL -14,28 -12, 47 -12.26 -11.45 -10.62 -9.05

Rankings 36 30 24 17 13 6

Ranking - Totals of Estimates by Deviatiors from the True Values

Element DLS 28LS UsK LIML 38L8  FIML  Kendall's w'™
9, 255 204 156 156 15k 123 252
1 297 211 171 141 135 95 .579
o3 272 215 1y 159 123 103 L1435
s 279 213 169 132 14y 113 433
%3 273 221 18 160 S1ih 1o . 488
033 255 205 171 148 1k9 122 264

Totals 1631 1269 1028 896 819 657 <392

Rarkings 36 30 24 16 1k 6 975

Inter-guartile Rang§§

Element Valye DLS 28LS UBK LIiML 3SLS FIML
%1 35.24 10.77 14,68 15.14 1h.71 12.87 13.85
s 34.48 5.53 12.97 13.70 16.96 12.92 14.18
013 31.12 9.27 12.29 12.48 11.38 12.64 14.91
95p 36.68 -9.55 15.57 16. k7 18.99 12.60 15.59
9ns 29,84 8.2k 13.63 14.20 14,06 1k.10 15.14
033' 4o.64 14.13 16.67 16.86 16.97 17.70 18.85

. Rankings 6 17 27 26 20 30

*  All median bilases are sighificantly different from zero at the .05 level.
*#¥%  All values of W are significantly differert from zero at the .01 level.
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another did vary significantly among the different elements estimated.
The ranking of the estimators suggested by the deviations from the true

values was:

1) FIMIL
2) 3SILS
3) LIML
4) uBk
5) 28SLS
6) DLS

There was not as pronounced g tendency for methods to group together in
the rank-totals as was found for the structural coefficients snd reversals
of order in the rankings of the individual estimates from the over-all
ranking occurred less frequently. The ranking seemed to be slightly
stronger for the covariances than for the variances in that it was found
more often in the rankings of the individual estimates.

The descriptive statistics of dispersion about the central ten-
dencies of the distributions of the estimates showed g ranking which was
somewhat different from that for the dispersions of the estimates sbout
the true values. The thirg part of Table IV-8 shows the inter-quartile
ranges of the estimates and the totals of the ranks of the inter-quartile
ranges of the estimates of each element of . . For the other statistics
also DLS ranked as the best method and PIML ten&ed fq do most poorly.

Had we adjusted the variance-covariance matrices for degrees
of freedom before analyzing them, the biases of‘the estimates would have
been smaller but would usually have been negative except for the full-
model methods which would have been almost unbiased. The adjustment

would have upset the rankings by the deviations from the true values at
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least to the extent that the full-model methods would have lost much of

their superiority over the single-equation methods.

Summary. A clear-cut ranking of the methods in estimating the
elements of X was established. Thig ranking was based more on the
tiase s ofvthe methods than on the variability of their estimates. Tt
could have been upset by adjusting the estimates for "lost degrees
of freedom", an adjustment which would usually have improved the
estimates. There were not bronounced differences in the estimates
of thervariances from those of the covariances of the residuals,
but there were significant differences among the elements for the
frequency with which one method came éloser to the true values than

another one.

5. Estimates of the Reduced-Form Coefficients

Another method, LSRF, was introduced into the experiments for
éstimating the reduced form. LSRF is the best linear unbiased estimator
of the reduced-form coefficients when no account is taken of the a priori
restrictions placed on the reduced form by the form of the structural
equations. It is also the maximum-likelihood estimator if these restric-
tions are ignored. Comparisons of the other estimators with LSRF will
indicate whether one can gain by taking the a Priori information into
account by using the other estimators even though their use is less firmly

Justified in other respects.

“a
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Bias. Table IV-9 shows the biases of the medians of the estimates
of the reduced-form coefficients. By and large the biases are small., The
biases of LSRF were usually larger than those of the other methods Only
for DLS were the biages found frequentiy to be significantly different
from zero., The biases of the averages of the estimates were quite similar
to those of the medians. Quite frequently the differences in the central
tendencies of two methods were found to be S1gn1fwcant However, this did
not ocecur very often for the comparisons of LSRR with the other consistent
methods so one cannot safely conclude that the biases of other methods

were usually 81gn1f1cantly smaller than those of the unbiased LSRF.

Dispersions. Tables IV-10 and IV-11 show the inter-quartile
ranges and the ninth-decile absolute deviations from the true values of
the estimates of the reduced-form coefficients. The dispersions can
hardly be Judged to be small, but the LSRF dispetsions were usually larger

than those of other methods.

Relative Performances--Rankings of the Estimators. Table TV- 12

records the totals of the ranks for the absolute deviations from the true
values of the estimates of each reduced-form coefficient. As with the
structural coefficients, the rank-totals for the estimators were fairly
close to each other. Kendall's W was .147 for the sums of the ranks of
all the estimates. It varied from .018 to 417 for the rank-totals of
the estimates of the separate coefficients. For' five coefficients

Kendall's W was not significantly different from zero at the 05 level.
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TABLE 1V-9
The Basic Experiment - Biases of the Medians of the Estimates
of the Reduced-Form Coefficients

True
Values DLS 2518 UBK LIML 38LS FIML LSRF
219.40 -2h.372%  _ly, 70 -3.980 -2.396  -3.778 . .L66 -3. 407
1.50 .280% .089 078 .06k . 0L0% . 001 .053
1.50 -132% - .018 - ,o025 028 . 002 .011 .017
O -000 . 005 . 006 .005 .000 . 003 .095
2.08 . 062 . 008 004 00k - 017 - . 017 .015
.18 - .035 .022 021 026 - ,005 .008 . 067
211 .08 . 007 .005 .00k 002 - 00k - 065
180. 47 -23.790% -2.781  -2.091 ~1.291 -2.24)4 1.472 -2.005
.81 .264x% . 075 . 060 .043 . OLox* .002 .033
1.51 .089% - 013 - 017 - .019 - .00k - .01k - .01k4
.02 .001 . 003 004 . 003 . 000 .002 077
2.08 . 064 011 . 008 006 - Lo14 - .013 .011
.10 - .010 .010 . 009 . 007 . 000 . 002 .048
.12 .039 .009 .007 006 .00k - 005 - .050
92.34 -15.3kk% _3.560 Lo 881 -2.319  -1.957  -1.813 ~3.159
.23 J116% .014 .008 - .00k .009 - ,002 .036
.97 -025% - 012 . 013 - .01k - 001 - .003 - .006
.12 .016% .008 .CO7 . 005 .008 .003 .036
.60 .093% »013 .008 - 005 001 - .00k .002
.59 .036% .029 .028 . 023 016 .019 oLk
.04 .016% .001 . 000 000 - .001 - .o02 - .039
Rankings 120 100 85 70 52 Lo 104

* Significantly different from zero at the

.05 level.



.. 106

TABLE IV-10

The Basic Experiment - Inter-Quartile Ranges of the Estimates

of the Reduced-Form Coefficients

True ‘
Values DLS 28L8 UBK LIML 38LS FIML LSRF
219.395 49,969 52.019 52.430 51.753 46.563 L9, 026 77575
1.497 .228 246 .251 264 .190 .190 .307
1.497 .193 220 .222 «256 «239 .302 232
.036 056 .050 .050 . 045 .023 021 .312
2.081 .508 504 .503 .Lgs . 489 476 U457
.181 244 .199 .193 .194 .103 .073 .398
11k .122 .133 134 .136 .051 . 052 .335
180. 47k 36.808 37.336 37.379 37.294 33.827 37.737 60.170
.808 .173 .184 .187 .197 .152 17 .2LL
1.509 162 -180 -181 .213 «192 227 .186
.019 .034 .031 .030 .029 .013 .012 . 267
2,084 .399 .379 «378 .371 +380 .365 343
.098 .152 .123 126 L1229 .059 045 .289
.121 121 L1hh 146 <148 .05k .057 .268
92.337 22,265 23.739 23.686 25.015 23.122 21.h62 35.915
234 . 079 .091 .092 .09 . 065 .058 -168
.968 .102 .099 .098 =099 »105 <143 .107
.116 L072 .084 .085 .086 033 .039 .136
604 .188 <196 .198 2200 .19k .20k 227
.588 .099 .107 .109 .107 . 072 . 067 .167
.035 .035 .0ohs5 . 045 . Ok5 .01k 011 .155
Totals of the
ranks for each
coefficient 76 87 92 98 52 55 128
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TABLE
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- Ninth-Decile Absolute Deviations of the Estimates

True
Values

219.395
1.497
1.497

.036
2,081
.181
J114

180. 47k
.808
1.509
.019
2.084
.098
121

92.337
234
.968
.116
.60k
.588
.035

DLS

67.077
T2
.358
.06k
.563
245
146

53.617
i
265
.036
<427
C1hh
. 149

36.139
<17k
<145
.088
.281

159
.okg

Totals of the
ranks for each

coefficient

111

of the Reduced-Form Coefficients

28LS

55.118
426
.309
-053
.598
. 265
«137

h2.1h1
345
.229
.031
57
.156
.1hs

29.614
.116
.128
.098
2Lk
MRt
.0kg

86

29.
.119
.129
.098
L2543
L1h41
.0khg

- UBK

5k,
-419
.31k
.C53
601
270
<140

L2

2.526
<337
.234
.031
2457
.158
<147

201

91

LIMI,

56.757
401
.318
.052
607
259
.1h2

45,779
.322
.238
.031
Lh57
<1k7
.150

7.105
122
.128
-100
2k
.138
.0k9

92

38LS

by 362

«255
.286
020
.52k
.101
.088

34.955

25.

.20k
.219
L0114
21
. 060
.C92

443
.088
.120
064
231
. 096
.030

36

39.
179
.306
.02k
548
. 094
.069

32

23.
077
134
062
222
082
. 026

FIML

059

.176
.155
.236
.013
436
.051
071

481

33

LSKF

80.731
.532
-333
. 439
579
.520
395

6h.547
Lo
255
-335
465
19
2311

37.147
.230
.140
.198
-279
271
.185

139
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TABLE IV-12

The Basic Experiment - Rankings of the Estimates of the Reduced-Faoym

Coefficients by Absolute Deviations from the Tryue Values

Coefficient  DLS 28LS UBK LIML 38LS FIML LSRF  Kendall's W
4 228 200 197 196 149 166 264 124k
o 293 216 195 194 134 130 238 . 281%*
T s 246 184 176 190 183 211 210 .051%
T, 207 204 205 193 132 123 336 AL 7E
s 217 207 200 205 177 182 212 .019
T 228 215 217 197 132 118 293 . 30L%#
o 239 207 203 204 117 119 311 . 391 %%
oy 2h3 195 193 194 153 161 261 135
oo 303 215 19k 193 137 129 229 297
s 229 179 181 196 187 216 212 .032
o), 217 205 201 190 126 119 342 Lp6xx
o5 221 206 204 204 175 176 214 . 027
Tog 235 211 209 189 131 122 303 . 329%x
T 236 215 209 208 126 - 116 290 .319%%
ﬁ3l 236 205 200 209 153 160 237 2 09k
Tap 303 191 173 176 134 134 289 - LOO*x
33 218 184 187 200 186 21k 211 .018
ol 216 197 194 197 139 165 292 . 196%%
n35 235 189 188 20k 184 194 206 026
a6 227 218 208 191 150 146 260 o LL6%x
n37 243 208 201 207 122 110 309 « LOO*%

Totals 5020 hosy 4135 4137 3127 3211 5519 b7

Totals of ranks
of each line of

table 135 89.5 70.5 77 3k4.5 4.5 135 < T55%%

* Significantly different from zero at the .05 level.

*¥ Significantly different from zero at the .0l level.
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28LS
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38LS
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25LS
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LIML
38LS
FIML
LSRF

DLS

28LS
UBK

LIML
38LS
FIMIL
LSRF
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TABLE IV-13

The Basic Experiment - Pairwise Comparisons of the Estimators

for the Reduced-Form Coefficients

Significant Differences - Sign Test*

DLS 28LS UBK LIML 38LS FIML LSRF
- 0 0 0 0. 0 9

7 - 0 0 0 0 12
7 . 0 - 0 0 0 13
5 0 0 - 0 e 14
16 1k 15 14 - 0 15
13 11 12 12 1 - Ih
3 0 0 0 0 0 -

*-x
Significant Differences - Wilcoxon Test

- 0 0 0 0 0 10

4 - 0 0 0 1 15-
o 0 - 0 0 1 15
4 2 2 - 0 0 16
16 15 15 15 - 1 15
15 15 15 15 2 - 15
2 0 0 0 0 0 -

Number of Times Closer to the True Values

- 382 386 393 263 287 619
668 - 495 72 333 378 753
66k 555 e 532 329 373 762
657 578 518 -—- 335 363 762
787 717 721 715 -—- 493 790
763 672 677 687 557 783
431 297 288 288 260 267 -

Each row records the number of coefficients for which the sign test
found the method to have significantly smaller dispersions about the
true values than each of the other methods at the .05 level.

Table entries as in the first part of the table except that the
Wilcoxon signed-ranks matched bairs test was used.

Each row records the number of times the method came closer to the
true values than each other method in all the estimates of all the
coefficients.
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TABLE IV-1k

The Basic Experiment - Rankings of the Descriptive Statistics of Dispersions

*
of the Estimates of the Reduced-Form Coefficients

Statistic DLS  28L8 UBK LIML 38LS FIML LSRF Kendall's W
Standard

Deviations 71 87 103 104 Lo 36 147 LT2L%%
Inter-quartile

Ranges 76 87 92 98 52 55 128 . 335%%
80% Ranges 78 91 103 97 38 37 14k . 092
Ranges 75 93 107 93 Lo 33 1h7 S TH1%%
Root Mean

Square Error 125 T4 92 86 38 31 1h2 . 821%%
Median Absolute

Deviations 11k 83 79 88 L7 54 123 .383%%
3rd Quartile

Absolute

Deviations 125 83 68 78 50 L7 137 « 592%%
9th Decile

Absolute

Deviations 111 86 91 92 36 33 139 STLL*¥%
Largest

Absolute

Deviations 103 80 93 92 - 32 L1 1h7 LT 32%*
* Table entries are the totals of the ranks of the descriptive statistics

of the individual reduced-form coefficients.

*%* Significant at the .01 level.
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The ranks of the rank-totals for the separate coefficients showed quite
high agreement. Kendall's W was .76 for the sums of these ranks over

all the coefficients.

An over-all ranking of the methods into three groups was suggested
by the rank-totals of the individual estimates. TIn the first group were
38LS and FIML with 3SLS slightly the better. In the second group fell
UBK, LIML and 2SLS. The last group held DLS and LSRF with DLS seeming to
be slightly better than LSRF.

The descriptive statistics of dispersion of the estimates about

the true values showed the same ranking of the estimators into three groups
as did the separate estimates. Table IV-1L4 presents the totals cof the
ranks for the descriptive statistics of the reduced-form coefficients.
Reveréals of order in the rankings for the individual coefficients from
that suggested by the totals for all coefficients weré not entirely con-
fined to methods which were grouped together in the rankings. FIML and
35LS were not always the best; DLS and LSRF were not always the poorest
methods. Tt is interesting that LSRF had tﬁe largest absolute deviations
from the true values of all the methods for each of the coefficients.
The numbers of times the estimates had the wrong signs and the numbers of
‘times they came within twenty or forty percent of the true values showed
the same rankings of the methods into groups as had the other descriptive
statistics.

The rankings‘bf the descriptive statistics of dispersion about
the central tendencies of the estimates placed DLS between the fﬁll-model
methods and the other.k-class estimators. Otherwise, the rankings of the

methods were the same as found for the dispersions about the true values.
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For the reduced-form coefficients as for the structural co-
efficients, FIML was the method which made the best estimate most frequently.
LSRF made the worst estimates most often with DLS making them the second
most frequently. FIML, DLS and LSRF amde both the best and the worst
estimates more frequently than did the consistent k-class estimators.

28LS made the worst estimate only once.

Relative Performancesf-Pairwise Comparisons. Table Iv-13

summarizes the findings of the pairwise comparisons of the estimators by
their deviations from the true values of the reduced-form coefficients.
Only in the comparisons of the full-model methods with the k-class
estimators and of LSRF with the other methods were significant differences
between the estimators found for many coefficients. As in the structural
coefficients, it was found that the frequency with which any one method
came closer to the true values than another varied significantly among

the coefficients estimated.

The third part of Table IV-13 shows the number of times one
method came closer to the true values than each other method in all the
estimates of the reduced-form coefficients. FIML was closer to the true
values more often than 3SLS even though 38LS slightly surpassed FIML in
the rank-totals of the estimates. Otherwise the table indicates the
same relative standings of the methods as did the rank-totals for all

the separate estimates. 1In Particular, DLS was slightly better than ILSRF.

Summary. Bias was not a serious Problem for the consistent

methods in estimating the reduced-form coefficients. A ranking
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of the methods into three groups was suggested which followed the
ranking of the methods based on their asymptotic Properties. LSRF
was apt to be ranked as the poorest method. There seemed to be a
definite gain from taking into account the restrictions on the
reduced—form,implied by the form of the stfuctural equations. This

was true, though not very clearly, even for DLS.

6. Predictions of the Endogenous Variables

Three predictions of each endogenous variable were made for ob-
servations not used in estimating the structure in each replication. These
bredictions were compared with the values of the endogenous varisbles for
the observations before the disturbances were added to the endogenous

variables.

Descriptive Statigtics. Table IV-15 shows Some of the descrip-

tive statistics of the distributions of the predictions. The biases were

very small and were very rarely significant. The dispersions also were
small. The inter-quartile ranges of the predictions averaged less than

Tive percent of the predicted values for each method.

Relative Performances. Table IV-16 records the rank-totals of

the predicted values from the true ones for each of the values predicted
and the rank-totals for the descriptive statistics of the distributions

of the predictions. As was found for the reduced-form coefficients,the
rank-totals of the estimates of the methods were all fairly close together.

For the totals of the ranks for all predictions over all replications of
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The Basic Experiment - Descriptive Statistics for the Predictions
Biases of the Mediansg
Variable BLS 2SLS UBK LIML SLS FIMI, LSRF
V1, o1 -.006  -.005 -.005 - 00k - 00k 000 -,004
Yo, pe1 ~-009 -.005 ~.003 2002 -, 002 . 000 -, 002
V3, mel -.021%  -,006 ~-.005 ~.002 -,002 .001 -.003
V1,442 -OL3%  -.003  -.00k  -,006 .005 006 .00
Vo, muo .018%  -,002 -.003 -, 006 006 . 006 -, 008
V3, T2 -.005 -.003 -.002 -.002 .000 .003 -, 011
V1,73 -.003 . 001 .001 001 -.002 -.001 Nexhl
Yo 143 -.001 .000 . 000 .00C -.002 . 000 . OLO%
V3 143 - 006 - 005 .005 .00k 000 .001 L OLO%
Inter-Quartile Ranges
Vi 11 .029 .029 .029 .030 ,032 031 LOLD
Yo, 41 - 029 028 .028 .029 029 029 .039
V3, Tl .026 .028 .028 028 .03k 030 Lol
V1,0 - 06k .053 .053 .059 049 .051 . 052
Vom0 . 065 . 065 .06k . 063 050 .052 .052
V3,142 - 055 -051 -051 -050 049 . 049 .70
V1,143 .018 . 020 . 020 . 020 L015 015 . Oh5
Vo 143 .016 .017 .018 .Q18 012 .013 043
Y3, 143 -018 -019 .019 .018 .016 .019 L, 044
Ninth-Decile Absolute Deviationsg

V1,1 -053 .052 <052 052 045 043 OB
Y2, m1 051 . 048 048 .0L6 .0kl . 040 256
V3, T4l 057 .053 052 051 . O47 .0k7 061
yl,T+2 . 081 o072 072 072 LO6L .05k L 083
Vo mup - 08k 072 071 071 062 .056 .083
V3, mio - 065 .066 . 066 .066 .066 062 . 094
V1,743 .025 .02k Nyt .023 021 L034 .0k6
V2,743 - 020 .023 .023 .023 .021 .023 Rouin
T3, 143 -023 024 024 .02 .018 020 . 047

* Significantly different from zero at the .05 level.
*¥ Table entries are the descriptive statistics of the distyibuticns of
the predicted values divided by the true values of the variables predicted.
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- BRankings of the Estimators for the Predictiors

Ranking - Totals of the Individual Estimate

g8 by Deviations

Variable DLS 258LS

Y1 e 195 206
Vo T4l 217 208
V3, el 256 189
Y1 2 222 201
Vo,m2  2RT 198
v T2 197 184
yl,T~3 194 192
V2,143 184 195
Y3, 143 207 205

Totals 1899 1768

Rark ~ totals for
ranks of each

line kg 37.

Rank -

from the True Valiues

UERK
209
204
176
203
195

5 37.5

I.IMT,
206
203
188

215

216

230

=86

194

183

ko

19

Totals for the Degcrirtive Statistics

Statistic DLS 28LS

Standard

Deviation 33 37
Inter-guartile

Ranges 39 35
80% Ranges 33 34
Ranges 30 37
Root mean square

Error 39 38
Median Absolute
Deviation L2 L1
3rd Quartile Absolute
Deviation 33 Lo
9th Decile Absclute
Deviation 43 41
Largest Absolute
Deviation 40O 35

UBK

L3

41
3&
35
38

38

LIML

53
33
52
31
k7

38LS

20

29

12

* Significartly different from zerc at the .

**  Bignificantly different from zero at

FIMI,

15
30
12
17

13
20
20
17

17

05 level.
the .01 level.

LSRFE

63

5
€3
63

63

Kendall's w

. 052%
.055%
» OB1%x%
.036
.03k

» 092%%
184
«164%%
. 161%%

.067

. 721%%

Kendall's w

L TET7H%
. 580%*
2 D51¥¥
<61o%x

2797
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the experiment, Kéndall}s W was only .067. The value of W for several
of ‘the values predicted was not significantly different from zero at the
.01l level.

The ranking of the methods into three groups which was established
for the reduced-form coefficients was found for the predictions with only
one major exception. DLS tended to be ranked only slightly worse than
the consistent k-class methods and might better be grouped with them than
with LSRF. There was not complete agreement ovér the rankings either
among the individual estimates, or among the ranks of the rank-totals for
the separate values Predicted, or among the ranks of the descriptive
statistics for the individual values. In the rankings of the methods by
the descriptive statistics of dispersion about the central tendencies
of the predictions, DLS was apt to be placed ahead of the other k-class
estimators.

Significant differences between the estimators occurred falrly
infrequently in the pairwise comparisons of the predictions by their
deviations from the true values. Only in the comparisons of LSRF with
the other methods were significant differences found for a majority of

the predicted values by either the sign test or the Wilcoxon test.

Summary. The performances of the estimators in making predictions
were similar to their performances in estimating the reduced-form
coefficients. However, DLS seemed to be slightly better at pre-
diction than at estimation of the reduced form. The dispersions
of the estimates were small and all methods seemed to be fairly

accurate predictors.
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7. The Findings of the Basic Experiment

Several important conclusions are suggested by the results of the

basic experiment:

1.

2.

Bias is not a Serious problem for the consistent estimators.
The differences in the performances of the methods are not
very pronounced.

The exact frequencies with which one method surpasses
another differs among the coefficients of a structure.

The results suggest an over-all ranking of the methods by
their dispersions from the true values. This ranking
pPlaces the methods in three groups: the full-model methods,
the consistent k-class estimators and the other methods.,
This follows the asymptotic ranking of the methods.

DLS had almost as small dispersions about its central
tendencies as had the full-model methods about theirs

and surpassed the other methods according to this

criterion.

The standard errors of the consistent methods were reliabie
for making inferences if they were adjusted for degrees of
freedom or if they were supposed to follow the t-distribu-
tion with a small number of degrees of freedomn.

The elements of the variance-covariance matricesg of residuals
tended to underestimate the elements of the variance-

covariance metrices of the struetural disturbances.

(7

it
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These findings are based on the results of only one experiment.
In the next chapter we investigate whether they will be found in the

results of other experiments which also use data generated in conformance

to the model (1.1)-(1.6).
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CHAPTER V

The Estimators in the Standard Model

1. Introduction

A fairly large proportion of the Monte Carlo experiments re-
Ported in thig study used datg generated in conformance with the Cowles~
Commission model (1.1)-(1.6). These experiments investigated the per-
formances of the methods of estimating systems of linear, simultaneous
equations for g variety of specific models which met the assumptions of
the model. The findings of these experiments are Dresented in thig

chapter and the next one.

basic experiment in that the results of other experiments agre compared
with those of the basic experiment. The discussion of each experiment
is much shorter than that of the basic experiment. This is not because

the experiments were analyzed less fully. Esach experiment wag analyzed
Separately in the same way as the basic experiment, but the results are
bresented only if they differ substantially from those of the basic

experiment or are of éspecial interest.

2. Different Disturbance Sets

The second and thirg experiments used two sets of disturbances
not émployed in the basic experiment. Different sets of disturbances

were obtained by Specifying different numbers with which to begin the




on the sets of disturbances uged. In particular, they investigated
whether the disturbances of the basic experiment were such that the
results of that experiment were g misleading representation of the per-
formances of the methods in estimating the structure. Thege experiments
also served to triple the size of the sample of estimates of the basic
structure, allowing more sharpness in the investigations of the distribu-
tions of the estimates.7h

There was substantial agreement among the results of the
experiments about the ranking of the methods by their dispersions about

the true values of the parameters being estimated. Thig was true for

73The generation of the disturbances and the pseudo-random-number
generator are described in Appendix A. Program-parameter 14 specified
the set of disturbances to be used in an experiment in the sense of

the starting boint for the Sequence of random numbers used. Different
sets were obtaineq by setting the brogram-parameter equal to 0, 1, or 2.
7LLThe three experiments were analyzed separately in full. The combined
estimates of the three experiments were given only partial analysis.
This was done for three reasons. First, a full, combined analysis would
have required substantial amounts of additional brogramming. Second,
many of the experiments reported on later in this study used data which

had been combined before they were analyzed. Third, since other experi-
ments are related closely to the basic experiment, it was important to
have an analysis for the fifty sets of estimates in that experiment
alone. Having obtained this, it was easier to analyze the other experi-
ments separately and then compare the results.
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each of the types of parameters examined. With only a very few exceptions,
the reversals in the order of the methods in one experiment from that
suggested by the totals of the ranks for all the experiments were between
methods which had been grouped together in the results of the bagic
experiment and not between methods of different groups. This was true
for the over-all rankings of the methodsg suggested in each experiment
by the ranks of the absolute deviations of the estimates from the true
values. It also held for the rankings based on the descriptive statistics
of the distributions of the estimates. There was also close agreement
among the experiments for the rankings of the methods into groups by
their dispersions about the central tendencies of the estimates. Thig
was especially true if DLS was grouped with the full-model methods.

Rankings of the methods for several of the statistics used to
analyze the experiments are shown in Table V-1. The sums of the ranks
over the parameters for the statistics in each experiment were totallegd
over the three experiments. The rankings of the totals appear in the
table. The values of Kendall's W for the totals of the ranks for the
statistice of the individual parameters in the three experiments gre
also presented in the table. The totals over the Parameters of the
ranks in each experiment were themselves ranked. Kendall's W for the
totals of these ranks over the three experiments is shown in the last
column of the table. The first three lines of the A-set of tables in
Appendix C show more fully the results of the experiments.

The hypothesis that the distributions of the estimates in the

three experiments were the same was tested in two ways. First, the
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distributions of the estimates of each parameter of each method in the
three experiments were compared. The Komolgorov—Smirnov75 test could
very rarely reject the hypothesis that the distributions were the same
in the different experiments. Second, the frequencies with which each
method came closer to the true values than each of the other methods
were examined. The frequencies for each pair of methods in estimating
each parameter in the experiments were compared. The X2 test could
reject very infrequently the hypothesis that the frequencies did not
differ among the experiments. On the basis of the results of these
tests, and the substantisl agreement among the experimerts as to the
rankings of the methods, we conclude that the estimates of the bagic
experiment were not an atypical sample of estimatgs of the hasgic
structure.

The figures in Appendix E bresent the cumlative distributions
of the estimates made in the three experiments. The cumlative distribu-
tions provided confirmation of our conclusion that the methods fall
into three distinct grours whase performances are substantially different
while differences between members of any one group are much less pro-
nounced. So alose were the consistent k-class estimators to each other
that it was usually impossible to plot the three distributions in such
a way that they could be distinguished from each other. The same was

true for the full-model methods.

75This test is described in Sidney Siegel, Nonparametric Statistics for
the Behavioral Sciences, (New York: McGraw-Hill, 1956), pp. 127-136.
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Comparisons of the cumulative distributions tend to over-emphasize »
the differerices between the groups of methods. In forming the cumulative
distributions, the relationships between the estimates of the methods
in the separate replications were broken. The estimates falling at
any given percentile of the cumilative digtributions of different methods
were not usually made in the same replication. The differerces in the
performances of the methods as suggested by the aumber of times each method
was closer tc the trge values than each of the Others were much smaller
than might be suggested by the seemingly clesr-ant differences shown by
many of the cumulative distribubiors.

One conclusion drawn from the results of the basic experiment
has to be altereqd slightly. This is the conclusion that g clear-cit
ranking for the estimates of the elements of X could be made. TIn the
other two experiments there was g slightly higher ceeurrence of reversals
of order of the methods from the over-all ranking for some of the
statistics for the elements of 3. Thege reversals of order occurred
largely among methodg whoge performances could te grguped together in
estimating other Parameters. The cumulative distributions of the estimates
also indicated that the estimates of » by the different methods could
be grouped as were the estimates of the other barameters, though the
grouping together of the methods was not as Pronounced ag for the estimates
of other parsmeters.

The combined estimates of the three experiments allow us to

study the Performences of the standard errcrs more closely. The number
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of times the t-ratios76 fell outside the three intervals examined 1s shown
in Table V-2. The hypothesis that confidence intervals based on the t-
distribution with five degrees of freedom are reliable fared better than
the hypothesis that fifteen is the appropriate number of degrees of
freedom for the t-distribution. The former hypothesis could be rejected
for none of the t-ratios of the consistent methods at the .01 level.

The latter hypothesis was rejected for a few coefficients. The per-
centages of the t-ratios falling outside the intervals were closer to
those to be expected under the hypothesis that the appropriate degrees

of freedom is the number of observations minus the total number of
coefficients to be estimated than to those expected under the other
hypothesis. The t-ratios of the consistent methods fell outside the
intervals less frequently then would be expected if the t-ratios,
adjusted for degrees of freedom, followed the t-distribution with degrees
of freedom equal to the number of observations minus the number of
coefficients to be estimated in each equation. The numbers of times

they fell outside the intervals were not, however, significantly smaller.
The DLS t-ratios usually fell outside the intervals significantly more

often than would be expected under any one of the hypotheses.

Summary. The experiments which used other disturbance sets
had the same results as the basic experiment. Comparisons of
the three experiments indicated that the sample of estimates of

the basic experiment was not an unrepresentative one,

76,

The t-ratios are the deviations of the estimates from the true values
divided by their standard errors.
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TABLE V-1

Ranking of Methods, First Three Experiments

Kendall*s Kendall'sg
W for W for

2 L 3 F 1, Estimates Totalg of
D s UI s T 8 of Sepa- Separate
. L L B M I M R rate Co- Experiments
Aspect Measure S 8 XKL S L F efficients
Structural Standard Deviation L 5 ¢ 3 .80 .90
Coefficients Interquartile Range 1 L g 5 3 L6 .87
Root Mean Square
Error 6 3 4 5 1 » .81 .98
Median Absolute _
Deviation 6 4L 5 3 1 » .60 .87
Largest Deviation 3 k56 1 2 .52 .93
Number in 20% of
True Value 6 3 4 5 2o 1 .95
Rankings of all '
Estimates 6 4 3 5 1 » .13 .91
Ranking or rank-
totals of each
Coefficient
Estimated 6 5 3 4 1 2 .78 .86
Residual Standard Deviation 1 2 3 4 5 ¢ .78 . 1.00
Variance- .
Covariance Interquartile Range 1 2 5 3 6 .59 .86
Root Mean Sguare
Error 6 5 4 3 1 .65 .92
Median Absolute
Deviation 6 5 4 3 2 .80 1.00
Largest Deviation 5 3 1 L4 2 ¢ .12 .38
Number in 20% of _
True Value 6 4 5 3 o 4 .90
Rankings of all
Estimates 6 5.4 3 2 1 .35 1.00

Rankings of rank-

totals of each

Variance-Covariance

Element 6 5 4 3 2 3 .97 1.00
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Kendall's Kendall's
W for W for
2 L 3 F 1L Estimates Totals of
D 8 U T S I 8 of Sepa- Separate
L L B ML M R rate Co- Experiments
Aspect Measure S 8 K L 8 I F efficients
Reduced Standerd Deviation 3 L4 5 6 2 1 7 .63 .95
Form
Coefficients Interquartile Range 4 3 5 6 1 2 7 .39 8L
Root Mean Sguare
Error 6 3 k5 2 1 7 .73 .98
Median Absolute
Deviation 6 5 4L 3 2 1 7 .50 .94
Largest Absolute
Deviation 6 3 5 4 1 2 7 .52 .94
Number in 20% of
True Value 6 L5hs 3 2 1 7 L1k .97
Rankings of all
Estimates 6 5 3 41 2 7 .66 .96
Predictions  Standard Deviation 3 L4 5 6 7 .85 .97
Interquartile Range 4% 3 6 7 .40 .84
Root Mean Square
Error L 3 6 5 2 1 7 .81 .97
Median Absolute
Deviation 6 5 &k 3 2 1 7 .50 .97
Largest Absolute
Deviation 3 k5 6 2 1 7 .78 .87
Coefficient of
Inequality L 3 6 5 2 1 7 .81 .96
Rankings of all
Predictions 6 3 5 4 2 1 7 .07 .98
Rankings of Rank-
totals of each
Quantity Pre-
dicted 6 3 4 5 2 1 7 .69 .94
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TABLE V-2

Number of t-Ratios Falling outside the Three Intervals

in the First Three Experiments

Outside Interval -2 to +2

Coefficient DLS 2818 "UBK LIML ~ 38IS FIML
612 L5% hx 13 1h* 15% 12
B o7% 18% 17% 15% 10 o1%
T3, L5% 17% 17% 18% 20% 19%
1o 2l 15% 15% 15% 16% 16%
Y15 LO* 18% 18% 17% 16% 15%
By 110% 17% 13 12 15% - 8
Tpy 99% 15% 13 12 18% Ll
Y23 78% 1 1h% 12 1h* 10
Yo5 6% 16% 18% 16% 2lx 23%
Yé7 9 14* 1hx 1hx 9 19%
632 51% 19% 18% 18* 17% 1hx
Y31 L8x 19% 20% 18% 18% 1h%
Y33 30% 19% 18% 18% Thse 17%
LT 15% 1hax 1 13 9 21%
T3¢ 18% 17% 16% 16% 13 15%

Totals 701 27 239 209 228 238

Percentgges 31.2 11.0 10.6 10.2 10.1 10.6
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TABLE V-2 (Cont.)

Outside 95% Confidence Interval of t-Distribution

with Fifteen Degrees of Freedom

Coefficient DLS 238L8 UBK LIML 3SLS FIML
Bis L5% 12 12 9 10 11
B3 26% 12 13 n 7 15%
711 28% 15% 14 15% 18% 12
710 20% 13 12 12 13 11
715 37* 1L 13 1hx 1l 12
By 102% 12 12 10 11 7
701 95% 11 13 10 1hx 12
703 TL1¥ 11 10 11 11 L
725 57% 17* 17% 13 17%* 16%
Yo7 7 12 12 12 8 15%
632 hhyx 14*_ 1hx 12 12 13
731 hsx* 18% 17% 13 16% 13
733 21% 1hx 13 15% 12 10
73l 1hx 11 11 11 8 13
736 15% 15% 15% 13 11 12

Totals 626 201 198 181 182 176

Percentages 28.3 8.9 8.8 8.0 8.1 7.8
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TABLE V-2 (Cont.)

Outside 95% Confidence Interval of t-Distribution

with Five Degrees of Freedom

Coefficient DLS 2SLS UBK LIML 3818 FIMIL,
Bio 26% 6 6 8 i
513 13 6 6 6 3 8
711 2l 9 8 8 10 5
710 15% 9 9 9 10 L
715 25% 8 8 8 10 5
Bsy 83x% 6 6 5 3 5
751 1% 7 7 6 6 3
753 L3 8 7 6 5 2
Y5 L3* 11 11 7 8 5
727 22 L 4 L 5 9
532 27% 10 10 9 9 > B}
731 27% 10 9 9 7 4
733 | 13 8 8 7 7 5
73y 5 6 6 3 8
736 6 6 6 6 L 7

Totals Loy 114 111 101 98 77

Percentages 18.7 5.0 k.o 4.5 Loy 3.k

*Significantlyfdifferént.fromAfive.percéntiat'the .01 level.
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3. Different Exogenous Data Sets

The distributions of the estimates studied in the basic experi-
ment were based on g fixed set of exogenous data which did not vary in
the replications, To check whether the results obtained depended on
the set or exogenous data used, two experiments were conducted using
different sets of €xogenous data. The different sets were obtained by
starting the Sequence of random numbers used to generate the EX0genous
variables with different numbersa77 The fourth and fifth experiments
of the first part of the experiment design used different sets of
exogenous datae78

Fairly high agreement among the results of the experiments
using different sets of exogenous data was found. The concordances
between the rarkings, as measured by Kendall?fs W, were ag high or higher
than those shown in Table V~1. Almogt without exception the reversals
of order in the rankings of the eXperiments occurred between methods
whose behavior wag found to be similar +o each other in the bagie
experiment and not between members of groups whose performances had
been found to be different.

Pairwise comparisons of the methods revealed g few interesting

differences between the experiments. Tables V-3, V-4, and V-5 show the

7Program-parameter 15 specified the set of exogenous data to be used.
The generation of the data is discussed in Chapter IIT, Section 2 and
Appendix A, The sets of data are referred to as data sets 0, 1, and 2.

78 These are experiments D and E of the first set of experiments,
Table 1 of Appendix C. Summary statistics for them are found in the
A-set of tables in Appendix D,




Structural Coefficients

Different Sets of Exogenous Data

TABLE V-3
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- Significant Differences

' *
Between Experiments using Data Sets O and 1

DL.S
2818
UBK
LIMIL
38LS
FIML

Reduced-Form Coefficients

HEMDDMD |

6

OO

6

S OO

CO1 Oy

DLS

2818
UBK

LIML
3SLS
FIML
LSRF

« 4
See notes following Table Va5

*HoNeoNoNeoNel|
OO OrOI

6

QO OI o

QOO 1 o0

6
0
0
o

0

QO 1t OO OM

DLS 28LS UBK LIML 3SLS FIML

f CCTHON

Ofr ocomNo

DLS 28LS UBK LIML 3E8LE FIML LSRF

e ReoNeoNeoNe N

Elements of X

DLS 28LS UBK LIML 3SL8 FIMI,

DL - 0 0 0 0 1
28Ls 0 - 0 0 1 0
UBK 0 0 - 0 0 0
LIMI. O 0 o) - 1 0
28LS 0 0 0 0 - 0
FIML O 0 0] 0 o) -

Predictions
DLS 2S8LS UBK LIML 38LS FIML LSRF

DLS

28LS
UBK

LIML
28LS
FIMI,
LSRF

oNeoNeoNe
R oNoNeNe)

HoOoOomMmww
SO oow s o
CCoo1 oo
S OO [eNoNe]
N eoNeoNoNeoNoNe)

[N @]
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TABLE V-4

Different Sets of Exegenous Data - Significant Differences

. *
Between Experiments using Data Sets O and 2

Structural Coefficients ' Elgments of X

DLS 28LS UBK LIML 3SLS FIMIL DLS 28LS UBK LIML 3SLS FIML
bLs - 3 -3 3 1 1 DLS - 0 0 0. ‘0 o
28L8 2 - i 0 0 288 0 - 0 0 1 0
UBK 2 3 - 0 0 0 UBK O 0 - 0 1 -
LIML 2 3 1 - 0 0 LIML O O 0 - 1 1
33L8 0 0 0 0 - 0 388 0 0 0O 0 - 0
FIML O 0O 0 0 0 - FIML 0 0 0 0 0 -
Reduced-Form Coefficients - Predictions

DLS 2SLS UBK LIML 3SLS FIML LSRF DLS 2SLS UBK LIML 3SLS FIML LSRF
DLS - O 0 0 0o 0o 2 ps - 3 3 2 2 1 3
2818 2 - 0 0 0 0 0 28180 - 0 1 0O T 0
UBK 3 2 - 0 0 0 0O TUBK 0 0 - 0 0 0 0
LIML 3 1 0 - 0 0 1 LIML O 0 0 - 0 0 0
38LS © 0 o0 1 - 0 0 28LS O 0 0 0 - 0 0
FIML O 0 0 0 0 - O  FIML O 0 o0 0 0 - 0
LSRF 0 0 0 0 0 0 - LSRF O 0 0 0 0 0 -

*
See notes following Table V-5,
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TABLE V-5

Different Sets of Exogenous Data - Significant Differences

*
Between Experiments using Data Sets 1 and 2

Structural Coefficients Elements of X

DLS 28LS UBK LIML 3SLS FIMI, B DLS 25LS UBK LIML 3SLS FIML
DLS - 0 o 0 0 0 DLS -~ 0 o 0 0 0
28Ls 4 - ¢ 0 0 0 288 ¢ . 0 0 0 0
UBK 3 2 . 0 0 G UBK O o0 . 0 0 0
LIML 3 2 o - 0 0 ILIML 0 0 o - 0 0
38s 2 0 o 0 - o) 38 0 0 o 0 - 0
FIML 3 0 o 0 0 - FIML 0 o0 o 0 0 -
Reduced-Form Coefficients Predictions

LrEdictions

DLS 2SLS UBK LIML 3SLS FIML LSRF DLS 28LS UBK LIMI 3SLS FIML, LSRF
DLS - 0 o o 1 o 3 DS - 5 5 Loy 3 5
28LS 6 - 0 0 0 0 2 28LS 0 - i 1 0 1 0
UBK 6 1 . 0 0 o 1 UBK 0 o . 1 1 0 0
LIML 5 1 o - 0 0 2 LIML. 0 0 o - 0 0 0
3L 1 0 o 0 - 0 0 38Ls 0 0 o0 0 - 0 0
FIML 1 0 o 0 0 - 0 FIML 0 0 ¢ 0 0 - 0
LSRF b 0 1 1 o o LSRF 0 0 0o o o o _

*Each row of Tables V-3 to V-5 shows the rumber of parameters estimated
for which one method was found to have been closer to the true values
than each other method significantly mere often in the experiment first
mentioned than in the other one at the 05 level. The McNemar test
was used for these tests. There were fifteen structural coefficients,
8ix elements of Z, twenty-one reduced-form coefficients and nine bre-
dictions.
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number of parameters for which the McNemar test found significant differences
in the frequencies with which one method came closer to the true values than

another in the experiments.79 Significant differences occurred most fre-

barameters of a particular type which were estimated. There dig seem to
be enough significant differences to indicate that the performances of
the k-class estimators relative to each other are sensitive to the sets

of exogenous datg.

Summary. While the results of the €Xperiments using other
sets of €Xogenous data supported the rankings of the methods
established in the basic experiment, there were strong indica-
tions that the frequencies with which one method surpassed

another depended on the exogenous data sets used.

L, Different Structures—-structural Coefficients

Four experiments were conducted using the same model as in

the basic experiment but with different values for the structural

79The .05 significance level was used for these tests. Note that this is
the significance level for the individual tests, not for the number of
barameters for which differences oceurred.




were identical to those of the basic experiment. The structural

coefficients of these structures are shown in Tgble V-6 together with

structural coefficienfs of MOD37A2, the structure of the basic €Xperiment,
are also found in the table. The experiments using the different
structures investigated whether the values of the structural coefficients
affected the results of the study.

On the whole, the results of the €xperiments which used different
structural coefficients were in substantiagl agreement with each other.
Table V-7 shows the over-all reankings of the methods in the five experi-
ments according to severs] of the measures studied. However, the con-
cordances between the ranks for the separate experiments were not very
great. Thig ig shown by the values of Kendallts w for the sums of the
ranks assigned to the rank-totals over the individuel Parameters of the
statistics inlthe Separate experiments. While much of the differences
in the valueg of W from unity can be attributed to reversals of order
between the methods which had been grouped together in the resultg of

the basic €Xperiment, important differences in the relative standings

8oExperiments F, @ H. and T of the first set of experimentg used the

different structures. (The exXperiments conducteq are shown in Appendix
c.)

vl
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of the methods in the different groups occurred. It may be noted that
the values of Kendallls W in the last column of Table V-7 are usually
lower than those in Table V-1 as a result of these reversals of order
among the methods.

Table V-8 shows the totals of the ranks for all the estimates
of the parameters in esach of the experiments summed over all parameters
and replications. The ranking of the estimates was by their deviations
from the true values of each parameter. Table V~9 records the sums
over the parameters of the ranks of the totals of the ranks of the
estimates of the separate parameters in each experiment. Several points
arise from an examination of these tables. In all the experiments, the
rank-totals for the estimates of the different methbds were close together
and did not suggest very pronounced differences in the relative performances
of the methods. The over-all ranking of the methods suggested by the
rank-totals was not the Same in the different experiments. The differences
in the orders of the methods were not entirely confined to methods which
were grouped together in the basic experiment. For example, UBK ranked
ahead of 3SLS and FIML in MOD37A5 for the ranks of the rank-totals of
the individual structural coefficients., The amount of agreement among
the ranks of the rank-totals of the separate parameters differed sub-
stantially among the experiments for the structural coefficients and the
reduced~form coefficients. This was not true for the elements of 5 nor
the predictions where in each experiment the agreement was high.

The variations in the amounts of agreement among the rankings

of the descriptive statistics of the distributions of the individual
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barameters were also considerable. The McNemar test found for many of
the descriptive stafistics that the mumber of coefficients for which
one method was better than another differed significantly among the
eXperiments.

Table V-10 showsg the findings of the McNemar test in comparing
the estimates of the mefhods in three of the experiments.&L Although
the table shows the results only for the structural coefficients ang
the reduced-form coefficienfs, the estimates of 2 and the Predictions
were also compared. Significant differences in the relative berformances
of the methods in the expefiments for these barameters also occurred,
though not quite ag frequently.

The McNemar test found a large number of significant differences

between the e€xXperiments. Thig was particularly 80, in the comparisons of

It is worth noting what conclusions might have been drawn if

the experiment using MOD37A5 were the only one conducted. 38LS would

test. For the reasons for not conducting gll the Possible tests, see
Chapter III, Section 11.

i
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TABLE V-6

Different Structural Coefficients

Coefficient MOD37A2 MOD37AL MOD37A3 MOD37AL MOD37T7A5

512 .89 | .64 .76 .38 .69
_513 .16 .22 i.oh i .21
321 «Th .72 .46 .27 33
632 .29 17 .58 .49 R
711 Lk.00 32.00 75.00 61.00 88.00
712 <Th .65 .87 .72 .08
715 .13 .52 27 .24 .82
751 62,00 18.00 48.00 55.00 73.00
703 .70 .68 .76 .59 .32
725 .96 .67 .89 .26 .60
7om .06 .3k .30 .12 .08
731 40.00 37.00 83.00 39.00 43.00
733 .53 .95 .38 .19 A1
734 11 .39 i .95 Rl
736 .56 .18 .49 .10 .31

det B .31 .51 an .84 <72
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TABLE V-7

Ranking of Measures of Performance of the Methods in Experiments

with Different Structural Coefficients

W for W for
2 L 3 P 1. rank- experi -
D.8 U 1 g L 8 +totals of . ment
: L L B M 1 M R  separate ranik-
Aspect Measure S & X L 8 L F _estimates totals
Structural  Standard Deviation 1| 355 6 2 3.5 .59 .78
icient ' . . .
Coefficients Interquartile Rarge 1 3 5 ¢ » .3k 76
Root Mean Suare '
Error >oE k& 1 3 b2 .70
Median Avsol:te
Deviation 5 3 L 3 2 1 .29 .76
Third Quartile _
Absolute Deviaticrn & 3 b5 3 o eI .86
Largest Deviation 2 L 5 6 1 3 .36 .68
No. of Wrong Signs 5 345450 1 .69
No. in 20% of Trie ‘
Value 6 5 3 4k 2 1 .85
Rankings of ali
Estimates 6 4 3 5 5 1 .08 .90
Rankings of rank-
totals for egah
Coefficiexnt
Estimated S 4 3 5 o bk 85
Residual Standard Deviation 1 » L 5 3 ¢ .84 .96
Variance- X )
] f AT 6 .
Covariance Interquartile Ra ge 1 2 4 5 6 63 95
Root Mean Square
Error 63.553,51 » L .63
Median Absolute ‘
Deviation & 5 L 3 2 1 .82 .98
Largest Deviation L2 3 5 1 ¢ .19 .40
No. in 20% of Trye
Values & 4L 5 3 5 1 .89
Ranking of 511
Estimates 6 5 4 3 2 1 .37 1.00
Ranking of rank-~totals
for each element )
Estimateq & 5 4 3 p 3 .96 1.00
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W for W for
2 L 3 UF 'L rank- experi-
D 8 U 1 858 1 g totals of ment
L L B M L M R éeparate'_ rank-
Agpect Measure S 8 KL 8§ 1 F estimgtes- totals
Reduced- Standard Deviation 2 4 § 5 3 1 7 o .58
Form . , .
’ ; 1 4 2 7 24 .8
Coefficients 1hterquartile Range 3 L 5 6 1 2 j 2L 83
Root Mean Square
Error 6 3 5 4 o 1 7 .36 43
Median Absolute '
Deviation 6 5 4 3 2 1 7 .29 .82
Third Quartile
Absolute Deviation 6 3 4 5 2 7 .63 .93
Largest Deviation 3 5 & 7 .25 .38
Na. in 20% of True
Value 7 k3 5 2 1 ¢ .90
Ranking of g1l »
Estimates 7 5 4 3 2 1 6 .11 86
Ranking of rank-totslsg
for each Coefficient
Estimateq ° 75 k4 3 2 1 ¢ .52 82
Prediction Standard Deviation 2 L £ 5 3 7 35 53
Interquartile Range 3 i 6 2 7 v .79
Root Mean Square .
Error 63 5 4 2 1 7 .33 g
Median Absolute
Deviation 6 5 4L 3 2 3 7 .55 .23
Third Quartile ‘
Absolute Deviation 6 3 L4 2 7 <41 .61
Largest Deviation 6 L 3 2 7 .26 45
Coefficient of
Inequality € 3 5 4L o 1 7 233 i
Ranking of all
Predictions 6 5 3 5 2 1 7 <06 .83
Ranking of rank-totglg
of each Quantity
Predicted 6 4L 3 5 2 1 7 .70 .83




TABLE v-8

Different Structural Coefficients - Rank-totals for All Ezstimates

i . ¥
in Each Experiment

Strietursl Coefficients

Structure DLS 28L8 UBK LIML 38LS FIML  Kendall's yw
MOD37A** 3334 2751 2698 2771 2078 2118 L1102
MOD37A1 3538 2731 2519 2601 2258 2103 <108
MOD37A3 3074 2768 2771 28L7 2103 2187 S0
MOD374AkL 3111 2701 2759 2793 2223 2163 . 067
MOD37AS5 3315 2618 279 2554 2443 2341 . 043
Totals 16372 13569 13226 13556 11105 10912 081
Flements cf ¢
MOD37A2 1631 1269 1C28 896 819 657 .392
MOD37A1 1616 1273 1021 918 801 67 377
MOD37A3 157k 1275 1059 938 788 666 -352
MOD37AkL 1645 1358 1031 889 822 655 S ioh
MOD3745 1595 1272 1027 846 801 759 -340
Totals 8061 6347 5166 bi87  uo3 3408 .370

Reduced-Form Uoefficients

Structure DLs 28LS UBK LIMI, 3858 FIML LSRF  Kendall's y
MOD37A2 5020 Losy 35 437 3127 3011 5519 Liky
MOp37A1 5230 k293 3921 38h1 3683 3338 5194 . LO6
MOB37A3 kroo 71 224 hov9 3188 3436 shop . 107
MeDp37AkL 551k k203 koo 3932 3273 327 5198 o ih7
MOD37A5 5499 3960 3908 3769 3950 3395 4919 105
Totals 25963 20778 20195 19958 17221 16653 26232 113
Predictgggi
MOD37A2 1899 1768 178 1825 1560 1496 227¢ - 067
MOD37A1 2090 1754 93 1706 1610 153 2205 . 065
MOD37A3 1899 7L 178k 1798 1508 1587  ze53 061
MOD37AL 2129 1783 173k 183y 1bbo  als9 230] .108
MOD37A5 1965 1749 1738 1659 1771 1568 2150 Okl
Totals 9982 8825 87k 8742 7889 T6h2 11179 .063

* ) . . . .
Entries are the totals of the ranks of all the estimates in gn experiment
by their deviationg from the tre Valies.
_:,(-*- . - » »
This is the basgic exXperiment.




TABLE V-9

Lifferent Structural Coefficients - Rank-totals for the Ranks of the

Rank-totals of the Estimates of the Individual Parameters

in each Experiment

Structursal Coefficients

Structure DLS 2813 UBK LIML 38LS FIMIL, Kendallis W
MOD37A2 86 61.5 52 65.5 22 28 =737
MOD37AL 82 63 49 58 39 ok 512
MOD37A3 78 56 58.5 70.5 21.5 30.5 627
MOD37AL 68.5 65.5 60.5 64 32 2k.5 oY
MOD35A5 77 54,5 Lo 51.5 L& Ll 211
Totals 391.5 300.5 262 309.5 160.5 151 .1438

Elements of I

MOD37A2 36 30 2k 16 1k 6 .975
MOD37AL 36 30 2 17 13 6 . 984
MOD37A3 36 30 2k 18 12 6 1.000
MOD37AL 36 30 2k 16 1k 6 .975
MOD37A5 _36 30 2l 1k 13 9 « 908
Totals 180 150 120 81 66 33 962

Reduced~Form Coefricients

Structure  prg 2518 UBK  LIML  38LS FIML ~ LSRF Kendall's W
MOD37A2 135 89.5 70.5 77 3k.5 k6.5 135 <755

MOD37AL 134 97 71 60.5 63.5 Lo 122 .582
MOD37A3 111 70.5 86 101 34 57 128.5  .519
MOD37Ak 1k 9k 77 70.5 k7 Lo 116.5  .629
MOD37A5 133 80 74 59.5 81 45,5 115 51
Totals 654 431 378.5 368.5 260 231 617 «516
Predictions
MOD37A2 L9 37.5  37.5 Lo 19 10.5 58.5  .721
MOD37A1 56 39 30.5  32.5 20 15 59 75O
MOD37A3 48 36.5 38.5 L1 9 18 61 817
MOD37AL 57 38 33.5 36.5 11.5 15.5 60 =903

MOD37A5 53 32 33 25.5 35 1k.5 59 625
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TABLE V-10

Different Structural Coefficients = Significant Differences

Between the Experiments®

MCD37A2 - MOD37Ak

Structural Coefficients " Reduced-Form Coefficients
DLS 2SLS UBK LIML 3SLS FIML DLS 28LS UBK LIML 3SLS FIML LSRF
DLS -~ 3 3 0 3 2 DI - 5 L 3 1 1 6
28LSs 4 .o 0 0 0 O 288 o . 0 o} 0 0 2
UBK 4 4 - 0 0 0 UBK 0 o0 - 0 0 0 2
LML 4 3 0 - 0 O LIML 0O o 0 - 0 0 Iy
38LS 3 1 0 1 - O 38Ls 0 o 2 3 - 0 3
FIML 2 1 0 0 0 -~ FIML ¢ 0o 0 0 1 - 2
LSRF 1 1 1 1 0 0 -
MOD37A2 - MOD37A5
Structural Coefficients Reduced~Form.Coefficients
DLS 28LS UBK LIML 3SLS FIMI, DLS 28LS UBK LIML 3SLS FIML LSRF
DI - L N 3 1 0 DLS - 11 10 9 5 L 10
28Ls 2 - 3 2 0 O 288 2 . 5 0 0 0 3
UBK 2 2 - 0 ) O UBK 2 3 - 1 0 0 3
LIML 2 2 1 - 0 O 1IIML 3 3 0 - 0 0 7
38L.S 3 & 4 5 - 1 388 3 7 7 9 - 2 6
FIMI, 3 L 3 L 0 - FIML 2 o2 2 3 0 - 2
LSRF 3 1 0 0 0 0 -
MOD37AL - MOD37A5
Structural Coefficients Reduced-Form Coefficients
DLS 28LS UBK LIML 3SLS FIML, DLS 28LS UBK LIML 3SLS FIML LSRF
DLs -~ 7 7 8 7 8 DLS - 17 17 17 16 17 11
28LSs 2 - 9 9 2 3 28Is 2 . 17 17 1 7 1
UBK 2 3 - 2 2 1 UBK 3 3 - 17 5 6 1
LIML 2 3 3 - 1 O LML 3 3 1 - 2 L 0
388 1 1 2 i - 8 38ms 2 3 L oooa1 - 17 3
FIML 1 1 1 0 1 - FIML 3 1 0 1 3 - o}
LSRF 3 8 7 6 6 8 -

than in the secong at the .05 level.
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of the structural and reduced-form coefficients on the basis of the
rankings of the estimates of the methods and the rankings of many of

the descriptive statistics of their distributions. The results of pair~
wise comparisons between the methods would also have led to such &
conclusion. The sign test and the Wilcoxon test both found 38L8 to have
been significantly poorer than each of the consistent k-class methods

for several structural coefficients, though in most of the comparisons
with these methods the tests found 3SLS to have been significantly better
more frequently than it was significantly poorer than the other methods.82
While one could hardly conclude that 38LS was poorer than the consistent
k-class estimators in MOD37A5, the closeness of the rankings and the
results of the pairwige comparisons of the methods in that experiment

do indicate that the ranking of the methods into three groups is more
uncertain than it would have seemed to be if the results of the experi-
ment were more in concordance with the results of other experiments.

The standard errors of MOD37AS5 exhibited some pronounced differ-
ences from those of the basic run. A larger proportion of the t-ratios
fell outside each of the three intervals examined than in the basic
experiment. These differences between the experiments were particularly
marked for 3SLS, 28LS and DILS. The same sort of differences from the
basic experiment were found for MOD37AL, although they were less pro-

nounced than in MOD37A5.

We may remark that in the experiments using different structures, as
ig the basic experiment, there were significant differences in the fre-
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The numbers of t-ratios falling outside the intervalg were far
from being the same for all the coefficients in MOD37A5. Tt was the
t-ratios for the coefficients of the second equation which fell outside
the intervals more frequently than in the basic experiment. The number
of t-ratios falling outside the intervals in the other two equations was
much the same ag in the basic experiment. This pattern wag also found
in MOD37A1l.

Another Peculiarity of MOD37A5 was that in four replications

1t produced some negative "squared standarg errors”. All these negative

coefficients in the second equation. Estimates of the structural
coefficients for which negative standard EIrrors were found were frequently
very far from the Population values of the coefficients. However, in g

few cases, the estimates;having negative standard errors were not
Particularly far from the true values. In addition, when negative standard
€rrors occurred in conjunction with Very poor FIMI estimates, the

estimates of other methods, Particularly of LIML, were also apt to be

Summery. Although there wags fairly high égreement emong

the experiments which had different values for the structural

w
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coefficients about the over-all rankings of the methods, it

was found that the exact frequencies with which one method

was closer to the true values than another differed significantly
among the experiments. In at least one case the differences

were great enough to cauge considerable doubt about the over-all
ranking of the methods into three groups which was suggested by
the basic experiment. The results of the experiments also cast
doubt on the adequacy of the standard errors for making inferences
about the values of the coefficients. No explanation for these
results is suggested. They did not seem to arise from differences
in the values of the determinants of the beta-matrices since

some of the most pronounced differences occurred between experi-

ments for which the values of the determinant were close together.

5. Different Structures-—Different 2-Matrices

Five experiments investigated the performances of the estimators
on structures which had different variance-covariance matrices of dig-
turbances, £. Three Z-matrices were investigated in addition to the
one used in the basic experiment. All three were used with the structural
coefficients of MOD37A2. Thesge structures were named MOD37AA, MOD37AB,
and MOD37AC. 1In addition, two of the 2-matrices were used with the
structural coefficients of MOD37A4. Thesge structures are referred to
as MOD37AD and MOD37AE. The values of the Z-matrices used are presented
in Table V-11. The main differences between the matrices lie in the

relative importance of the off-diagonal elements. The disturbances of
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MOD37A2 were very highly correlateq with each other. Those of MOD37AA
were less highly correlated while thoge of MOD37AB had still smaller
correlations. MOD37AC had disturbances whose correlations were all

fairly low ang were all negative.

correlation between the structural disturbances. The main difference
is that, with loy correlations between the disturbances, the full-model
methods showed g tendency not to have better berformances than the
consistent k-clgss estimators.,

In estimating the structural and the reduced-form coefficients
of MOD37AB and MOD37AC, both FIMI. and 38LS ranked behind the consistent
k-class estimators for most measures according to which they had been
superior in estimating the coefficients of MOD37A2. 1n cases where
this reversal of order did not oceur, the totals of the ranks for the
estimates of the full-model methods were closer to those of the con-
sistent k-class estimators in MOD37AB ang MOD37AC than they were in
MOD37A2.83 The position of DLS relative %o the full-model methods and,
to a lesser extent, relative to the consistent k-clags estimators showed
an improvement, though not enough to lead to itg being ranked sheag of

the full-model methods by mogt measures of dispersion about the trye values,

83When & reversal of order did not ocecur, it wasg usually LIML which con-
tinued to rank worse than 3S8LS. See the A-tables of Appendix D for details.




TABLE V-11

Variance-Covariance Matrices -

MOD37A2 MOD3TAA MOD37AB
Elements of Matrices MOD37A4  MOD37AD MOD37AE MOD37AC
o 35.2k4 30.80 29.24 38.60
95 34,48 21.48 3.32 - 5,92
93 31.12 16.76 - 1.2k «14.80
o0 36.68 37.32 36.20 36.68
g ~29.84 20.12 .96 - 2.96
923 50.6k4 116.96 46.60 LO.AY4
Raw Correlation Coefficients
o, .96 .63 .11 «ulb
. s
I3 .82 ppiEis -.03 -.37
r 77 48 .12 wa05

23



TABLE ¥-12

*
Different X Matrices -~ Rank-totals of all Estimates

Structural Coefficients

Structure DLS 28L3 UBK ‘LIML" 38LS FIMI, Xendall’s W
MOD37A2 3334 2751 2698 2771 2078 2118 .112
MOD37AA 3108 2656 2600 2645 2356 2385 037
MOD37AR 2877 2480 2488 2565 2621 2719 .012
MOD3TAS 2929 249k 24815 2505 2656 2682 .015

Elemertg of T

MOB3TA2 1631 1269 1028 596 819 657 -392
MOD3I7AA 1500 1216 1018 E94 893 77k .225
MCB37AB 1320 106% 931 87 1070 1038 075
MOD37A% - 1313 1108 989 907 1039 il . 069
Beduzed-Form Coefficients
Structure DLS 28L8 UBK LIML 3818 FIML LSEF Kendall's W
MOD37A2 5020 hosy 135 k137 3127 3211 5519 L1h7
MOD37AA 4811 4118 Loo9 4079 3556 3507 5320 .08L4
MOD37AB hko9 3818 3841 3991 4065 5056 5220 . OL7
MND37A% Lho6 39L1 3939 3959 Lo31 Loz 4902 025
Predictions

MOD37A2 1899 1768 1782 1825 1560 1496 2270 ~ 067
MOD37AA 1813 1733 1777 1826 1589 1633 2229 .0L6
MOD37AB 1783 1662 1695 1792 1736 1793 2139  .0e6
MOD37AC 1950 173k 17kk 172K 1740 1738 1980 .013

149

* . ) .
Table entries are the gums of the ranks of the absolute deviations from

the true values of all the estimates in each experiment.
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TABLE V~13
_ N

Different X Matrices =~ Significant Differences between MOD37A2 and MOD37AB
Structural Coefficients Elements of %

DLS 2SLS UBK LIML 3SLS FIML DLS 2SI8 UBK LIML, 3SLS FIML
DLs - 5 5 5 9 7 DLS - 3 3 3 3 3
28Ls O - 1 0 7 6 288 0 - 3 3 3 3
UBK O O - 1 6 6 TUBK 0O 0 - 2 L 3
LIML O O 0 - 10 9 IIML O O 0 - i 3
38Ls 0 O 0 0 - 0O 388 O O 0 0 - 0
FIML, O O 0 0 0 - FIML O O 0 0 0 -
Reduced-Form Coefficients Predictions

DLS 2SLS UBK LIML 3S8LS FIML LSRF DLS 2SLS UBK LIML 3SLS FIML LSRF
DLS - 1 0 1 11 10 =2 DLS - 2 2 1 1 2 1
2818 0 - 1 3 13 10 O 28I - - 1 0 0 0 0
UBK O O - 1 12 11 0 UBK O O - 0 0 1 0
LIML O O 0 - 11 10 o0 ILIML O O 0 - 1 1 -
388 O O 0 0 - 0O 0 388 O O 0 0 - 0 0
FIML, O 1 0 0 0 - 0 FIML, O O 0 0 0 - 0
LSRF 0 1 1 2 3 oo~ ISRF 1 O 0 0 0 0 -

*Entries in each row record the number of parameters for which the method
came closer to the true values than each other method significantly more
often in MOD37A2 than in MOD37AB. The McNemar test and the .05 sig~
nificance level were used.

H¥
Most of the sgignificant differences occurred for the off-diagonal
elements of Z.
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The extent of the changes in the positions of the methods is
well indicated by the differences in the totals of the ranks of all
estimates presented in Table V-12. For all types of parameter estimated,
the changes in the relative standings of the methods occurred. When the
changes were not enough to upset the rankings of the methods, the rank-
totals of the methods were nevertheless closer to each other when there
were low correlations among the disturbances. Usually these changes
cecurred in the rank-totals for all the éeparate rarameters estimated.

It is worth noting that in MOD37AR and MOD37AC, the rank-totals of the
full-model methods for the off-diasgonal elements of £ were higher than
those for the diagonal elements. In the basic'experiment the reverse
wag true. |

FIML and 3SLS were not closer tc the true values more often
tThan the consistent k-class estimators for a majority of the structural
or reduced-form coefficients in MOD37AB and MOD37AC. In the basic
experimert they had Tteen. In MOD37AB and MOD37A§ the full-model methods
were never found to have significantly smaller dispersions for their
estimates of the strucfural coefficients about the true values than the
congistent k-class methods. In the basic experiment, they had significantly
smaller dispersion for about two-thirds of the coefficients. However,
in MOD37AB and MOD3T7AC, the sign test and the Wilcoxon test found at
most one structural coefficient for which FIML or 3SLS had significantly
larger dispersions than any of the consistent k-class methods. The
results of the pairwise comparisons of the estimators for the reduced-form

coefficlents were much the same as for the structural coefficients. One
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may conclude from the results of MOD37AB and MOD3TAC that the full-model
methods were not better than the consistent k-class estimators, but not
that they were worse.

Table V-13 summarizes the results of the McNemar test in com-
paring the estimates of MOD37AB with those of the basic experiment.
Significant differences between the experiments occurred frequently in
the performances of the full-model methods relative to the others in
estimating the structural and the reduced-form coefficients. There were
few significant differences between the experiments in the performances
of the consistent k-class methods relative to each other or in the
comparisons of the full-model methods with each other. TFew significant
differences were found among the DPredictions. Quite a few significant
differences were found between the experiments in the frequencies with
which any one method came closer to the true values of X than any of
the others. These significant differences occurred almost entirely for
the off-diagonal elements of X and not for the diagonal elements.

The summary statistics of the distributions of the estimates
of each method help to indicate what the diffeirences between the exgeri-
ments were. Most of the descriptive statistics showed the dispersions
of the k-class estimators to have been smaller in MOD37AB or MOD3T7AC
than in the basic experiment. The dispersions of the full-model methods
were frefuently larger. When the differences in the values of the
descripti&e statistics were in the same direction for both clagses of
methods, the changes in the descriptive statistics of the k-class

estimators were larger than those of the full-model methods if the statistics
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were smaller in MOD37AB or MOD37AC than in the basic experiment. If
the descriptive statistics had bécome larger, the differences were greater
for the full-model methods than for the k-class methods.

The results of the experiment using MOD37AA, which had correla-
tions between the disturbances of sizes intermediate to those of MOD37A2
and MOD37AB, were intermediate to those of the experiments using MOD37AB
and the basic experiment. Thig was true of the rankings of the methods
which became cloger together than in the basic experiment though not as
mich 8o as in MOD37AB. It was also true for the changes in the descrip-
tive statistics.

Comparisons of the results of the experiments which used MOD37AD
and MOD37AE with the one using MOD37A4 tended to confirm the conclusions
which could be drawn from the experiments using the structural coefficients
of MOD37A2 with different Z-matrices. Once again, the lower the correla-
tions between the structural disturbances, the better tended to be the
performances of the consistent k-class estimators relative to the full-
model methods and the better the performances of DIS relative to each
of the other methods. As the correlations between the disturbances
decreased, there was & deterioration cf the rankings of the descriptive
statistics of the full-model methods. Their descriptive statistics
ircreased in size while those of the single-equation methods either
decreased or did not increase as much.

The results of this section may not be very surprising. The
full-model methods can be looked at as minimizing the generalized variance

of the residuals of the structursl equations. The single-equation methods
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minimize the variances of the residuals of each equation°8l+ If the off-
diagonal elements of % are small, one might expect there to be little
gain from concentrating on the generalized variance and that, indeed, one
might lose from using one of the more sophisticated methods. It is
interesting to find that the results of the experiments bear out this
supposition. They suggest that the full-model methods have much advantage
over the consistent single~equation methods only if the correlations be-
tween the disturbances are high.

The reason why DLS is not an appropriate estimator for simultaneous
equations is that the disturbances in each equation are correlated with
some of the ”explanatory" variables. With lower correlations among the
disturbances, this problem may not be as serious and the advantage to
be gained from.using one of the congistent methods might be expected to

85

be less. The results of the experiments suggest that this is true.

Summary. The performances of the estimators relative to

each other were sensitive to the true values of X. 1In particular,

4See Chapter II, Section 2 for a discussieon. of the estimators
and what is minimized by each. It should be noted that the single-
equation methods minimize the variances of the equations expressed in
different variables (or the directions of minimization are not the same
for the methods if the equations are expressed in the original variables).
38LS does not, in fact, minimize the generalized variance, but it can be
expressed as an approximation to this.

851n MOD37AB, MOD37AA and MOD37AC, the correlations between the structural
disturbances and the endogenous variables on which the equations were not
normalized were in fact lower than in the basic experiment. The hypothesis
that the performance of DIS relative to 2SLS will be'petter when X is
diagonal than when it is not, is discussed in R. E. Quandt, On Certain
Small Sample Properties of k-class Estimators,  Princeton University,
mimeographed, 1963, p. L.
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with small corbelations between the structural disturbances,

the differences in performance between the full-model methods

and the consistent k-clasgs estimators were negligible. The
performances of DLS were not & great deal worse than those of

the consistent methods when there were small correlastionse.

This suggests that at best the rankings of the methods established
in @he basgic experiment hold orly if there are large correlations

betweenpfhexstruptural disturbances.

6. Different Structural Forms

The next set of experiments irvestigated the performances of )
the estimators when the endogenous variables were generated by shtructures
of forms‘different from the one used so far in the experiments. The nine
other strcutures uggd are shown in Table V-14. All the experiments -
discugsed in this ééction used twenty observations of the variables to
estimate the structures.

There were a number of differences between the structures.

MODEL37B, MODEL37C, MODEL37D and MODEL37E easch had the same number of
equations and of exogenous variables as MOD37A2, the structure of the
basic experiment. Indeed, the experiments studying these structures
used the same exogenous variables and sets of disturbances as did the
basic experiment. The forms of these structures differed from that of

the basic experimeng in the number of identifying restrictions placed
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on the equations or in the number of zeroeg in the B-matrix.86 The other
structure had different numbers of equations or exogenous variables from
the basic structure. Each of their equations had from one to four over-
identifying restrictions. The data used with these structures were not
the same as those of the basic experiment.87

The results of the experiments which used different structures
were in quite close agreement over the rankings of the methods. The rank-
totals for the descriptive statistics in each experiment were themselves
ranked. The concordances of these ranks in the experiments were high.
Kendall's W was higher than .8 for all measures of dispersion of the

estimates of the structural coefficients except for those which concentrated

The results of the experiments which used different values for the
coefficients of the basic structure were not available when the experi-
ments using MODEL37B, MODEL37C, MODEL37D and MODEL3TE were conducted.

It had been supposed that the use of different values for the coefficients
of a particular structure would not lead to great differences in the
results but that having different structural forms might substantially
affect the results. It was further supposed that such differences in
the results might be ascribed to greater sparseness of the B-matrix or
to having different numbers of over-identifying restrictions on the
equations. The relations between the structures and data of MODEL37B-
MODEL37E and the basic experiment were designed to Provide experimental
controls to facilitate exploring these suppostions. When it turned

out that using different values for the structural coefficients did
substantially affect the results, it was decided not to explore these
suppositions in detail. The brogram which was to take advantage of

the close relationships between the structures was never completed since
this did not seem g very profitable use of computer time. However,
since these experiments were completed, their results are Presented
here at least in a superficial manner.

871n analyzing the estimates of the reduced~-forms of MDDEL48, MODEL56 and
MODEL58, only the first twenty-four coefficients were studied. Thus only
the estimates of the first three reduced-form equations of MODEL48 and
MODEL58 and those of the first four equations of MODEL56 were considered.
These limitations were in@bsed to simplify Programming and to save computer
time. It was not felt that ways of analyzing the results to allow the
study of all the reduced-form coefficients would be justified since the
extra Information was not felt likely to compensate the very considerable
amount of computer time needed to attain the extra results.
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on the more extreme quantiles of the distributions of the estimates.
Many of the same levels of concordance cecurred for the measures of
performance in estimating the_reducéd—form.coefficients. The levels
of Kendall's W for the predictions tended to be somewhat lower, but
values of W lower than .6 were not observed and for most measures
W was above .7. High concordences between the experiments occurred
for the measures of performance in estimating the elements of % which
did not give weight to the more extreme quantiles of the observed distri-
butions. For all these aspects, reversals of order in the rankings of
the methods in the separate experiments from the over-all ranking for
the set of experiments occurred mginly between methods whose prerformances
were very much alike in the basic experiment[

Two features of the estimates of the different structural forms
were as noticeable as the high concordances among the experiments for
the ranks of the rank-totals for the descriptive measures in each
experiment. The first is that in all the experiments, the concordances

among the ranks of the deviations of the estimates from the true values
of any one structural or reduced-form coefficient in the fifty replica-
tions of the experiments were apt to be very low. This was particularly
evident when MODEL48 and MODEL58 were used. In those experiments
Kendall's W was not significantly different from zero at the .01 level
for one-half of the strugtural coefficients. In other experiments,
although the values of W were more frequently significantly different

from zero, they were apt to be very low.

wA .
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TABLE V-1k

Different Structural Forms

MODEL 5A
.2 -.3 , 16 iy 0 .2 0 0
1 0 r=f32 o .9 9 1 4
-.2 1 48 0 .3 .6 0 .5
16.72 11.60 11.40
IS 9.36 10.76
B 15.95]
1 0 -.70 71 .56 .79 0 A2 0
-.58 1 0 -' = |51 0 .30 0 .38 0
0 -.83 1 i 20 0 .52 .81 0 .7
35.24 34,48 31.12
L = 36.68 29.84

Lo, 64
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-.hs5

.21

-.11

-.83

TABLE V-14 (Cont.)

MODEL 37C
-.27 39 .89
PT-) - 0
1 68 0
Y - as in MODEL 37B
MODET, 37D
-7 T30 .8
0. -I' =] 8 0
1 68 0
S - as in MODEL 37B
MODEL 37E
-7 ] 39 .89
0 r =|8 o
1 68 0

Z - as in MODEL 37B

.35

-35

35

0

.82

.43

43

43

71

71

71

159

17

A7




-.37
-k

-.17
-.25

-.32

0

=37

-.51

-.64

-.76
-.09

TABLE V-14 (Cont.)

.82

l_.l

31,56

- 14
~.22 -
1 -

-.58

38.04

MODEL 46
0] 54 0
- 1k 76 0
T =
-.13 88 0
1] 20 .27
23.60 28.48  .22,78]
31.56 18.56 - 2.2
39.2 -26.48
41,5§J
MODEL 48
o] 65 .84 0
.68 58 0 .27
—l—‘ =
.85 68 © 0
1_~ o 0o 0
2h.28 32.56 26,72
28.40 17.88 - 5,04
ho,g92  .31.84
uo.64_

.35

160

0 .19]

0 0

0 .65

A3 0]
0o 0]
520
o .25
0 o0




1 0
0 1
-.56 0
0 -.4B
| o 0
5
1 .78
-.09 1
-.54 0 ;
-.82 -.37

o o

H

MODEL 56
0 -.k7 -7 |
.32 0 0
1 -.69 0 I o=
0 1 0
-.35 0 1_J
T 29.88  17.92 21.08
30.72 19.56
39.04
MODEL 58
o -.8% .33] 6
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The second noticeable feature was that the ranks of the rank-
totals of the estimates of the separate coefficients sometimes showed
fairly low concordances for the set of coefficients estimated in an
experiment. For the structural coefficients, Kendall's W wvaried from
& high of .737 in the basic experiment to a low of .198 in the experiment
using MODEL37E. In estimating the reduced-form coefficients and the
elements of X and in making predictions similar variations in the con-
cordances of the rankings of the methods were observed. Considerable
variations in W Dbetween the experiments for theyrankings of the descrip-
tive statistics of dispersion also occurred.

The lack of high concordances in any experiment for the estimates
of the separate parameters and the low levels observed in some experiments
for the ranks of the rank-totals of the separate parameters show well how
ambiguous are the results of this study. When different rankings of the
methods occurred for the rank-totals of the separate quantities estimated,
the number of times which one method surpassed another was frequently not
significantly different from one-half of the estimates for many of the
parameters involved in the reversals of order. However, there were also
several cases where, for some parameters in an experiment, one method
would be significantly better than another for some parameters, while
for others it would be significantly poorer. The frequencies with which
cne method was better than another varied significantly among the different
coefficients in the experiments. All these findings render an over-all

ranking of the methods precarious.
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Experiments with sparser B-matrices (MOD37A2, MODELS5A, MODEL37B,
MODEL37D, MODEL46 and MODEL56) seemed to have somewhat higher concordances
among the ranks of the rank-totals of the separate structural coefficients
than those with less sparse B-matrices. However, there was not a systematic
tendency for conéordance to increase with sparseness and structures with
higher sparseness than others scometimes had lower concordances. Other
systematic relationships between features of the structural forms, such
as the number of over-identifying restrictions, and the levels of con-
cordance were not apparent in the results. Nor did there seem to be many
differences in the relative performences of the methods in estimating
the elements of B from those of I' or in estimating one equation and
in estimating another. In view of the low values of W for the estimates
of any one parameter which were usually found and the significant differ-
ences in relative performances found earlier in the experiments using
the same structural forms, it is doubtful if any importance should be
given to the tendency of the experiments with sparse B-matrices to show
higher concordances in the ranks of the rank-totals of the separate
structural coefficients than the experiments with less sparse B-matrices.
The performances of the standard errors in the experiments using
different structures were similar to those in the basic experiment. In
some of the experiments, the confidence limitsbased on the t-distribution
with degrees of freedom equal to the number of obsgrvations minus the
total number of coefficients to be estimated are meaningless, since
there were more coefficients than Observations, In these cases, as in

the other experiments, the hypothesis that confidence intervals for the
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adjusted t-ratios should be based on the t-distribution with degrees of
freedom equal to the number of observations minus the number of coefficients
in the equation seemed fairly adequate and could be rejected rarely. The
hypothesis that this distribﬁtion was appropriate for the unadjusted
t-ratios did not fare as well and could quite often be rejected. For DLS
none of the hypotheses seemed to fit and all of them could be rejected
very often. The standard errors of DILS did, however, seem to give fairly
reliable indications of the dispersions of the estimates about their
(biased) central tendencies.
Summary. The over-all rankings of the methods in the

experiments using other structural forms were quite similar

to the rankings established in the basic experiment. The

agreement in any one experiment over the ranking among the

different parameters was sometimes very low and made the

rankings of the methods into groups seem rather precarious.,

7. _Different Disturbance Sizes

Program-parameter 13 was a scale-factor by which the basic set
of structural disturbances in each experiment was multiplied before being
used to generate the endogenous variables. TIn most experiments, program-
parameter 13 had a value of 2. TIn the experiments reported in this
section, other values of the scale-factor were used. First, experiments
were conducted using MOD37A2, the structure of the basic experiment,
with program-parameter 13 set equal to 1, 4, 6, 8 and 10. Then three
experiments were conducted using other structures with Program-parameter

13 set equal to 8.
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The effect of varying the scale-factor was, in the first instance,
to change the size of the effect which the latent, stochastic parts of the
structure played in the generation of the endogenous variables. Table
V-15 shows, in approximate fashion, the percentages of the variation of
the endogenous variables accounted for by the disturbances.88

One might expect that increasing the size of the disturbances
would lead to an increase in the dispersions of the estimates of each of
the methods. By and large, the results of the experiments tend to bear
this out. In most cases, as the value of the scale-factor increased, so
did the descriptive statistics of dispersion for any one of the methods.
The increases seemed to be roughly proportional to the increases in the
size of the disturbances. However, some exveptions to this pattern
occurred. For the structural coefficients there were several descriptive
statistics of dispersion which were smaller for the experiment with the
scale-factor set at 10 than in the one where it equalled 8. This occurred
especially often for the 80% ranges and the third-quartile and ninth-
decile absolute deviations of the FIML estimates. For the reduced-form
coefficients and for the‘predictions, instances of descriptive statistics
for the experiment with the scale-factor set at 8 being larger than for
the one with it set at 10 occurred quite frequently for 38LS, LIML, FIML
and UBK.

An explanation of the seemingly peculiar result that the disper-

sions of the estimates of some methods seemed to ddcrease when the size of

The proportionate roles of the disturbances are shown as ranges since
the effect of the disturbances was not the same for each variable. The
effects shown are for the reduced-form disturbances.
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the disturbances increased is to be found in the difficulties encountered
in computing the estimates. A number of sets of data could not be used
when the scale-factor equalled 10 because of the occurrence of (apparently)
singular matrices in computing the FIML estimates. For many of the corres-
ponding sets of data, estimates were obtained when the scale factor was set
at 8, but these were often very poor estimates. Furthermore, when a set
of data which produced estimates falling in the upper quartile of the
distributions of the absolute deviations of the estimates of the experiment
with the program-parameter set at 8 could be used when it equalled 10, the
resulting estimates in the latter experiment usually fell at higher
quantiles of the distributions of absolute deviations than in the former
experiment. The abandoning of more of the "difficult" sets of data in
one experiment than in the other may thus account for the dispersions in
the former experiment sometimes seeming to be smaller than in the latter.
With high values for the scale-factor, a large number of very
bad estimates of the structural coefficients and the reduced-~form
coefficients occurred. While LIML produced some very poor estimates, the
method which produced the worst estimates of the structural coefficients
was FIML. Some FIML estimates deviated by several hundredsy.percent?fromf
the true values of the structural coefficients. Furthermore, in the
experiments with the scale-factor set at 8 or 10, negative "Squared
standard errors" occurred with some frequency for the FIMIL estimates.
Since FIML and, to a lesser extent, LIML are methods which may pose
computational problems and negative "sguared standard errors" are prime

facie evidence that the FIML estimates have not been computed properly
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and are not the "true" FIML estimates,89 one may wonder whether these poor
estimates may not just have been the result of rounding error building up
to the point that the estimates bore no relation to the data.

Three considerations argue ggainst readily embracing the hypothesis
that rounding error or other computational hazards account for the very poor
estimates. First, although negative "squared standard errors" occurred for
some of the poor FIML estimates, not all the poor estimates had them.
Indeed, most of the worst estimates of the coefficients had standard
errors of positive sign. At the same time, some of the negative "squared
standard errors" occurred for fairly good estimates. Second, when bad
FIML estimates occurred in a replication, they were apt to occur for the
estimates of only one of the structural equations and not for the other

90

two, even though all FIML estimates are computed simultaneously. Third,
and more important, although FIML and LIML often produced very poor
estimates of the structural coefficients, their estimates of the reduced-
form coefficients and their predictions--both of which are derived from
the estimates of the structural coefficients--were not particularly poor.

The dispersions of 3SLS for these two aspects were larger than those of

FIML. The dispersions of UBK similarly were larger than those of LIML.

89See Appendix A for a discussion of the way in which estimastes were made
and the criterion for accepting estimates as the FIML estimates, even though
the matrix of second derivatives might not indicate that a true maximum
had been attained.

9

OThe second equation was the one which was estimated poorly.
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Even for the replications for which LIML or FIML produced very poor
estimates, their predictions were often quite good, both in comparison
with predictions made by other methods and in comparison with predictions
made by these methods in other replications. If computing difficulties
had led to estimates of the structural coefficients which were guite un-
related to the sample from which they were estimated, it seems most
unlikely that good estimates of the reduced-form coefficients or good
Predictions would still be made.

Changing the sizes of the disturbances seemed to affect the biases
of several of the estimating methods. Not only did the sizes of the biases
of the means and the medians of the estimates of the structural and the
reduced-form coefficients tend to increase with increases in the sizes
of the disturbances, the number of coefficients for which significant
median biases occurred also tended to increase for 2SLS, UBK and 3SLS.
When the scale-factor was set at 10, these methods had medians which
were significantly different from the true values for at least twe-thirds
of the structural coefficients, For the reduced-form coefficients, 28LS
and 38LS had significant median biases for ten of the twenty-one coefficients
while UBK was significantly biased for six. LIML and FIML, however, had
significant biases for at most three structural coefficients and two
reduced-form coefficients. Increases in the number of significant median
biases did not seem to occur for the prediections of any of the methods as
the size of the disturbances. increased.

The dispersions of the estimates of the elements of % about

their true values and about their central tendencies increased in size
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with the increase in the sizes of the population values of X. However,
the dispersions as a percentage of the population values showed a vniform
increase only for FIML and LIML. For other methods, while there was a
tendency for the descriptive statistics to increase, there were enough
exceptions to make generalization precarious.

The effects of increasing the value of the scale-factor on the
performances of the standard errors weré guite pronounced. As the sigze
of the disturbances increased, the number éf t-ratios which fell outside
each of the Ehree intervals studied also increased. This was true for
all methods except LIML. For none of these methodé did the standard
errors seem to give reliable indications of the extent of the dispersions
of the estimates about the true values when the scale-factor was large.
Hypotheses which fared well in the basic experiment could be rejected for
many of the coefficients; The performances of the standard errors of
LIML were a bit more complicated. At first, as the value of the scale-
factor was increased, the number of times the t-ratios fell outside the
intervals decreased slightly. Then, as the disturbances were made still
larger, the numbers increased. In most experiments, the hypotheses that
confidence intervals for the t-ratios for LIML should be based on the
t-distribution with five degrees of freedom or that the adjusted t-ratios
would follow it with fifteen degrees of freedom could seldom bé rejected,

The performances of the methods relative to each other did not
change in an entirely straightforwerd way as the siies of the disturbances
ingreased. In many of the comparisons between pairs of methods,the

number of times one method came closer than another to the true values of

Tt
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the structural coefficients would first increase as the size of the
disturbances was increased. Then as the size of the disturbances was
further increased, the relative performance of the method would start

to deteriorate. Usually the turning-point for this behavior was the
experiment with the scale-factor set equal to 4. This rattern of change
in the relative performances affected all the comparisons of the methods
except those of 28LS with FIML, of UBK with 3SLS and FIML, and of LIMIL
with 3SLS. 1In these four cases, the relative performances of the k-class
estimators improved with all increases in the size of the disturbances.
The rank-totals of the deviations of the estimates from the true values,
shown in Table V-16, reflect what occurred&9l The poor positions of FIML
for estimating the structural coefficients when the scale-factor was set
at 8 or 10 are particularly noticegble.

A comparison of the dispersions of the estimates of the structural
coefficients about their central tendencies and of the biases of the
estimates may indicate why there were not uniform effects on the pairwise
comparisons of the deviations of the methods from the true values from
increasing the size of the disturbances. The dispersions of FIML and
LIML tended to increase more than those of DLS, 2SLS and 3SLS. DLS,

particularly, showed fairly small increases in the dispersiong of its

9lIt may be remarked that originally it was planned to conduct only the
experiments with the scale-factor set at L and 8. The puzzling nature

of the changes in relative standing led to our conducting the other
experiments. The puzzling changes in the rankings did not occur for the
rankings of the descriptive statistics of dispersion about the true values
except for the median absolute deviations.
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TABLE V-15

Effects of Program-Parameter 13 on the Percentage of Variances

of Endogenous Variables Contributed by the Disturbances

Variances of Disturbances
Structure Program-Parameter 13 as Percent of Variances
of Endogenous Variables

MOD37A2 : 1 2.2 - 373
MOD37A2 2 - 8.3 - 12.0
MOD37A2 Y 26.6 - 35.4
MOD37A2 & 4.9 - 55.2
'MOD37A2 8 59.2 - 68.6
MOD37A2 10 69.4 - 77.k4
MOD37AB 2 , 4.6 - 5.9
MOD37AB 8 | 43.6 - 50.0
MODEL37D 2 20.4 - 25.9
MODEL37D . 8 80.4 - 84.8
MODEL 46 2 9.0 - 18.3
MODEL 46 8 61.3 - 78.2
MOD37AL 2 5.6 - 12.2
MOD37A3 2 6.6 - 10.3
MOD37AL 2 12.0 - 24,1

MOD37A5 2 12.3 - 15.0

e
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TABLE V-16

Different Disturbance Sigzes - Totals of the Ranks of all Fstimates

by Abgolute Deviations from the True Values

Structural Coefficients

Scale-Factor DLS 2818 - UBK LIML 33LS FIML Kendall's W
1 3177 2787 2757 2800 2092 2137 .092
2 3334 2751 2698 2771 2098 2118 . 112
L 360k 2793 2572 2662 2087 2086 .158
6 3393 2679 2572 2748 2123 2029 .103
8 3168 2561 2490 2659 2146 2788 .058
10 3056 2528 2487 2708 2214 2757 Nells]

Elements of I

1 1603 1333 1074 935 757 598 . 1438
2 1631 1269 1028 - 896 819 657 .392
i 1649 1215 1002 893 833 708 .366
6 1589 1201 957 868 885 800 .282
8 1534 1188 885 806 870 1017 .282
10 1526 1164 876 801 916 1017 .223

Reduced-Form Coefficients

Scale~Factor DILS 2818 UBK LIML 33L3 FIML ILSRF Kendall's W

1 4650 4302 L4236 4191 3145 3288 5586 ,132
2 5020 Losi hass 4137 3127 3211 5519 L1h7
L 5698 Lol 3956 3936 3249 3168 5329 .183
6 5987 k055 3767 3777 3593 3143 5078 -189
8 5939 L1kl 3895 3683 3727 3279 k736 2154
10 5992 k250 3896 3698 3803 3190 4571 .158
Predictions
1 1846 1811 1828 1846 1511 1477 2281 . 075
2 1899 1768 1782 1825 1560 1496 2270 . 067
L 2054 1725 1770 1776 1473 1511 2291 .089
6 2106 1681 1743 1753 1566 1562 2189 . 066
8 2078 1790 1846 1703 1535 1574 2974 .050
10 2082 1758 1879 1724 1574 1552 2031 .0L6
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TABLE V-17
: *

Different Disturbance Sizes - Significant Differences between Experiments
-Structural Coefficients Elements of X2

DLS 28LS VUBK LIML 3SLS FIML DLS 2SLS UBK LIML 38LS FIML
DLS - 3 3 0 3 0 - 0 0 0 0] 0
2818 2 - 1 0 1 0 0 - 0 0 0 0
UBK 3 2 - 0 0 0 1 0 - 0 0 0
LIML 2 3 0 - 0 0 2 0 0] - 0 0
38LS - 3 2 1 1 - 0 0 0 2 3 - 0
FIML 6 6 6 9 1 - 5 .6 6 6 5 -
Reduced-Form Coefficients Predictions

DLS 28LS UBK ILIML 3SLS FIML LSRF DLS 25LS UBK LIML 3SLS FIML LFRF
DLS - 10 7 6 7 7 18 -.. 0 0 1 0 o L
2L O - 1 1 0 0 L 0 - 0 0 1 0 0
UBK o 1 - 1 0 0 L 0 o - 2 0 0 1
LML, O O O - 0 0] 1 0 0 O - 0] 0 0
38Ls 2 L4 7 10 - 0o 5 0 0 0 0 - 0 0
FIML, O O 2 L 0 - 7 oF 0 o0 1 1 - 2
ISRF 0 0 © 0 0 0 - 0 0 0 0] 0 0 -

*Each row records the number of parameters estimated for which one method
was closer to the true values than another significantly more often in
the basic experiment than in the one with the scale-factor equal to 8.
The McNemar test was used with the .05 significance level.
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estimates about their central tendencies. The biases of DLS, 2SLS and
38LS showed a tendency to increase much more than those of LIML and FIMI..
These different ways in which the methods were affected by increases in
the size of the disturbances may account for the differences in relative
performance. The increases in the biases at first made some methods
become relatively poorer, but later the smaller increases in dispersion
made them relatively better.

Changes in the relative performances of the methods in estimating
the reduced-forms were of a more straightforward pattern than the changes
in estimating the structural coefficients. Only in the comparisons of
28LS and FIML did one method (28L8) at first become relatively better
and then relatively worse as the size of the disturbances was increased.
Table V-16 shows the rank-totals for the estimates in the different
experiments. The number of times LSRF came closer to the true vaiues
than each of the other methods increased with the size of the disturbances.
DLS and 38LS performed relatively more poorly as the scale-factor became
larger.

No clear-cut patterns of changes in relative performance. of
the methods in making predictions emerged from examining the results of
the experiments having different sizes of disturbances. Such changes as
occurred were small. There did, however, seem to be a slight tendency
for the relative performances of LSRF to improve and for those of DLS
and FIML to deteriorate. TFor the estimates of the elements of X, the
position of FIML relative to the other methods tended to become steadily

worse with increases in the sizes of the disturbances. The position of
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38SLS relative to the single-equatiqn methods deteriorated but to a less
pronounced extent. Other differences in relative performénce were slight.

The McNemar test was used to compare the results of the experi-
ments with the scale-factor set at 2, & and 8. Table V~17 summarizes
the findings for the comparison of the first and last of these experiments.
For the structural coefficients, the changes in the positions of FIML,

DLS and 28LS were most frequently significant, but the changes in
relative standing were seldom significant for half the coefficients. For
the reduced-~form coefficients, changes occurred in the standings of DLS,
LSRF and 3SLS. For the estimates of 3 the significant changes occurred
mainly in the standings of FIML. Not many significant differences were
found for the predictions.

In comparing the experiment with the scale-factor set at 2 with
the one with it set at b, significant differences occurred mainly in the
relative standings of DLS for +the structural and the reduced-form
coefficients. There were few changes which were significant for other
methods or for other parameters. In comparing the experiment with the
scale-factor set at 4 with the one with it set at 8, the pattern of the
occurrence of significant differences was much the same &as that shown
in Table V-17 except that there were fewer significant changes in the
berformances of DLS relative to the other methods.

The comparisons of the experiments which used other structures
with program—parametef 13 set at 8 with the ones using the same structures
with the scale-factor equal to 2 showed much the same sorts of differences

between the experiments as were found in the experiments using the structure

'y
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of the basic experiment. In all cases the sizes of the dispersions of

the estimates increased with the size of the disturbances. The frequency

with which the biases of the medians were found to be significant for

methods other than FIML and LIML also increased. In the run using

MOD3T7AB, however, this tendency was not very pronounced. Both FIML and

LIML showed significant median biases in one of the other experiments quite

frequently. The standard errors, with one exception, became worse as the

disturbance size increased. The exception was the standard errors of

LIML in MOD37AB which became slightly more reliable with larger disturbances.

MOD37AB was a structure with very low correlations between the disturbances.
One might wonder whether the differences in the relative impor-

tance of the disturbances in the experiments using different values for

the structural coefficients from the bagic experiment might explain the

differences in the results of those experiments. This seems unlikely

for several reasons. The variance of the disturbances relative to the

variance of the endogenous variables in these experiments did not vary

greatly. (Cf. Table V-15.) The differences between the experiments

were larger and more widespread than the differences between the experi-

ments using MOD3T7A2 with brogram-parameter 13 set egual to 1 and 4. There

was a wider range of variation in the importance of the disturbances

between these two experiments than was found between the experiments

which used different values for the structural coefficients. Furthermore,

significant differences were found most frequently between MOD3TA4 and

MOD37A5, structures whose relative disturbance-sizes were not very

different. Finally, the significant differences found by the McNemar
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test in the comparisons of the experiments using MOD37A4 and MOD37A5
with the one using MOD37A2 with brogram-parameter 15 set at 5 were of
the same type and of much the same frequency as had been found in com-

paring these two experiments with the basic experiment.

Summary. Changing the sizes of the disturbances not only
changed the dispersions of the methods; it affected significantly
their performances relative to each other. The changes in
relative standing were not entirely of the same sort for
the structural coefficients and the reduced-form coefficients.
The medians of several methods were more frequently biased
significantly when the disturbances were large. The standard

errors were less adequate when there were large disturbances.

8. Conclusion

The results of the experiments reported in this chapter gave
Some support to the findings of the basic experiment. However, there
were several results which were different from those of the basic experi-
ment. The more important conclusions suggested by the experiments gre

listed below.

1. The differences in the pverformances of the methods are
not very pronounced. Tn all experiments, the rank-totals of the
estimates were fairly close together ang the values of Kendgllts

W were low.
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2+ Although the ranking of the methods into three groups
was supported by many of the experiments, there were cases
where the performances of at least one of the full-model methods
could hardly be judged superior to, or even different from,
those of the consistent k~class estimators. These cases were
found when different values of the structural coefficients from
those of the basic experiment were used, when there were low
correlations between the structural disturbances and when the
sizes of the structural disturbances were large. In some experi-
ments using different structures, the ranking was very weak.

The inferiority of DLS was often not pronounced.

3» The frequencies with which one method came closer to
the true values of the parameters than another were found to
depend significantly on the exact set of exogenous data used,
the true values of the structural coefficients, the correlationsg
between the disturbances and the sizes of the disturbances. As
in the basic experiment, it appeared that the frequency with
which one method surpassed another varied significantly among
the parameters in any one experiment. One cannot make general
statements about the degree of superiority of one method over

another on the basis of the results.

Lk, TIn some cases the estimates of some methods were found
frequently to be biased significantly. This was true when the

disturbances were large,.
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5. In some experiments, the standard errors were not
relisble for making inferences gbout the dispersions of the

estimates of the consistent methods.

These conclusions leave the question of the choice of an
estimator for econometric models up in the air. In the next three
chapters we will investigate whether having special features of the
data or the specification of the model would suggest more clear-cut dis-

tinctions between the performances of the estimators.
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CHAPTER VI

Special Cases of the Standard Model

1. TIntroduction

Chapter V was largely concerned with differences in the structures
to be estimated, which would only be recognizable if the population values
of the parameters were known. The true values of the structural coefficients,
the sizes of the disturbaﬁces and the correlations between the disturbances
are unknown for actual econometric models. The different sets of
exogenous data used in Chapter V were all from the same population. One
could not say that the data of an econometric model resembled one set
more than another. While differences in the struétural forms could be
recognized without knowledge of the values of the parameters, it seems
unlikely that most actual econometric models would resemble one of them
more closely than another. The present chapter investigates cases of
the standard model whose differences from the basic experiment can be
recognized without knowing the true values of the parameters of the
structure. The subjects studied are the effects of having more obsérva—
tions from which to make estimates, multicollinearity of the exogenous
variables, the use of lagged-endégenous variables as predetermined
variables, and trends or suto-correlation in the exogenous variables.

Chapter V indicated that the relative performences of the
methods are sensitive to the exact sets of data used and the structures
which generated the endogenous variables. One might wonder whether

this diskovery preclu&es other experiments from leading to useful results
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since any study of other aspects'must entail some changes in the data
used. Ascribing differences in the results from those discussed in
Chapter V to the special features studied might seem a very dubious under-
taking.

The search for significant differences is not the only reason
for conducting experiments. Although in Chapter V the performances of
the estimators turned out not to differ éreatly from each other, this
might not be true in othef cases. Whether one or more methods are clearly
superior to others when different ways of generating the dats are used
is an interesting question. A second reason for conducting the experi-
ments 1s to inguire if the weak ranking of the methods found in most
experiments'of Chapter V is upset, confirmed, or even strengthened by A§5 B
the use of other types of data. Finally, another problemworth investigating
is the possibility that other ways of generating the data would strongly
affect the absolute performances of the methods, even if the relative

performances were not clearly affected.

2. Different Numbers of Observations

The effects of having different numbers of observations were

investigated by estimating the basic structure92 from thirty-five, fifty

N
J This is the structure of the basic experiment, MOD37A2, shown in
Table IV'lA
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and seventy observations. Then three other structures were investigated
using seventy observations in each replication of the experiments,93

The increase in the nimber of.observations led to only one
significant change in the relative standings of the methods in estimating
the structural and reduced-form coefficients and in making predictions.
DLS came closer to the true values than each of the other methods less
oftdn when seventy observations were used than when there were only
twenty observations. These differences between the experiments were
statistically significant beyond thé .05 level for about half the
coefficients and predictions.94

There was close agreement among the experiments about the
rankings of the estimatOrso95 Reversals ofrorder among the consistent
k-class estimators and among the full-model methods accounted for almost

6

all the differences from unity in the values of Kendall's W.9

3Program-parameter 2 gpecified the number of cobservations. The experiments
reported in this section are experiments AF through AK of the first set of
experimentg, shown in Appendix C; Teble l. The observations used in these
experiments were independent from those used in experiments with only
twenty observations.

9uThe relative performances of DLS did hnot necessarily become increasingly
worse &as the number of observations increased. In estimating the reduced-
form and in meking perdictions, the relative standings of DLS were often
worse in the experiment using thirty-five observations than in the one
with fifty observations. Differences between these two experiments were
not usually significant at the .05 level.

95This is hardly surprising in view of the lack of significant differences
in the pairwise comparisons of the methods between the experiments.

96This was true for the sums over the experiments of the ranks of the tohals
over the parameters of the ranks of the descriptive statistics. It also
held for the sums over the experiments of the ranks of the sums over all
replications and parameters of the ranks of the deviations of the estimates
from the true values.
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The dispersions of the estimates of the consistent techniques
decreased as the number of observations increased. DLS frequently showed
the same sorts of improvements as othernmthodSWhen the number of observa-
tions increasged, but this did not always apply to the statistics of
dispersion aboutrthe true values. With more bbservations, one might
expect to have more accurate estimates. This happened for the consistent
methods.

The estimates of the elements of X showed some interesting
changes when the number of obgervations was increased. With more observe-
tions, the consistent methods performed more similarly to each other in
the sense that the frequency with which one estimator came closer to the
true values than ahother became more nearly equal to one-half. These
changes were significant at the .05 level for most of the individual
elements of X in the comparisons of the experiments with twenty and
seventy observations. Significant differences in the frequencies with
which other methods surpassed DLS in the two experiments occurred for

only one or two of the elements of X. These differences did not upset
the ranking of the methods for estimating X which was established in
the basic experiment, but did mske it less clear-cut. The dispersions
of the estimates tended to décrease, but not uﬂiformly, a8 the number'
of' observations increaseds Sbme methods had some descriptive statistics
which were smaller in the experiment with thirty-five observations than
in the:one with fifty observations.
The standard errors showed some changes as the number of

 observations increaseds The standard deviations and the root-mean-sgquare
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errors of the consistent estimates of the structural coefficients tended
to fall at lower quantiles of the distributions of the standard errors.
The places of the DLS standard deviations, but not of its root-mean~
square errors, tended to decrease as the numbervof obgervations increasgeda
The deviations of the estimates of the structural coefficients
from their true values exceeded twice their standard errors less often
as the number of observaticns increased for all the consistent techniques.
Fewer t-ratios of the consistent methods exceeded the 95% confidence
limits of the t~distribution with degrees of freedom equal to the number
of observations minus the number of coefficients in each equation. For
neither measure could one reject the hypothesis that only 5% of the
estimates would fall outside ﬁhe specified ranges for any of the consistent
estimators in the experiment using seventy observations‘97 The DLS standard
errors performed differently from those of other methods: for DLS the
frequencies with which the t~ratios fell outside the intervals examined
tended to inecrease with the number of cbservations.
The effects of using seventy observations in other structures
were similar to those found in the basic structure. The typical descrip~-

tive statistics of dispersion were smaller in the experiments with seventy

97For this experiment, the t-value based on the number of coefficients in
each equation was less than two. The differences between the t-value

based on the total number of coefficients--which had led to reliable
inferences in all these experiments--and the t-~value based on the number

of coefficients in each eguation becomes smaller as the number of observa-
tions incregsess The hypothesis, which did well in the basic experiment,
that the adjusted t-ratios follow the t-distribution with degrees of
freedom equal to the number of observations minus the number of coefficients
in each equation continued to do well in these experiments.



185

observations than in the ones with twenty and the standard errors were
more reliables ﬁhe pérformances of the consistent methods in estimeting
2 were cloger to eéch other when seventy observations were used. The
performances of DLS with respect to the structurel and reduced~-form
coefficidnts and the predictions, relative to other methods, were sig-
nificantly worse in the experiments using seventy observationg than in
the ones using twenty. The relative performances of the other methods
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did not show significant differences between the experiments.

Summary. Having more observations improved the estimates of
all the consistent methods but did not alter the relative per-
formances of the methods. BLS tended to be poorer relative to
the other methods when there were more observations. With more
observations, BLS had smaller dispersions about its central

tendencies which continued to be blased significantly.

3.  Multicollinearity

The next subject investigated was the effect of having deliberately

introduced correlations between the exogenous variables. Collinearity was

981n the structure with low correlations between the structural disturbances
(MOD37AB), the relative performances of the full-model methods, especially
38LS, were better in the experiment with seventy observations than in the
one with twenty. These differences, however, were not significant at the
»05 level. Tt is worth noting that the McNemar test found fewer signifi-
cant differences in the performances of the full-model methods relative

to the k-class estimators for the estimates of the structural coefficients
in the paired replications of the experiments using MOD3T7AB and MOD37A2
with seventy observations in each than it had found when compsasring the
estimates of these structures made from twenty observations.
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introduced by multiplying the exogenous data used in the experiments
already reported by various matrices so that the exogenous variables
were linear combinations of those of earlier experiments. Program-
parameter 6 controlled the introduction of multicollinesrity. Table
VI-1 shows the pairwise correlatimns between the exogenous data used
in the experiments of thig secfionm99
Six experiments used the structure of the basic experiment
with different values for program-parameter 6. Five other structures
were investigated with various values for the program~parameter. Finally,
two experiments used the basic structure and multicollinear exogenous
data with smaller disturbances in one case and seventy observations,
rather than twenty, in the otherxloo We will examine first the results

of the experiments using the basie structure with the standard number

of observations and set of disturbances.

Biage« The medians of the estimates of the structural and
reduced~form coefficilents made by QSLS,‘UBK and 38LS were significantly

different from the true values more frequently in some experiments than

99Values of 2, 3, and 4 for program-parameter 6 introduced correlations
between only two or three of the exogenous variables. Values of 5, 6,
and 7 for the program-parameter led to all the variables being multi-
collinear. The pairwise correlations between most variables increaged
with the size of program-parameter 6.

lOOThe experiments investigating multicollinearity are experiments B
through N of the second set of experiments conducted shown in
Appendix C, Table 2. In one of the experiments studying different
structures, thirty-five observations instead of twenty were used.
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in the basic experiment. The finding of significantly biased medians -
did not increase systematically with the amount of collinearity. Some-
times the medians of the estimates were significantly biased more often
in experiments with smaller correlations between the-exogenous variables

than in ones with smaller correlationsulOl

Digpersions. The dispersions of the estimates both about the
true values and about their central tendencies tended to increase as
more multicollinearity ‘was introduced. Table VI-2 shows some of the
typical descriptive statistics of dispersion for the structural and the
reduced—form.coefficients.lo2 The typical descriptive statistics for
the estimates of X and for the predictions showed similar increases.

The increases in dispersion had some peculiar features. Often
the descriptive statistics for an experiment with lower correlations were :
quite a bit larger than those for experiments with higher correlations.
Occasionally these peculiarities were evident among the typical descrip-
tive statistics as well as smong the statistics for the individual

coefficients. These peculiar cases were not confined to the estimates

lOlFor the estimates of the reduced-form coefficients, significantly biased
medians were found most frequently when program-parameter 6 equalled 3,
although the correlations were higher when it equalled 4, 5, 6 angd 7.
Significant biases in the estimates of the structural coefficients occurred
most often when the program-parameter was set at 4 and 7. The correlations
between the exogenous variables are shown in Table VI-1.

lO2The typical descriptive statistics are the averages Of the statistics

for the separate coefficients divided by the true values. They are -
described in Chapter III, Section 7.
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of only one experiment. Among the experiments with correlations be-
tween all the variables, each experiment frequently had the largest and
the smallest descriptive statistics, even though the correlations between
the variables were higher in some experiments than in others. The same
was true for the experiments with deliberately introduced correlations
among only one or two exogenous variables.

These peculiarities in the descriptive statistics could not be
explained, as were the peculiarities found when different sizes of dis-
turbances were used, by differences in which sets of data had to be
abandoned in the course of estimating the structures. 1In the experi-
ments with high multicollinearity, singular matrices were found quite
often. Examination of the estimates made from the corresponding sets
of data in other experiments did not indicate that differences in the
sets of data used led to the differences in the descriptive statistics.

"The estimates made from sets of data which could be used in all the
experiments often exhibited the same peculiarities as the descriptive
statistics. Experiments with larger correlations between the exogenous
variables frequently had estimates with smaller deviations from the
true values than ones with lower correlations even when estimates were
made from data using identical sets of disturbances.

FIML made a number of very bad estimates when there were large
correlations between the exogenous variables. Often these estimates

deviated from the true values by several hundreds percent. -Negative

0
* 3The experiment with program-parameter 6 set at six showed the peculiar

features most often.



189

T
s

”squaredng%aQQard errors" also occurred for the FIML estimstes. The -
remarks in Chabferfv, Sections 5 and 7, about very bad FIML estimates

and negative "squared standard errors" hold here. In particular, the

bad estimates of the structural coefficients often led to good estimates
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of the reduced-form coefficients and to good predictions.

Relative Performances. Table VI-3 records the totals of all

the ranks of the deviations of the estimates from the true values in the
experiments investigating multicollinearity in the basic structure. The
results of most of the experiments suggested the ranking of the estimators
into three groups which was established in the basic experiment. However,
there were some cases where FIML and 3SLS did not do better than the
consistent k-class estimators. The totals of the ranks for the different
methods varied considerably among the experiments. These changes did not z
seem to be closely related to increasing correlations between the exogenous
variebles. For example, the position of 3SLS and FIML according to the
totals of the ranks of all the estimates were Poorer when program-
parameter 6 equelled 5> or 7 than when it was set at 6. The correlations
between the exogenous variables were higher when it was set at 6 than

when it equalled 5; they were still higher when program-parameter 6 was

set at 7.

lOI‘LIn one replication of one experiment, FIML had very bed estimates of

the structural coefficients, the reduced-form coefficients and the pre-
dicted values. If these estimates had been deleted from the experiment,
the findings of the experiment, except about the extreme quantiles of &
the distributions of the estimates, would not have been changed. We may -
note that the very bad estimates usually occurred for the estimates of

the second structural equation.
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Pairwise comparisons of the methods revealed several differences
between the experiments. The frequencies with which one method came
closer to the true values than another did not seem to vary systematically
with changes in the correlations between the exogenous variables. An
experiment which had lower correlations between the variables than
another would often show larger differences from the basic experiment
or other kinds of differences from it than did the other experiment.

These peculiar cases happened for all the types of parameters investigated.

The McNemar test investigated the significance of differences
between several of the experiments. Table VI-4 summarizes the results
for the estimates of the structural coefficients; Table VI-5 shows the
findings for the reduced-form coefficients. The test indicated that
the puzzling differences between the experiments found in the rankings
and the pairwise comparisons of the estimates were due to statistically
significant differences between the experiments. This is brought out
by the fact that for some structural coefficients, the estimates of the
full-model methods came closer to the true values than other methods
significantly less often when program-parameter 6 equalled 6 than when
it was set at 5 or 7. The comparisons of these three experiments with
the basic experiment also indicated that the results of the experiment
ﬁith program-parameter 6 set at 6 could not be regarded as being mid-way
between those of the other two experiments, even though the correlations
between its exogenous variables fell between those of the other experi-

ments.
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Correlations Between Exogenous Variables

MOD3T7A2 o 1 0 0" 0

Data Set - O v 1 -.15 -.11
T = 20 ‘ 1 -.18
Parameter 6 = 0O 1

Variances of disturbances as -
percentages of variances of

endogenous variables: 8.3 - 12.0

MOD37A2 ' 1 0 0 0
Data Set - O . o 1 .95  -.13
T = 20 , 1 -.16
Parameter 6 = 2 1

Variances of disturbances

as percentages of ¥-variances:

- 9.3 - 17.7
MOD37AZ2 1 0] 0 "0
Data Set - O 1 62 .52
T = 20 ' 1 -.18
Parameter 6 = 3 1

Variances of disturbances

as percentages of Y-variances:

7.1 - 10.2

MOD37A2 ‘ 1 0 0 0
Data Set - O 1 .87 .91
T = 20 1 .99
Parameter 6 = 4 1

Variances of disturbances
as percentages of Y-variances:

5.9 - 7.5

-.18
-.01

-.15

.19
-.19
-.15

-.20
-.01
-.15

-.10

-.01
-.05
1

-.37

27
-.37
-.09

-.12

37

~-.21

.27
-.37
-.09

.06

27

.19
-.09

191

-.18
.03
.02
.05
.56

-.18
-.17
.02
.05
.56

.03
.03
.02
.05
.56

.06
11
.01
.05
.56

)



TABLE VI-1 (Cont.)

MOD3TA2 . 1 0 0
Data Set - O 1 .71
T =20 1

Parameter 6 = 5
Variances of disturbances

as percentages of Y-variances:

3.3 - k.3

MOD37A2 1 0 0
Data Set - O ‘1 .87
T =20 1

Parameter 6 = 6
Variances of disturbances

as percentages of Y-variances:

hh - 5.3

MOD37A2 1 0 0
Data Set - O 1 .99
T = 20 1

Parameter 6 = 7
Variances of disturbances

as percentages of Y-variances:

3.4 - 4.0

MODEL 46 1 0 0
Data Set - O 1 -.21
T = 20 C1

Parameter 6 = O
Variances of disturbances
as percentages of Y-variances:

9.0 - 18.3

.55
.58

6
.73

.93
-93

A1
.02

.38
.52
-39

.59
.66
.58

.87
.88
.87

2L
-.56
-.17

.25
o7
.25
.37

.30
.19

.25
42

.69

.73
.67

<75

-.03
-.12
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.59
.87
57
-7
.88

.29
.35
.36
.43
.72

.60
.61
.64
.69
.85



TABLE VI-1 (Cont.)

MODEL 46 1 0 0
Data Set - O 1 .62
T = 20 1

Paresmeter 6 = 3
Variances of @isturbances

as percentages of Y-variances:

8.6 - 17.7

MODEL 58 1 0 0
Data Set - O 1 .19
T =20 : 1

Parameter 6 = 0
Variances of disturbances

as percentages of Y-variances:

8.4 - 24,3

MODEL 58 1 0 0
Data Set - O 1 .66
T =35 | 1

Parameter 6 = 5
Variances of Disturbances

as percentages of Y-variances:

1.7 - bk

MOD37A2 1 0 0]
Data Set - O 1 .07
T =70 1

Parameter 6 = 0O
Variances of disturbances
as percentages of Y-variances:

5.7 = 8.9

.03
.08

-.26
-.21

- b1
-.56
-.17

-.01
-.23
.03

.49

.15
L1k

.07
.03
-.10

-.07
-.h1
-.17
-.01

‘O2
.32

-.17
.10
-.25

-.15
+.16

.03
.63

.66
.54
46
.63

57

.10
-1k
-.01

.29
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023
+.02

.23

.30
-.09
-.50
.63
.33
47

52
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TABLE VI-1 (Cont.)

MOD37A2 1 0 0 0 0 0 0

Data Set - O 1 .80 .51 .55 .33 .70
T =70 1 .55 .55 .52 .88
Parameter 6 = 5 1 43 - 24 .57
Variances of disturbances 1 .35 .59
as percentages of Y~variances: 1 .84
2.6 - 3.2 1

MOD37A2 1 0 o] 0 0 0 0]

Data Set - 1 1 .21 =.07 ¢ -.03 .58
T =20 1 .35 o) .57 .10
Parameter 6 = 0 1 -.20 .11 .36
Variances of disturbances 1 -.02 .18
as percentages of Y-variances: 1 -.03
5.7 - 7.2 1

MOD37AZ ' 1 0 0] 0 o 0 0

Data Set - 2 1 -.16 -.12 -,10  -.11 L1k
T = 20 1 .05 .18 .24 .08
Parameter 6 = O 1 -.01 0 -2l
Variances of disturbances 1 .03 .01
as percentages of Y-variances: 1 .28

5.9 - 8.8 1
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Multicollinearity - Typical Descriptive Statistics of Dispersion
bructural Coefficients
Irter-quartile Ranges
Program-

Parameter 6

IO\ WO

~ O\ WO O

Program-
Parameter 6

~N OV W N O

IOV =W DO

597
.828
L71O
.024
.531
.768
.080

546
952
.660
119
275
-895
.189

DLS

.386
.268
.329
-598
-3k1
342
.289

28LS

< 437
-215
<459
- 837
493
.620
659

TUBK

ikl
628
L9k
.869
.507
705
941

LIML

453
.876
.524
1.032
.551
<799
1.344

Third-quartile Absoliute Deviations

<436
867
.62k
-990
549
856
151

.376
.606

) b
o et

JTTH
453
570
971

.383
. 706
pIIn
L7728
U455
L6114
1.182

.38k
.900
Skl
.822
487
.678
1.677

Reduced-Form Coefficiente

Inter-guartile Ranges

UBK

=597
LTH5
722
1.260
.600
789
1.363

LIML

.590
.834
723
1.343
.596
.'788
1.284

3

SLS

.313
L8l
.501
.946
.555
.556

1.

172

38L3

443
.370
675
.500
482
.854

-255
561
.382
.570
.433
435
.995

FIMI,

297
483
. 487
.46

.592

Third-quartile Absolute Deviations

- 478
.581
-590

<229

.521
.652

1.

501

476
.623
.600
1.220
.52k
676
1.647

475
.68k

.599
1.184
.531
.690
1.288

.286
467
.518
.819
-490

1.

459
618

.519
-137

.256

.453

Jh1s
770
.506
ity
.998

FIML

.288
. 504
. 402
.721
.528
.519
.51L

244
b2k
.348
.562
Iy
L4ho
. 666

LSR¥

012
.253
. 667
907
618
874
L1529

o
VIO R RN D

LTh2
.917
267
764
162
.382
222

=
N OO H

=
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TABLE VI-3

Multicollinearity - Totals of Ranks of Deviations

of Estimates from True Values

Structural Coefficients

Program-

Parameter 6 DLS 2818 UBK LIML 3SL8 FIML Kendall's W
o 3334 2751 2698 2771 2078 2118 112
2 3702 2756 2475 2598 = 2158 2061 176
3 3502 2649 2508 2518 2380 2193 .106
N 3703 2730 2478 2589 2125 2125 172
5 3487 2555 2508 2559 2302 2339 .097
6 3720 2691 2517 2630 2104 2088 .180
7 3483 2620 2371 2443 2365 2468 .09k

Elements of Z
0 1631 1269 1028 896 819 657 .392
2 1637 1265 992 930! 810 666 .390
3 1647 1238 985 842 848 740 .366
I 1686 1259 983 847 818 707 22
5 1667 1233 973 835 838 754 .380
6 1679 1270 989 862 802 698 A2k
7 1499 1166 918 861 920 936 .189
Reduced-Form Coefficients
Program-

Parameter 6 DI.S 28LS3 UBK LIML 3S8LS FIML IL3RF Kendall's W

0 5020 4251 4135 4137 3127 3211 5519 . 1h7
2 5054 3798 4110 4173 3461 3315 5489 .126
3 4301 4087 4103 L4ouh8 3942 3313 5606 . 093
L Ll 4034 Loo9s 4233 3594 3325 5678 L111
5 4350 3782 3877 3869 3581 3620 6321 .182
6 4800 3921 hi2a 4148 3377 3327 5706 .135
7 4771 L0o23  L219 378k 3973 3646 L4978 LOU8
Predictions
0 1899 1768 1782 1825 1560 1496 2270 . 067
2 2000 1703 1718 1692 1689 1685 2113 L0334
3 1848 1827 1793 1680 1760 1549 2143 .035
N 1896 1737 1781 1790 1598 1589 2209 . OL7
5 1780 1674 1724 1830 1709 1687 2196 .035
6 1980 1709 1786 1824 1563 1552 2186 L054%
7 2099 1785 1821 1596 1782 1659 1858 .027
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TABLE VI-4

Multicollinearity - Significant Differences between Experiments,

Structural Coefficients

Experiments A-C Experiments A-E

DLS 28LS UBK LIML 3SLS FIML DLS 2S8LS UBK LIML 3SLS FIML
DLS - 2 1 2 0 0 - 6 5 5 0 2
288 . 0 - 2 2 0 0 1 - 1 1 0 0
UBK 0 0 - 0 0 0 1 1 - 0 0 0
LML, O 2 0 - 0 0 1 1 0 - 0 0
38L8 1 3 3 3 - 0 2 i 2 2 - 0
FIML 1 2 1 1 0 - 2 3 L 3 1 -
Experiments A-F ' Experiments A-G

DLS 2SLS UBK LIMI 38L§ FIML DLS 2SIS UBK LIML 3SLS FIML -
DLS - 9 7 5 7 5 - 6 3 3 1 0
2818 1 - 5 2 0 0 0 - 5 2 0 0
UBK 1 1 - 0 0 0 0 0 - 0 0 0
LIML 1 1 0 - 0 0 0 0 0 - 0 0
3eLe O 0 0 0 - 0 1 2 i 3 - 0
FIML, O 0o o0 0 0 - 3 L 5 Lo -
Experiments E-F , Experiments E-G

DLS 2SLS UBK LIML 3SLS FIML DLS 2SLS UBK LIML 3SLS FIML
DLS - 1 o o 6 3 - k3 2 2 1
2SL8 O - L 0 I 2 1 - L 0 0 0
UBK 0 0 - 0 3 3 1 0 - 0 0 0
T.IMIL, 0 ¢] ‘0 - 2 3 3 0 0 - 1 0]
3818 - O 0 0 0 - 0 3 0 3 2 - 0
FIML O 0 1 0 0 - 5 0 1 2 o) -

Experiments ¥F-G
DI.S 2SLS UBK LIML 3SLS FIML

DLS - 1 2 1 0 0
23818 2 - 1 0 0 0
UBK 6 0 - 0 0 0
LIML 5 0O 0 - 0 0
3818 6 2 2 3 - 0
FIML 8 2 2 3 0 -

See notes to Table VI-5 for explanation of table>entries.



T

198

TABLE VI-5

Multicollinearity - Significant Differences between Experiments,

Reduced-Form Coefficients

Experiments A-C : Experiments A-E

DLS 2SLS UBK LIML 3SLS FIML LSRF DLS 2SLS UBK LIML 3SLS FIML LSRF
DLS - 1 1 2 0 0 2 - 11 0 0 0 0
2818 4+ - 2 0 0 0 0 3 - 0 0 0 0 0
UBK L o - 0 0 0 0 3 1 - 0 0 0 0
IIML. 3 O O - 0 0 0 3 0O 0 - 0 0 0
3sLs 9 6 7 7 - 1 3 9 6 5 7 - 0 0
FIML 4 4 3 2 0 - 1 8 7 6 6 2 - 0
ISRF 6 3 1 1 3 2 - 14 9 10 9 5 6 -
Experiments A-F Experiments A-G

DLS 28LS UBK LIML 3SLS FIML LSRF DLS 2SLS UBK LIML 3SLS FIML LSRF
DLS - 1 0 1 0 0 2 - 3 2 3 0 0 5
28I 2 - 0 0 0 0 0 0 - 0 0 0 0 2
UBK Yy 2 - 0 0 0 0 0 o - 0 0 0 b
LIML 4 o0 o - 0 0 o} 0 0 0 - 0 0 2
3L 3 7 3 3 - 0 0 5 7 5 11 - 0 8
FIML 2 1 1 0 0 - 0 5 2 1 5 0 - 1
ISRF 4 1 0 0 1 0 - 1 0O 0 0 0 0 -
Experiments E-F Experiments E-G

DLS 2SLS UBK LIML 3SLS FIMI LSRF DLS 28LS UBK LIMI, 3SLS FIML LSRF
DLS - 4k 2 2 6 6 8 - Loy 4 1 4y 10
28I 1 - O 0 L 5 i T -0 0 0 3 12
UBK 1 1 - 0 3 6 i 2 0o - 1 0 1 11
LIML O 1 O - 3 Iy 8 2 0O 0 - 0 0 8
38 1 1 1 0 - 2 6 1 3 2 1 - 2 1k
FIML 1 1 O 0 0 - 5 1 2 1 0 0 - 12
LISRF O O O 0 0 0 - 0 0 0 0 0 0 -
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TABLE VI-5 (Cont. )

Experiments F-G

DLS 2SLS UBK LIML 3SLS FIML LSRF

o

DLS

28LS
UBK

LIML
38LS
FIML
LSRF

OMN Wi
OOMNMOO 1

COr oI HO
OO\t WWwO
CQO1 OO0 O
(o BN o NeoNeoNoNe)
! OO\O}-{_)'\'J\H

Notes:

each other method significantly more often in the experiment mentioned first
than in the one mentioned second. The McNemar test and the .05 significance
level were used. There were fifteen structural coefficients and twenty-one
reduced-form coefficients. The experiments differ in the values assigned to
program-parameter 6, The values were:

Experiment p Program-Parameter 6
A O (the basic experiment)
C 3
E 5
F 6
G 7

These letters for the experiments are those of the second set of experiments
conducted (Appendix C, Table 2). MOD37A2, the structure of the basic
experiment, was used in all the experiments.
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Standard Errors. In some experiments studying multicollinearity,

the standard errors of some of the methods were less reliable than in the

105

basic experiment. The deteriorations were more marked for the coeffi-
cients of the second structural equation than for others. In some
experiments, one could reject quite frequently the hypothesis that hinety-
five percent of the t-ratios fall within the 95% coenfidence interval of
the t-distribution with five degrees of freedom.lO6 The hypothesis that
the adjusted t-ratios follow the t-distribution with fifteen degrees of

freedom also fared poorly.

Findings using the Basic Structure. The results of the experi-

ments investigating multicollinearity in the basic structure had several
buzzling features. One might expect multicollinearity to make estimation
more difficult for two closely~related reasons. With multicollinearity,
the distinctions between the exogenous variables are less clear-cut.
While the effects of each variable remain unchanged, the closeness of

the variables to each other might make estimation of the part each plays
in determining the endogenous varisbles more difficult. In addition,
multicollinearity tends to make the variance-covariance matrix of the
exogenous variables more ill-conditioned. This matrix enters in one

way or another into the calculations of all the estimates. One might

expect the calculations to become more inaccurate with higher correlations

lOSThis was particularly true when program-parameter 6 was set at 2 and T

lO6This is the number of observations minus the total number of coefficients
to be estimated. Fifteen is the number of cobservations minus the number of
coefficients in each equation. The hypothesis mentioned in the text was
rejected frequently when Program-parameter 6 was set at 2, 5 and 7.
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between the exogenous varisbles. Intuitively, one might expect the
confluence of the relétionships arising from multicollinearity to affect
the more subtle methods to a greater extent than the other ones since
their subtlety might lead to their being more confused by the multi-
collinearity. From the computational side, one would expect the full-
model estimators to be more affected than the single-equation methods
since they require the inversion of larger matrices. One might also
expect DLS to gain relative to the other methods since its calculations
are simpler.

The findings of the experiments gave but weak support to these
conjectures. While there was & tendency for the dispersions of the
estimates to increase with larger correlations between the exogenous
variables, the increase was not at all regular.lo7 The relative positions
of the methods were affected, but again the changes were not closely
connected to the changes in the correlations among the variab;es.

It was found in éhapter V, Section 3, that the perférmances
of the methods were sensitive to the exact sets of exogencus datsa used,.lo8
It is impossible to chénge the correlations between the variables without
changing the variables used. The results of the experiments seem to

suggest that the effects of changing the sets of data used were themselves

lOTFIML became harder to estimate with increases in the correlations
between the exogenous variables in the sense that it tended to require
more iterations to reach the FIMI estimates.’

l08A comparison of the correlations shown in Teble VI-1 with the results
of the section indicates that those results cannot be ascribed to
different correlations between the variables of the different data sets.
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more important than those of changing the levels of multicollinearity.
The impossibility of separating the two aspects in the experiments seems
to make i1t impossible to draw many conclusions about the effects of

multicollinearity on the estimates.

Other Experiments. The experiments which used other structures

usually indicated that multicollinearity led to larger dispersions of the
estimates, but this was not always the case. Marked changes in the
relative performances of the estimators did arise from multicollinearity,
but slight deteriorationsin the standings of the full-model methods were
apt t0 occur. There was, however, some variation between the experiments
in the apparent effects of having multicollinearity.

The experiments using the basic structure with seventy observations
or small disturbances as well as multicollinearity, indicated that multi-
collinearity increased the dispersions of the estimates and led to slight
deteriorations in the relative positions of the full-model methods.

These results were similar to those found when twenty observations and
the standard size of disturbances were used with the basic structure

and the same values for program-parameter 6.

Summary. The dispersions of the estimates tended to increase
with larger correlations between the exogenous variables. The
relative performances of the full-model methods were apt to
deteriorate slightly. However, there were a number of peculiar
features in the results and the changes were not very closely

related to the changes in correlation between the variables.
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It was suggested that this was due to the sensitivity of the
estimators to the exact sets of data used. The fact that
different sets of data were used, per se, may account for the
changes in performance as much as the fact that these differ-
ences came from increasing the correlations between the

exogenous varigbles.

4. TLagged-Endogenous Variables

The effects of having lagged-endogenous variables among the pre-
determined variables were next investigated. Program-parameter i
controlled the use of lagged-endogenous variables. Letting ygt. be
the value of the gth endogenous variable at observation t and Zy i

be the value of predetermined variable k at observation t (g = lyeee,G;

k=1,...,K: t = l,...,T), the effects of program-parameter U were:

Program-Barameter U4 Effect
o) No lagged-endogenous varisbles
L k-1, ~ Yg-1,t-1
2 K-1,6 T Ye-1,t-1
%t = Yo,t-1
3 -1t - Yge1, -1
’,t - Yg,t-1

’g-2,t = Yg-2,t-2



204

Other predetermined variables were the same as the exogenous variables
used when there were no lagged-endogenous variables. The initial values
of the predetermined variables, that is, the values of Zy s Were simply
the values for the variables when no lagged-endogenous variables were
used.

One experiment used the basic structure with program-parameter 4
set at unity. The program-parameter was set at 2 for experiments using
the basic structure and two other structures;ldQ Experiments were also
conducted with two lagged-endogenous variables in the basic structure
with deliberately-introduced multicollinearity among the exogenous
variables. Finally, three experiments used two different structures
with program-parameter U4 set at 33110

The results of the experiments using the basic structure with
one and two lagged-endogenous variables did not show many pronounced
differences from the results of the basic experiment. The dispersions
of the estimates of all methods were smaller with lagged-endogenous
variables. This was less pronounced for FIML than for other methods.

The dispersions of the estimates were slightly larger in the experiment

with two lagged-endogenous variables than in the one with only one.

lOgThe other structures were MOD37AL4 and MODEL37B.

lloTwo of these used MOD37AL with twenty and seventy observations. The
third experiment used MOD37AE. MOD37AL differed from the basgic structure
in the values of the structural coefficients. ‘MOD37AE used the same
structural coefficients, but had lower correlations between the structural
disturbances than MOD37AL. MODEL37B was of different structural form.

The experiments reported in this section are experiments O <through W
of the second set of experiment conducted, Appendix C, Table 2.
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The decreases in the dispersions should not, probably, be
ascribed to lagged-endogenous variables alone. The use of lagged-
endogenous variables reduced the size of the variances of the disturbances
relative to the variances of the endogenous varia.bles.lll The decreases
in the relative roles of the disturbances could account for the decreases
in the dispersions of the estimates.

There was no tendency for the number of times the medians of the
estimates were significantly biased to increase with the use of lagged-
endogenous varisbles. Nor Wére there many changes in the performances
of the standard errors, except that when one lagged-endogenous variable
was used, the DLS standard errors were somewhat less misleading than in
the basic experiment.

The performances of the methods relative to each other were not
greatly affected by the introduction of lagged-endogenous variables into
the basic structure. The concordancesAof the ranks of the rank-totals
of the descriptive statistics in the two experiments with lagged-endogenous

variables and the basic experiment were usually above -9 for the aspects

studied other than the Predictions. There were nod very pronounced
differences in the numbers of times one method came closer to the true

values than another between the experiments. There did seem to be a

lllWith Program-parameter 4 get equal to unity, the disturbances accounted
for from 2% to 10% of the variances of the endogenous variables in the
basic structure. With the program-parameter set at 2, the disturbances
accounted for from.ls5% to 8% of the variances of the endogenous variables.
In the basic experiment, the disturbances accounted for 8% to 12% of the
variances of the endogenous variables.
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slight tendency for the relative performances of FIML, DLS and 3SLS to be
worse when there were two lagged-endogenous variasbles than when there were
none.

The McNemar test investigated the significance of the differences
in the experiment with two lagged~endogenous variables from the basic
experiment. For the structural coefficients, the estimates of £ and
the reduced-form coefficients there were very few significant differences
between the experiments. They were so rare that one would hesitate to
say that the performances of the methods relative to each other were
affected by the use of lagged-endogenous_VariableS; This is especially
true because we have already found that changing the predetermined
variables used in an experiment may affect the relative performances of
the methods.112

More pronounced differences between the experiments were found
in the relative performances of the methods for their predictions than
for other aspects. The relative positions of FIML, DLS and LSRF seemed
to be quite sensitive to the introduction of lagged-endogenous variables
according to the rank-totals for all the separate predictions.l13 In
comparing the experiment with two- lagged-endogenous variables with the

basic experiment, the McNemar test found that the performances of FIML

ll2’.[‘here were significant differences for three of the fifteen structural

coefficients in the performances of LIML relative to UBK. In some of
the comparisons of the full-model methods with the consistent k-class
estimators, significant differences occurred .for-two coefficients.
Otherwise there were significant differences in the performances of the
methods for at most one structural coefficient.

113These rank-totals are shown in Appendix D, Table B~12.
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relative to the consistent k-class estimators were significantly worse
when there were two lagged-endogenous variebles for a third of the values
predicted. DLS did better than the other k-class estimators for two of
the values. Other significant differences in the relative performances
of pairs of methods occurred for at most one of the values predicted.

The values of Kendall's W for the ranks of the rank-totals of the
descriptive statistics of the distributions of the predictions in the
three experiments using the basic structure were somewhat lower than for
the other aspects, but they were usually above .7. Reversals of order
Ifrom that of the basic experiment occurred quite frequently in the
experiments with one and two lagged-endogenous variables between FIML and
the consistent k-class estimators and between them and DLS.

The results of using other structures with two lagged-endogenocus
variables were in general agreement'with those using the basic structure.
The dispersions of the estimates tended to decrease, but this might be due
to the disturbances playing a smaller role when there were lagged~

endogenous variables. Except for the bredictions, the relative performances

of the methods did not seem sensitive to the introduction of lagged-

endogenous variables. The standings were somewhat more sensitive in

the predictions. However, no pwonounced pattern for the changes occurred.lllL
The two experiments using the basic structure with lagged-

endogenous variables and deliberately-introduced multicollinearity held

ll%For example, the position of LSRF relative to some other methods

improved with the introduction of lagged-endogenous varigbles in
MOD37A2 and MOD37A4, but became worse in MODEL37B.
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no great surprises. Lagged-endogenous variables reduced the dispersions
of the estimates from the levels in the experiments with multicollinearity
without lagged-endogenous variables. This could probably be ascribed
both to a reduction of the role of the disturbances and to a lowering of

1
the correlations among the exogenous variables. o

Striking differences
in the relative performances of the methods did not occur. Interestingly
enough, such differences as were found showed the experiments with lagged-
endogenous variables to have the same sorts of differences among themselves
as had been found among the corresponding experiments without lagged~
endogenous variables. These differences between the experiments were less
pronounced when there were lagged-endogenous variables. The relative
positions of the methods were more sensitive to the introduction of
lagged-endogenous variables in making predictions than in other aspects,
but again no pattern for the effects of lagged-endogenous variables
emerged.

The dispersions of the estimates of all parameters were a great
deal smaller when three lagged-endogenous variables were used than when
there were none. This can probably be attributed to a decrease in the
role of the disturbances.ll6

Differences in the relative performances of the methods when

there were three lagged-endogenous variables from when there were none

T .
15The lagged-endogenous variables were far less highly correlated with

the other predetermined variables than were the exogenous variables they
replaced.
116 . .

The structural disturbances accounted for only about one-sixth as many
of the variances of the endogenous variables when there were three lagged-
endogenous variables as when there were none.
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Summarz. The introduction of lagged~endogenous varisbles
did not affect the estimators greatly. Changes in the dispersions
of the estimates could probably be ascribed to the disturbances
playing smaller roles in these experiments than in the basic
experimente Only when three lagged-endogenous varisbles were
used were there many significant differences from the corres-
ronding experiments which used only exogenous variables. Whether
these differences should be ascribed to having lagged-endogenous
variables rather than just to having different predetermined

varigbles is a moot question.

5. Time-Structures in the Exogenous Variables

The next group of experiments investigated the effects of having
systematic relationships in the exogenous variables between the observa-
tions of different periods. This was achieved either by the introduction
of trends in the variables or by msking the exogenous variebles auto-
correlated. Program-parameter 5 controlled the introduction of time-
structures. The effects of different values for this program-parameter
are shown in Table VI-7.

The cheanges in the generation of the data investigated in this
section might not be expected, by themselves, to affect the relative
performances of the methods. Many of the features studied could have
been achieved by re-ordering the observations of the basic experiment
to give the appearance that these aspects were present in the data.

However, in conjunction with some other features of the generation of



TABLE VI-7

Time-Structures in the Exogenous Variables
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- Types Investigated

Program-Parameter 5 .Effect
0 Zyy = qkt; all k and t.
1 Zyp = t; k =K, all t;
Zyp = qkt; k # K, all t.
2 Zy = t, k =K, all t;
2, = (2t/T)ql;t, k = K-1, all t;
Zet = Qi k=1,...,K-2, all t.
3 Zey = (5 + 8/Thay,, k£ 1;
Zkt = quG =1, k = i.
5 Zpp = G - 50 + 100t/T, k # 1;
ey = Qg = 1, k=1
6 Zkt = qut + '6Zkt-l’ t % 1;
Tt =~ Ypr BT
7 Zpp = +20, + 'BZkt-l’ t £ 1;
ékt = Y V=L
Symbols: Zyp - the kth exogenous variable (k = 1,...,K) at the tth
observation (t = 1,...,T) used when program-parameter
5 had the value indicated.
Yy - the kth exogenous variable at the tth observation in

the set of exogenous data used when bProgram-paramater

5 had a velue of zero.
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the data studied in the next chapter, they might lead to considersble
changes in performance. The experiments discussed in this section were
conducted to give bases for comparison for these later experiments.

The need for the experiments of this section was heightened by
the sensitivity of the results to the sets of predetermined data used,
which was found in Chapter V and in earlier sections of this chapter.
One cannot presume that a change in the exogenous data will not affect
the relative standings of the methods. The experiments of this section,
indeed, provide further explorations of the sensitivity of the results
to the sets of data used and many of them were conducted only with this
end in mind.

A large variety of experiments investigated the effects of
having time-structures both by themselves and together with lagged~
endogenous variables or multicollinearity. Several different structures
were examined. We shall not discuss the experiments individually but
shall only mention special features which stood out in the results of

the group of experiments.ll8

Distributions of the Estimates. The dispersions of the estimates

showed considerable variation among the experiments where time-structures
were introduced into the exogenous variables. Frequently these changes
could be attributed to the disturbances accounting for different pro-~

portions of the variances of the endogenous variables or to different

118The experiments discussed in this section are experiments X through

A0 of the second set of experiments conducted, shown in Appendix C,
Table 2.
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correlations between the exogenous variables. However, this was not always
the case. When one of the exogenous variables was replaced by a trend

119

variable, namely the number of the observation, the dispersions of the
estimates were larger than those in the basic experiment, although the
disturbances did not play a larger role and the correlations between the
exogenous variables were smaller.

In only a few instances were the medians of the estimates
significantly biased more frequently than in the basic experiment. The
main case occurred for the estimates of 2SLS and 38LS when the exogenous
variables were highly auto-correlated.lgo In that experiment the dis-
turbances accounted for over 50% of the variances of the endogenous variables.
Large disturbances were found in Chapter V, Section 7, to lead to the
occurrence of significantly biased medians more frequently than in the
baslc experiment. The-number of significant blases was not larger than
in the basic experiment when the variables were less highly auto-

correlated.l21

Ranking of the Methods. The ranking of the methods into three

groups, as suggested by the results of the basic experiment, was found in
most of the experiments which had time-structures in the exogenous variables.

When this was not true, the corresponding experiments without time-

ll9This is the effect of setting program-parameter 5 equal to unity.

lEOThat is, when program-parameter 5 was set at 7.

lnghat is, when program-parameter 5 equalled 6.
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structures also had not shown the ranking of the methods into three grou.ps.122
There was one exception to this pattern of support for the findings of
earlier experiments. When MODEL48 was used with highly auto-correlated
exogenous variables, FIML was not better than all the congistent k-class
estimators for the structural coefficients and 3SLS was not better for
reduced-form coefficients. There was some variation between the experiments
in the totals of the ranks for the estimates of any one method, but these
differences were not uswally enough to weaken the rankings greatly. On

the other hand, in none of the experiments was the agreement among the

ranks of the deviations from the true values of the estimates much

closer than in the basic experiment..

Significant Differences between Experiments. The significance

of the differences of several of the experiments with time-structured
from the basic experiment and from each other were investigated by the
McNemar test. 1In most comparisons, significant differences were found
for a few of the parameters estimated. The standings of DLS relative to
the other methods and the positions of the full-model methods relative
to other methods seemed to be particularly sensitive to the use of time-
structures in the exogenous variables. Occasionally the performance of
one method relative to another improved significantly for some parameters,
while for others it deteriorated significantly. There was nothing in

either the changes in the standings or the frequencies with which thege

122For example, when there were small correlations between the structural

disturbances, the full-model methods did not do better than the consistent
single~equation methods.
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changes were significant to suggest that they were due to anything but
to having different sets of exogenous data, regardless of the time-structure

introduced,: or to having the disturbances play different roles.

Standard Errgrs. In most of the experiments, the performances

of the standard errors were comparable to the performances when no time-
structures were introduced. The one exception to this was that the
standard errors were not very reliasble when highly auto-correlated
exogenous variables were used. The results of Chapter V, Section 7,

where it was found that very large disturbances led to unreliable standard
errors, suggest that the large roles the disturbances played in this
experiment may account for the poor performances rather than the intro-

duction of auto-correlated exogenous variables.

Experiments with other Special Features. Time-structures were

used in some experiments which also had multicollinearity or lagged-
endogenous variables among the predetermined varisbles. The results of

these experiments seemed to be a combination ef "“the results of the
experiments which had the features separately. Thus, while multicollinearity
tended to make the dispersions of the estimates larger and weakened the
ranking of the methods when there were time-structures in the exogenous
variables, these effects seemed hardly more pronounced, and were sometimes
less so, than when multicollinearity was introduced without time-structures.
More remarkable, the combination of lagged-endogenous variables with the
time-structures did not greatly affect the results and it did not seem

that the two features in conjunction with each other led to results
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greatly different from those of the basic experiment or from the findings

of the experiments which had lagged-endogenous variables only.

Summary. The introduction of time-structures into the
exogenous variables did not alter the performances of the
methods greatly. Many of the changes which ocecurred could
probably be attributed to there being different correlations
between the exogenous variables or to the disturbances playing
different roles in the generation of the endogenous variables.
Such differences &s did occur in the relative standings of
the methods seemed only to provide further confirmation of
the suggestion that the relative performances of the methods
are sensitive to the exact sets of exogenous data used. The
use of time-structures with lagged-endogenous variables did

not lead to pronounced changes in the performances of the

methods.

6. Conclusion

The experiments discussed in this chapter held few surprising
results. They did indicate that the results of Monte Carlo experiments
are fairly sensitive to the use of different sets of predetermined
variables. This sensitivity led to the finding of several surprising
results when multicollinearity was investigated. It was probably to
blame for many of the differences between the experiments found when

investigating lagged-endogenous variasbles and time-structures in the
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exogenous variables. Given the difficulties caused by this sensitivity

to the actual sets of data used, it seemed, nevertheless, that multi-
collinearity led to greater dispersions of the estimates, more observations
led to smaller dispersions and that the other features, in themselves,

did not affect the dispersions. In most of the experiments, the ranking
of the methods found in earlier chapters still seemed to hold. The
weakness of the ranking was again an outstanding feature of the experi-
ments. It should be noted, however, that the experiments of this chapter
did not give independent support to earlier findings. The structures

used and, in most experiments, the data employed were closely related

to those used in the earlier experiments.
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CHAPTER VII

Other Statistical, Simultaneous-Equation Modéls

l. Introduction

A largd group of the Monte Carlo experiments reported in this
study used data which did not conform entirely to the assumptions of the
Cowles-Commission model, (1.1)-(1.6). The findings of experiments in
which the statistical assumptions of the standard model, (1.L4) -and (1.5),
were violatéd in one way or another are discussed in this chapter.

The principal question investigated is the sensitivity of the
distributions of the estimates to the assumptions on which the derivations
of the estimators were based. The performances of the estimators relative
to each other will be examined especially. Because the data are not
fully appropriate to the estimators, one might expect the estimates to
exhibit different properties in the experiments of this chapter from
those of earlier chapters. In many cases, the directions of minimization
of the residuals used by the consistent estimators may no longer seem
appropriate. Intuitively, the methods which deal with the problem of
simultaneity in more subtle ways might be expected to suffer more than

12
the straightforward methods from the violations of the assumptions. 3

12

3The principles from which the estimators can be derived were discussed
briefly in Chapter II. That subtlety does not necessarily make for better
estimators was shown in earlier chapters. LIML, which seems to rest on
sounder principles than the other k-class estimators and which is, in
particular, the maximum-likelihood. estimator, did not do better than

other consistent single-equation estimators in the earlier experiments
except for estimaﬂing the elements of .
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In particular, the full-model methods might show poorer performances than
the single-equation methods and DLS might have better standings relative
to the other methods than it had in earlier experiments.

Many of the violations of the assumptions studied in this chapter
could be introduced only by altering the exogenous dats or the values of
the structural coefficients. From the findings of earlier chapters, we
can expect the results of the experiments to show some sensitivity to
these changes. Small changes in the standings of the methods could be
ascribed to this sensitivity rather than to the fact that the change in
the data was accompanied by & violation of the assumptions of the standard
model. Only pronounced changes in the results can be attributed with

much confidence to the violations of the assumptions.

2. Errors in the Exogenous Variables

Measurement error of the exogenous variables was the first
violation of the assumptions of the standard model investigated. In
thege experiments, one get of exogenous data--usually the one used in
the basic experiment--generated the endogenous variables. Setting
brogram-parameter 3 equal to unity added stochastic elements to the
exogenous data. The structure was then estimated from this new set
of data. Program-parameter 16 wags a scale-factor controlling the size

124

of these errors. Let

124In this section the term "scale-factor" will be used to refer to
program-parameter 16 and not to program-parameter 13 which controlled
the size of the structural disturbances.
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qkt be the exogenous variables used in generating the data
(k =1,.00,K £ =1,...,T);
Zyy be the exogenous data used for estimating the structure; s
vkt be independently and ndrmally distributed pseudo-random
numbers of mean zero and unit variance; and
h be the value of program-parameter 16.

Setting program-parameter 3 equal to unity led to

wt Gt * BV k #1, all t; -

Z =

t 4%y = 1, k =1, all t.

The Vit like the usual structural disturbances, were not the same in
the different replications of an experiment. The qkt remgined unchanged
throughout the replications, as in other experiments.

Four experiments used the structure and the structural distur-
bances of the basic experiment125 with errors added to the exogenous data
of that experiment. Thege experiments had the scale-factor determining
the sizes of the errors set at 1, 2, 4, and 8. One experiment had multi-

collinearity in the exogenous data to which the errors were added.126

125MOD37A2, shown in Table IV-1l, is the structure of the basic experiment.

126This experiment also used MOD37A2 and had the scale-factor set at 2.
Multicollinearity was introduced by setting program-parameter 6 equal
to 5.
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Finally, two experiments investigated the effects of measurement errors in
other structures.127

The results of using the basic structure with measurement errors
were more notable for their lack of differences from those of the basic
experiment than for any startling effects to be attributed to measurement
errors. The dispersions of the estimates of the structural coefficients
about their central tendencies and about the true values were larger
when there were measurement errors in the exogenous variables. The larger
the sizes of the errors, the greater were the dispersions. Indeed, the
increases in the dispersions of the estimates seemed to be roughly pro-
portional to the sizes of the scale-factor for the errors added +to the
exogenous variables. According to most of the descriptive statistics
of dispersion, the increases in dispersion were slightly larger for the
full-model methods than for others. With the introduction of measurement
errors, stochastic elements played a larger role in the structure than
when the structural disturbances were the only stochastic parts of the
structure. The increases in dispersion might well be due to the larger
role of the stochastic elements in the structures, Per se, regardless of
the fact that they were introduced as measurement errors. The changes
were quite similar to those found in Chapter V, Section 7, as a result

of increasing the sizes of the structural disturbances.

127The structures used were MOD37Al, which differed from MOD37A2 in the
values of the structural coefficients, and MOD37AB, which differed from
MOD37A2 by having smaller correlations between the structural disturbances.
These experiments had the scale-factor set at 2. The experiments disussed
in this section are experiments B through H of the third set of
experiments, Appendix C, Table 3.
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The differences of the medians or the averages of the estimates
of the structural coefficients from the true values tended to increase
in size with the size of the errors in the gxogenous variables.128 The
frequencies with which the medians were significantly different from the
true values did not increase in any marked fashion with the introduction
of errors of measurement. However, in the experiment with the largest
€rrors, several significant median biases were found among the estimates
of the consistent methods.129 Even in this experiment they occurred for
at most one~third of the coefficients. The failure to find many sig-
nificantly biased medians is surprising since errors in the exogenous
variables do bias the estimates of the single-equation model.l3o Sig-
nificant biases may not have been found frequently in the experiments
because the dispersions of the estimates were so large in relation to their
biases that any biases of the estimators were not statistically significant
in samples of fifty estimates rather than because the estimators are
actually unbiased.l3l The findings do indicate that errors in the exogenous

variables do not lead to serious biases of the estimates of the struetural

coefficients.

128This does not appear in most of the typical biases Presented in

Appendix D since the biases of the separate coefficients largely can-
celled out in forming the typical descriptive statistics.
l29Through0'ut this chapter we refer to the methods by their properties
in the standard model whether or not these broperties are true for the
models being estimated.

13OSee J. Johnsbon, Econometric Methods, (New York: McGraw-Hill, 1963),
Chapter 6. .

131This may, of course, also be the explanation for rarely finding sig-
nificantly biased medians for the estimates of the consistent methods
in the experiments of earlier chapters.

=)
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Errors in the exogenous variables did not greatly affect the
standings of the methods in estimating the structural coefficients. The
concordances of the ranks of the rank-totals in the basic experiment and
the ones with different sizes of measurement errors were well above .8,
as measured by Kendall's W, for most of the measures of dispersion

13

examined. When this was not true,- 2 Kendall's W was still above .7 .

Some changes in the relative performances of the methods did
occur. FIML and 3SLS came closer to the true values than other methoas
less often as larger errors in the exogenous variables were introduced.

On the other hand, DLS and 2SLS improved somewhat. The deteriorations
of the relative positions of FIML were also evident in the rankings of
most of the descriptive statistics of dispersion.

The McNemar test found few significant differences between the
basic experiment and the one with small measurement errors.133 These few
showed the performances of the full-model methods to have been significantly
poorer when there were measurement errors. In comparing the experiment with

134

large measurement errors with the basic experintent, significant differ-
ences were found quite often. Table VII-1 records their frequencies.

One other change in the relative performances of the methods
bears mentioning. As the errors in the exogenous variables increased,

the concordances between the ranks of the deviations of the estimates

of all the coefficients from the true values declined. When the scale-

l321t was not true for the ranks of the median absolute deviations, the
interquartile ranges and of the sums over the coefficients of the ranks
of the sums over the replications of the ranks of the absolute deviations
of the estimates from the true values.

l33That is, the experiment with “the scale-factor set at 2.

l3hThat 1s, the experiment with the scale-factor set at 8.
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factor was largest, Kendallls W was only .Ob for the totals of these
ranks; it was .11 in the basic experiment. There was also less agreement

among the separate coefficients about the over-all ranking of the methods

23

suggested by the sums over the replications of the ranks of the deviations
from the true values of the estimates of each coefficient. In the basic
experiment, Kendall's W was .74 for the sums of the ranks of these totals
over the separate coefficients. In the experiment with the largest errors
it was only .19. Although this last figure is significantly different
from zero at the .05 level, it does indicate that any ranking of the
methods in that experiment must be very tenuous.

The standard errors of each consistent method were apt to become
boorer as larger errors in the exogenous variables were introduced. How-
ever, the deteriorations were slight and were not usually statistically
significant if judgement of the standard errors was based on the number
of t-ratios falling outside the three intervals examined.135 One could
rarely have rejected the hypothesis that inferences ba;ed on the belief
that the t-ratios followed the t-distribution with five degrees of freedom
or that the adjusted t-ratios followed it with fifteen degrees of freedom

would be accurate.
The dispersions of the estimates of ¥ made by all methods

increased with the size of the errors in the exogenous variables--ag

135The three intervals were the 95% confidence intervals of the t-distribu-
tion with five and fifteen degrees of freedom and the interval -2 to +2.
The t-ratios are the deviations of the estimates from the true values
divided by their standard errors.
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might be expected from the larger roles played by the non-systematic
elements. The rankings of the methods for measures of dispersion about
the central tendencies of +he estimates showed no marked changes, but

the rankings for the dispersions about the true values were substantially
altered. Any method which had tended to do better than arother in the
basic experiment became relatively poorer with increagsingly large errors
in the exogencus variables. The changes in performence between the bagic
experiment and the one with the largest measurement errors were found to
be statistically significant by the McNemar test for all elements of .
If the true values of % are re-defined to irclude both the structural
disturbances and the measurement, errore, the rankings of the methods
according to the measures of dispersion from the true values were rot
changed in any marked way by the intrcduction of errors in the €X0genos
variables.

The estimates of the reduced-form coefficients were affected
by the introduction of errors in +he exogenous variables in much the same
ways as were the estimates of the structural coefficients. The dispersions
of the estimates of all methods increased with the full-model methods
seeming more sensitive than the others. The sizes of the biases of the
estimates of the individual coefficients tended to increase, but medians
which were significantly different from the true values were found with
greatly incregsed frequency only in the experiment with the largest
errors. In that experiment the estimates made by the consistent techniques
were significantly biased for from cne=third to one-half of the reduced-

form coefficients.
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TABLE VII-1

Errors in the Exogenous Variables - Significant Differences

¥
from the Basic Experiment

Structural Coefficients

DLS 28LS UBK LIML 3SLS FIML
DLS - 3 2 2 1 0
2818 L - 2 2 0 0
UBK i 3 - 2 0 0
LIMI, 4 L 0 - 0 0
38LS 3 5 L 7 - 0
FIML i 6 5 5 0 -
Reduced-Form Coefficients

DLS 28LS UBK LIMI, 3818 FIML LSRF
DLS - 0 0 0 0 0 1
28L8 6 - 0 0 0 0 0
UBK 7 8 - 1 0 0 1
LIML 7 6 0 - 0 0 0
3818 6 6 in i - 0 5
FIML 8 10 10 6 6 - 4
LSRF 1 0 0 0 0 -

Predictions

DLS 2318 UBK LIML 3818 FIML LSRF
DLS - 2 2 2 2 0 2
28LS 1 - 2 2 0 0 0
UBK 1 2 - 1 0 0 0
L.IML 1 2 A - 0 o} 0
38LS 0 1 1 1 - 0 2
FIML 1 1 1 2 1 - 2
LSRF 0 0 0 0 0 0 -

*Each row of the table records the number of parameters for which the method
was closer to the true values than each other method significantly more
often in the basic experiment than in the one with the largest errors in
the exogenous variables. The McNemar test with the .05 significance level
was used.
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The relative standings of the methods in estimating the reduced-
form coefficients were not very sensitive to the introduction of errors in
the exogenous varisbles. However, the positiong of FIML relative to other
methods and, to g lesser extent, of 38LS relative +o Others deteriorated
with the introduction of errors of measurement. The relative positions
of LSRF, 2SLS and DLS improved somewhat. For several reduced-form
coefficients, the McNemar test found that these changes were significant
in comparing the results of the basic experiment with the one with the
largest measurement errors. The results of the test are shown in Table
VII-1. Significant differences between the experiments for any one pair
of methods were not found for more than one-half the reduced-form
coefficients. Usually they occurred far less often.

The changes in the Predictions were gimilar to those for the
reduced-form coefficients. However, even in the experiment with the
largest measurement errors significantly biased medians were found rarely
and, as shown in Table'VIIél,changes in the relgtive Performances of the
methods between the experiment with the largest errors and the basic cne
were seldom statistically significant.

The experiment with errors in the exogenous varisgbles and
deliberately-introduced multicollinearity in the exogenous variables
showed no surprising results. Differences between this exXperiment and
the one with measurement error alone were similar to the differences
found in Chapter VI, Section 3, between the experiment using the collinear

set of data without measurement error and the basgie experiment.




using the basic structure with ang without measurement errors. The
dispersions of the estimates increased somewhat but significantly biased
medians were not found more frequently. The rankings of the methods were

not substantially affected.l36

Summary. Errors in the exogenous variables had no Pronounced
effects of the Performances of the methods. Most differences 1in
the results of the experiments could as Plausibly have been
ascribed to increasing the stocﬁastic Parts of the models and
to changing the correlations between the stochastic elements of
the separate equations as to the fact that thege changes aroge

from adding errors to the exogenous variables.

3. Stochastic Coefficients

The next step in the study was the investigation of the effects

of making the structural coefficients which generated the endogenous

136It was noteworthy that in the structure with very low correlations
between the structural disturbances, the performances of FIML and 3SLS
relative to other methods improved with the introduction of measurement
€rrors. It will be remembered that when there were small correlations
between the structural disturbances, these methods did not Perform better
than the consistent k-class estimators. (cr. Chapter v, Section 5.) The
correlations between the errors in the structural equations, both the
usual disturbances ang the errors added to the exogenous variables, were
" higher in the structure with small off-diagonal elements of ¢ than the
correlations between the structural disturbances alone; in the other
structures they were lower.
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variables stochastic. This happened when brogram-parameter 8 was get equal
to unity. Program-parameter 17 was a scale-factor controlling the size of
the stochastic additions to the coefficients. Let h Dbe the value of
Drogram-parameter 17. Before generating an observation of the endogenous
variables, a stochastic addition was made to the structural ceefficients.
These additions were normally distributed Pseudo-random numbers of mean

zero and variances equal to E? bercent of the true values of the structural
coefficients to which each was added. The structure thus altereqd was used,
with the exogenous variables and structural disturbances of the Observa~
tion, to generate the endogenous variables for the observation. The

coefficients on which the equations were normalized were not altered.

experiment.
Three experimentgs had stochastic additions to the coefficients
of the basic structure with the scale-factor set at 2, 4, and 8. Two
other experiments had stochastic additions to the coefficients of other
structures. Finally, ocne experiment had stochastic additions to the
coefficients of the basic structure and errors in the exogenous variables.l37
Analysis of the results of thege experiments was complicated
by the fairly frequent occurrence of apparently singular matrices. When
this difficulty arose, sets of data had to be abandoned. In the experi-

ment with small additions to the basie structure, for example, eleven sets

137These are experiments T through N of the third set of experiments con-
ducted, Appendix C, Table 3.
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of data had to be dropped before fifty sets of estimates could be obtained.
Other experiments left out even more sets of data. Not all the sets

omitted from the experiment with small additions were found unusable in

other experiments. This meant that the results of the various experiments
were not fully comygrgble, However, despite this difficulty, the comparisons
of the experiments fevealed several interesting features.

Stochastic coefficients increased the sizes of the dispersions
of the estimates of the structural coefficients of the basic structure
very considerably. --#he dispersions were apt to become larger in pronounced
fashion as larger stochastic elements were added. Table VII-2 records
thé sizes of the typical median absolute deviations in the expefimémt%.
While the increases were enormous for all methods, those of FIML were
substantially greater than those of other methods. DLS was the method
least affected. Other descriptive statistics increased in similarly
dramatic ways.

The biases of the estimates of the structural coefficients were
strongly influenced by the introduction of stochastic coefficients. Not
only were the sizes of the differences of the medians of the estimates
from the true values larger in the experiments with stochastic coefficients,
in most cases the frequencies with which these differences were significantly
different from zero also were higher for methods other than DLS. Table
VII-3 shows the number of~?imes the medians of the estimates were found
to be significantly biased. It will be noted that significant biases
were found slightly less frequently in the experiments with the scale-

factor set at 4 and at 8 than in the one where it was set at 2.
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Having stochastic coefficients sharply affected the relative
standings of the methods. DLS did very well in estimating the structursl
coefficients in the experiments with stochastic coefficients. Its per-
formance relative to other methods was very similar to 38LS, which retained
its good position. 288 also had an improved relative performance. On
the other hand, FIML, together with LIML, tended to be Jjudged the worst
of the methods. These rankings held both for the totals of the ranks of
all estimates, which are shown in Table VII-M, and for the ranking of the
methods according to the descriptive statistics.

The sign test and the Wilcoxon signed-ranks matched+pairs test
found significant differences between the dispersions of pairs of methods
in the experiments with stochastic coefficients which were quite different
from their findings in the basgic experiment. For example, in the experi-
ment with the largest additions to the coefficients, 3SLS had significantly
smaller dispersions from the true values than FIML for all the structural
coefficients according to the Wilcoxon test. In the basic experiment
the test found no significant differences between the two methods. The
results of the Wilcoxon test in the experiment with the largest additions
to the coefficients and in the basic experiment are shown in Table VII-5.

Table VII-6 records the frequencies with which there were
significant differences in the relative performances of the methods in
the experiment with the @mallest additions to the coefficients of the
basic structure from the Performances in the basic experiment. The
deteriorations of FIML and the improvements of DLS and 2SLS were quiﬁe

often significant.
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Two further points about the effects of stochastic coefficients
should be noted. First, although changes in the relative standings of
the methods occurred with the introduction of stochastic coefficients,
using larger stochastic additions to the coefficients did not further
change the standings of the methods. Second, “the performances of the
methods were all fairly close to each other. Kendall's W for the totals
of the ranks of all estimates of the structural coefficients varied
from .10 to .12 in the experiments with stochastic coefficients. It was
.1l in the basic experiment.

The experiments which used two other structures with stochastic
additions to the. structural coefficients also showed that their intro-
duction had pronounced effects on the estimates of the structural
coefficients. Again there were substantial increases in the dispersions
of the estimates, the largest increases being for FIML and smallest for
DLS. 1In one of the experiments, the increases in the frequencies with
which the medians were significantly biaseg were again found. No increase

occurred in the other experiment.l38 Once again the relative standings
of the methods were influenced. DLS and 28LS became better while FIML

became substantially poorer.l39'

138The experiment where the increases occurred used MOD37AB which had the
same structural coefficients as the basic experiment but had smaller
correlations between the structural disturbances. The other experiment
used MODEL37E which was of different form from the structure of the bagic
experiment. , :

l393SLS improved in MOD37AB relative to methods other than 2SLS and DLS.
It will be recalled that in the standard run of MOD37AB, 3SLS had not had
performences which were superior to the congistent k-class estimators.

On the other hand, the relative performances of 38LS were somewhat poorer
in MODEL37E when there were stochastic coefficients.
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The standard errors were not greatly affected by the introduction
of stochastic coefficients.lho As judged by the frequencies with which
the t-ratios fell outside each of the three intervals examined, 38LS and
FIML had less reliable standard errors when stochastic coefficients were
bresent. As larger stochastic additions to the coefficients were made,
the standard errors of these methods became slightly more reliable, though
their performances were still poorer than in the basic experiment.

The deteriorations of the performances of the standard errors
were largely confined to two coefficients, Both occurred in the B-matrix.
One was 621 and the other was 632. Thé summary statistics indicated
that the dispersions of the estimates of these coefficients were, if
anything, relatively smaller than those of other coefficients. Deteriors-
tions in the Performance of the standard errors for other coefficients
were very slight. In one of the experiments using a structure different
from the structure of the basic experiment, no deterioration in the
Performances of the standard errors occurred. If anything, they were

better when the coefficients were stochastic.lul

In the one with the largest additions to the coefficients, for example,
over twenty-five percent of the "squared standard errors” were negative
for some coefficients. If these cases were counted among the replications
where the standard errors led to misleading conclusions, the standard
errors of both methods would have performed a great deal more proorly

than in the basic experiment. They were not so counted because tnegative
standard errors are an indication of inaccuracy in computing the estimates
and are not otherwise g Property of the estimators.

llu‘This occurred in MODEL37E.
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Experiment

A
I
N)
K

Experiment

=G H

Experiment

=G H

Let HM-

"~ DLS

.26
1.49
3.1k
5.26

DLS

.36
20.26
141,24
85.07

- DLS

.02
59
3.75
2.00

- Typical Median Absolute Deviations

Structural Coefficients

28LS

.22
1.74
3.49
6.09

UBK

.23
1.96
4.50
7.71

LIML

.25
2.51
5.27
8.65

Reduced-Form Coefficients

28LS

.28
10.15
72.83
L6.12

28LS

.02
.37
2.06
1.13

UBK LIML
.28 .28
9.69 8.18
60.99 54,19
41.83 hs.17
Predictions

" UBK IIMIL
.02 .02
.30 .29
1.77 1.h2
1.15 1.10

38LS

.15
1.45
2.69
L.81

38L8

.15

12.97
72.48

49.55

38LS

002
.ho

2.05
1.30

FIML

14
5.97
39.28
21.49

FIML

.02
.22
1.3k
.96

FIML

.15
2.23

b7k
8.92

LSRF

1.07
12.55
67.17
45.79

LSRF

.03

.27
1.43
1.05

be the median absolute deviation of the estimates of a

1
method from the value being estimated, Gi

Q
1/Q = By /ei

i=1

i

Experiment A is the basic experiment;
Experiment I had program-parameter 17 set at 2;
Experiment J had program-parameter 17 set at U4;
Experiment K had program-parameter 17 set at 8.

Table entries record
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TABLE VII-3

Stochastic Coefficients - Numbers of Significant Median Biases

7,

Structural Coefficients

Experiment DLS 28L8 UBK LIML 3818 FIML
A 1k Iy i o} 3 9)
I 9 8 8 6 9 7
J 7 7 5 5 7 L
K L 4 3 4 7 2

Reduced-Form Coefficients

Experiment DIS 28LS UBK LIMT, 33LS PV LSRT

R A 13 0 0 0 2 0 0
I 11 1 0 3 2 9 o

J 0 0 O 1 0 1 0

: K 0 3 2 2 0 3 2

Predictions

Experiment DLS 2318 UBK LIML 38L3 FIMI ISRy

A 3 0 0 0 0 0 2

I 3 0 3 L 0 5 o

J @) 0 0 0 2 0 C

K 1 3 3 2 3 2 3

of the estimates of each method were significantly different from the true
values at the .05 significance level. Fifteen structural coefficients
. Were estimated. Twenty-one reduced-form coefficients were estimated.

Nine values were Predicted.

Experiment A was the basic experiment;

Experiment I had brogram-parameter 17 get gt 2;
Experiment J had brogram-parameter 17 set at b
Experiment K had brogram-parameter 17 set at 8.
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TABLE VIT-L4

*
Stochastic Coefficients - Rankings of the Estimators

Structural Coefficients

Experiment DLS 2818 - ‘ UBK LIML 38LS FIML, Kendall's W
A 3334 2751 2698 2771 2078 2118 11
I 217h 2271 2763 3111 2248 3183 .11
J 2180 2327 2941 30k9 2161 3092 .10
K 2106 2336 2941 3118 2145 3104 .12

Reduced-Form Coefficients

Experiment DLS 28L8 UBK LIML 38LS PIML LSRF Kendall's W

A 5020 ko511 4135 4137 3127 3211 5519 .15

I. 5618 Y500 3907 3833 ko7s 3334 3911 .10

J 5659 kel 4139 3737 o7y 3121 3829 .12

K 5549 k432 3847 3851 k259 3264 %198 .10
Predictions

Experiment  DLS 28L8 UBK LIML 38LS FIML LSRF Kendall's W

A 1899 1768 1782 1825 1560 1496 2270 .07
I . 2345 1932 1671 1612 1892 1452 1696 .09
J 2360 1911 1790 1612 1826 1457 1644 .09
K

2341 1831 1676 1626 1853 1509 1764 .08

*Table entries are the sums of the ranks for the deviationsg of the separate
estimates of each paremeter from the true values of the barameters and the
values of Kendall's W for each of the rows of the table.

Experiment A is the basic experiment.

Experiment I had stochastic coefficients with the scale-factor set at 2.
Experiment J had stochastic coefficients with the scale-factor set at k.
Experiment K had stochastic coefficients with the scale-factor set at 8.
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TABLE VII-5

Stochastic Coefficients - Significant Differences between Methods

Structural Coefficients

DLS 25LS UBK LIML 3818 FIML
DLS - 9 (1) 12 (1) 15 (1) 5 (0) 1% (0)
28L8 0 (7) - 11 (3) 15 (3) 0 (0) 14 (0)
UBK 0 (7) 0 (0) - : 0 (2) 0 (0) 3 (0)
LIML 0 (4) 0 (0) .0 {a) - 0 (0) -1 (0)
3818 1 (15) 6 (11) 12 (11) 1k (11) - 15 (0)
FIML 0 (14) 0 (10) 0 (10) 1 (10) 0 (0) -

Reduced-Form Coefficients

DLS 2887 UBK TN 3818 FIMI, LSRF
DLS - 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (10)
2SLS 18 (L) - 0 (0) 0 (0) o (0) 0 (1) 3 (15)
UBK . 17 (k&) 9 (0) - 0 (0) 3 (0) 0 (1) 2 (15)
LIML 14 (k) 7 (2) 3 (2) - 6 (0) 0 (0) 1 (16)
38L8 15 (16) 3 (15) 1 (15) 0 (15) - 0 (1) 0 (15)
FIML 19 (15) 13 (15) 6 (15) 7 (15) 15 (2) - 12 (15)
LSRF 15 (2) 10 (0) 1 (0) 6 (0) 5 (0) 0 (0) -

Predictions

DLS 2818 UBK LIML 38LS FIML LSRF
DLS - 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (6)
28LS 9 (1) - 0 (0) 0 (1) 0 (0) 0 (0) 0 (7)
UBK 9 (1) 3 (0) - 0 (2) 0 (0) o (o) G (7)
LIML 8 (1) 1 (1) 1 (1) - 3 (0) 0 (0) 0 (7)
3818 9 (%) 0 (0) 0 (3) 0 (3) - 0 (0) 0 (7)
FIMIL 9 (k) 2 (o) 0 (0) 0 (3) 6 (0) - 3 (9)
LSRF 9 (0) 0 (0) 1 (0) 0 (0) 2 (0) 0 (0) -

Entries in each row record the number of values for which the method was
found to have significantly smaller dispersions than each other method

in Experiment K. Numbers in parentheseg are the frequencies in the basic
experiment. The Wilcoxon test was used with the .05 significance level.
Experiment K had stochastic coefficients with the scale-factor (program—
parameter 17) set at 8.
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TABLE VII-6

Stochastic Coefficients - Significant Differences

%
between Experiment I and the Basic Experiment

Structural Coefficients

DLS 28LS UBK LIML 38LS FIML
DLS - 1 1 1 0 0
28L8 10 - 1 1 0 0
UBK 9 8 - 0] 1 0
LIML 13 8 1 - 2 0
38LS 10 - 5 0 0 - 0
FIML 13 11 7 6 8 -
Reduced-Form Coefficients

DLS 2813 UBK LIML 3SLS FIML © . LSRF
DI.S - 1 L 2 2 3 17
28LS 1 - 3 5 0 3 17
UBK 0 0 - 0 0 0 12
LIML 0 0 0 - 0 0 13
38LS 1 5 10 10 - 3 14
-FIML 0 3 L L 0 - 6
LSRF 0 0] 0 0 0 0 -

Predictions

DIS 28LS " UBK LIML 38LS FIML LSRF
DLS - 2 3 2 0 2 7
28LS 0] - 3 L 0 0 6
UBK 0 0 - 0 0 0 4
LIML 0 0 1 - 0 0 L
38LS 0 1 3 3 - 1 5
PIML 0 0 0 0 0 - 1
LSRF 0 0 0 0 0 0 -

*Entries in each row of the table record the number of parameters for which
the frequency with which one method came closer to the true values than each
of the other methods was significantly smaller in Experiment I of the third
set of experiments conducted (Appendix C, Table 3) than in the basic experi-
ment. The McNemar test with the .05 significance level was used for the
tests. Experiment I had stochastic coefficients with the scale-factor set
at 2.
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The t-ratios of DLS were more reliable when stochastic
coefficients were used. They seemed to become steadily better ag larger
stochastic additions were made. They would not, however, have led to
reliable inferences about the dispersions of the estimates of the structural
coefficients about the true values in any of the experiments,l42

The introduction of stochastic coefficients had pronounced effects
on the estimates of the reduced-form coefficients. These effects were
somewhat different from those found for the structural coefficients.

First, while the introduction of stochastic coefficients increased the
dispersions of the estimates of all methods, larger additions to the
coefficients did not necessarily augment the dispersions. In barticular,
the dispersions of the experiment with the largest additions to the
coefficients were often smaller than those of the one with the inter-
mediatergized coefficients, according to many of the ddscriptive statistics
of dispemsion.lh3 Second, the biases of the medians of the estimates were
not usually found to be significantly different from zero with much

increased frequency when stochastic coefficients were used. TIn the

2Bias blayed a less pronounced role, relative to dispersion, in the
estimates of DLS when the coefficients were stochastic. In the basic
experiment and in the ones with stochastic coefficients, the DLS
Standard: errors gave not infdequate indications of the dispersion of
the estimates of the structural coefficients about their central tendencies.
The improvement of the DLS standard errors as a representation of the
dispersion of the estimates around the true values which occurred when
stochastic coefficients were used may be due to the smaller importance
of the biases of its estimates. An adequate representation of dispersion
about the central tendencies would also be an adequate indication of
the dispersion about the true values if the estimates were not seriously
biasged.
143 s

One example where these peculiarities even affected the typical

descriptive statistics is shown in Table VII-2.
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experiments with the larger stochastic additions to the structursl
coefficients, the DLS estimates of the reduced-form coefficients hed
no significantly biased medians. Third, although there were quite
pronounced changes in the performances of the methods relative to each
other, the patterns of these changes were different from those of the
structural coefficients. 38LS became considerably poorer while the
standing of FIML was not affected according to the rank-totals of all
the estimates. DILS and 28LS became poorer relative to other methods.
LSRF improved substeantially and was apt to surpass DLS, 2SLS and 38LS.
Changes in the freﬁuencies with‘which one method had significantly
smaller dispersions than another supported these - impressions of
changed performence. This was particularly true for LSRF. (Cf. Table
VII-5.)

The findings of the McNemar test in comparing the estimates
of the reduced-form coefficients in the basic experiment and the one
with the smallest additions to the coefficients of the basic structure
are summarized in Table VII-6. The changes found by the test were in
line with the changes commented upon. The concordances of the ranks
of the deviations of all the separate estimates.of the reduced-form
coefficients from the true values remained very low in these experiments.

Stochastic coefficients affected the reduced-form estimates
of other structures in the same ways as they affected the estimates in
the basic structure. Dispersions increased though not as greatly in

14k

one of the experiments as in others. The frequency with which

lquﬁ was the experiment using MODEL37E which had the fairly small incresses
in the dispersions of the estimates of the reduced-form coefficients as &
result of making the coefficients stochastic.
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significantly biased medians occurred did not increase. The relative
performances of the methods were changed somewhat by the use of stochastic
coefficients, but the changes were not entirely the same as those found
for the basgic structuresl45

The changes in the predictions in the experiments with
stochastic coefficients from those with fixed coefficients were similar
to the changes for the reduced-form coefficients. This was true for the
absolute performances of the mefhods as well as for their relative per-
formances.

The changes in the relative Performances of the estimates of
the reduced-form coefficients and the Predictions were not the same as
those for the structural coefficients. The standings of the methods for
the estimates of the structural coefficients in the experiments with
stochastic coefficients supported the conjecture that the more sophig~
ticated methods would be more sensitive to violations of the assumptions
of the standard model than the simpler methods.lu6 For the reduced-form

coefficients and the predictions this was not so. LIML and FIML were

145In MODEL37E the performances of FIML as well as of 3SLS became poorer

with stochastic coefficients. DLS and 28LS showed some improvements in
standing in that model when stochastic coefficients were used. The changes
brought about in MOD37AB by the use of stochastic coefficients were
similar to those in the basic structure.

lu6Such an interpretation of the results would seem to indicate that 3SLS
should be considered less sophisticated than LIML. It may be wondered
whether the comparative robustness of 38LS was due to its only partially
epplying the principles from which it can be derived in its use of 28LS
estimates at a crucial point. A fuller application of the principles,
estimating X simultaneously with the structural coefficients, might

net be so comgaratively robust as 38LS, but this was not investigated.
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the structural-equation estimators which seemed to be the leagt sensitive
to having stochastic coefficients. The reasons why changes in the results
of the experiments occurred with the use of stochastic coefficients
remains & mystery.

When both stochastic coefficients and errors in the exogenous
variables were used, the results resembled closely those of the experiment
with stochastic coefficients alone., The dispersions of the estimates of
the reduced-form coefficients, however, were often judged by the
descriptive statistics to be & bit smaller when both features were used

than when only stochastic coefficients were introduced.

Summary. The introduction of stochastic coefficients had
dramatic effects of the dispersions of the estimates. Even with
small additions to the coefficients, the estimates of no method
came within one-hundred percent of the true values of the structural
coefficients half the time. The relative standings of the methods
were also affected, but the changes in standing were not the same
for the structural and the reduced-form coefficients. For the
structural coefficients, the positions of FIML, LIML and UBK
deteriorated. For the reduced-form coefficients, thesevthree
methods were the least sensitive of the structural-equatibn
estimators to the introduction of stochastic coefficients? It

was still true that no method did a great deal better than another.
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L, Auto-Correlated Disturbances

Auto-correlated structural disturbances were the next subject
investigated. Their use was controlled by program-parameter 9. Different
values ¥or the brogram-parameter introduced moderate auto-correlation
in all the disturbances, or led to all the disturbances being highly auto-

correlated., Table VII-7 shows the exact effects of the program-parameter.

TABLE VII-7

*
Types of Auto-Correlated Disturbances Investigated

Program-parameter 9 Effect
© g T Vige
1 W, = Vit’. 141, all t;
W, = ..6viJG + 'h“m)t~1’ 1=1, t#1;
uit = Vi, i1=1, t = 1.
2 Uiy T eOVig te5uy g0, B AL all i;
Uy = Vi t =1, all i.
3 Uip = e2v, + ’8ui,t-1’ t #1, all i;
u,, = Vies t =1, all i.
*¥Symbols: uiJG - the value of the ith structural disturbance
at the tth observation in the set of data
used.
Vig T the value of the ith disturbance used when

there were ne Butd-correlated disturbances.




245

Experiments were conducted with the basic structure using all
the types of auto-correlsated disturbances provided for by Progrem-parameter
9. Experiments were also conducted investigating the effects of having
all the disturbances auto-correlated in other structures.lu?

Introducing auto-correlated disturbances did not affect greatly
the results of the experiments using the basic structure. A few differences
5etween the experiments using the basic structure with auto-correlated
disturbances and the basic experiment were found. These were not ezactly
the same when only one of the disturbances was auto-correlated and when
they all were.

The dispersions of the estimates of all methods were usually
larger when one of the disturbances was auto-correlated than in the basic
experiment.> The full-model methods deteriorated slightly relative to
the single-equation ones, particularly DLS, with respect t6 the number
of times they were closer to the true values of the structural and the
reduced-form coefficients. Qn the whole, these methods also deteriorated
in the number of coefficients. for which they had smaller deseriptive
statistics than other methods. LSRF tended to perform better when one
of the disturbances was auto-correlated in estimating the reduced-form
end in making predictions. The standard errors were slightly better
than in the basic experiment, but the changes were not statistically
significant.

The dispersions of the estimates were smaller when all the

disturbances were auto-correlated than in the basic experiment, especially

lll'7']3hese are experiments 8 through X of the third set of experiments
conducted, Appendix C, Table 3.
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when the auto-correlation was relatively high. In these and in the basic
experiment, the standard errors Performed comparably. Nor were the
comparative standings of the methods for any of the parameters estimated
much different, though DLS tended to come closer to the true values of
the structural coefficients than other methods slightly more frequently
when there were auto-correlated disturbances. The improvement of DLS
also occurred for the reduced-form coefficients, but here it was mainly
at the expense of LSRF. The medians of the DLS estimates of the structural
coefficients had significantly biased medians less often when the dis-
turbances were auto-correlated.

Auto-correlated disturbances led to only & scattering of
significant changes in the results. For the struetural coefficients
the McNemar test found significant differences m&ét often for the standings
of DLS relative to other methods, particularly other single-equation
methods. However, the DLS estimates were significantly improved relative
to the other methods for not more than one-fifth of the structural
coefficients. For the reduced-form coefficients, it was the improvements
of DLS and the deteriorations of LSRF which were most often significant.
The standings of DLS relative to LSRF were significantly better for
eight reduced-form coefficients when there were highly auto-correlated
disturbances than in the basic experiment. FIML came closer to the true
values than 2SLS and UBK significantly more often when the disturbances
were highly auto-correlated for three of the reduced-form coefficients.

The differences between the experiments did not substantially

affect the over-all rankings of the methods. The concordances of the
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ranks of the rank-totals in the separate experiments, both for the ranks

of the individual estimates and for the ranks of the descriptive statistics
of dispersion, were high for the éxperiments with auto-correlated
disturbances and the basié experiment. Reversals of order from that of

the basic experiment occurred almost entirely between methods which were
very similar to each other in the basic experiment.

The experiments using structures other than the basic one with
auto-correlated disturbances agreed with the experiments using the basic
structure sbout the effects of auto-correlated disturbances. The dispersions
of the estimates decreased a bit when all the disturbances were duto-
correlated. Pronounced changes in the relative standings of the methods
did not occur, but DLS improved slightly in estimating the structural
and the reduced-form coefficients. The LSRF estimates of the reduced-
form deteriorated slightly in all experiments but one.148

Most of the results of using auto-correlated disturbances are
not very surprising. None of the methods is designed to take advantage
of the auto-correlation, so their relative performances might not be
expected to change with the introduction of auto-correlated disturbances.
Since auto-correlation does not bias the estimates in the single-equation
case, it might not be expected to affect the biases in the simultaneous-
equation model. However, the failure of the auto~correlated disturbances
to affect the performances of the standard errors does seem surprising.

In the single-equation model, auto-correlated disturbances make the usual

lLLSThe exception was an experiment using MODEL46 with highly auto-correlated
disturbances. In that experiment, the improvements of DLS were primarily
at the expense of other methods relative to which LSRF also improved.
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formulae for the standard errors of the estimates inappropriate.l49 It
might be supposed that it would weaken the standard errors in the simultaneous-
equation case. This did not happen. The standard errors were as reliable

when there were auto-correlated disturbances as when there were not.

Summary. Introduction of suto-correlated disturbances
did not affect the performances of the methods greatly. There
were, however, small improvements in the relative standings of
DLS in the experiments with suto-correlated disturbances. The
standard errors were no less reliable as the result of having

auto-correlated disturbances.

5. Heteroskedastic Disturbances

Heteroskedastic disturbances were introduced in two ways. First,
the disturbances were made multiplicative factors rather than additive
ones so that the variances of the disturbances at each observation depended
on the size of the endogenous variables. Second, the variances of the
disturbances were made to depend on the sizes of the exogenous variables
without direct regard for the sizes of the endogenous variables. Program-
parameter 7 introduced the first type of heteroskedasticity; program-
barameter 12 controlled the second type. Table VII-8 shows the effects

of different values for these program-parameters.

149See, for example, J. Johnston, Econometric Methods, (New York:
McGraw-Hill, 1963), pp. 177ff.
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TABLE VII-8

: *
Heteroskedastic Disturbances - Types Investigated

Program-
Parameter Value Effect
T orZ \-1/2 7]
7 yit = rit 1+ (l Z N wit » all i,t.
t=1 |
T r?t -1/2 7]
7 yit = L 1+ <’ IR 5 Wit + qit’ all i,t.
t=1 _ _
T é Dyt 4
12 u,, = v, 5 all t,i = 1.
it it] © X2 Zer | »
Uip = Vi all t,i # 1.
T E Zyy
12 Uiy = Vit S Tt 3 all t,1.
kt
N .
Symbols: Vit the endogenous variables actually used with this value
' of the program-parameter (i = Lievo,@ t =1,...,7).
Tie the endogenous variables before any disturbances are
introduced.
W, the reduced-form disturbances usually used in the
it ——— - . f
experiments (i.e., the disturbances if brogram-parameter
9 were set at zero).
9 DPseudo-random deviates distributed as LT
us the structural disturbances actually used.
Vit the structural disturbances usually used in the experi-
ments (i.e., the disturbances if Program-parameter 12
were set at zero).
z the exogenous variables (k = 1,...,K).

kt
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Experiments were conducted with the basic experiment and each
of the types of heteroskedastic errors allowed for by the programs.
Experiments were also conducted using other structures with heteroskedastic
disturbances. One experiment investigated having multicollinear data and
heteroskedastic disturbances.lso

The estimates of the structural and the reduced-form coefficients
and of the predictions were not affected by the use of heteroskedastic
disturbances. This was true for the biases and the dispersions of the
estimates. It was also true for the relative standings of the methods.

In comparing some of the experiments with heteroskedastic errors with

the basic experiment, the McNemar test found at most one or two parameters
for which there were significant differences between the experiments in

the number of times one method came closer to the true values than another.
The reliagbility of the t-ratios for making inferences about the dispersions
of the estimates about the true values did not seem to be affected by the
use of heteroskedastic disturbances.

The results of this section are surprising for the same reasons
that those of the section using auto-correlated disturbances might not
have been entirely expected. None of the methods ‘takes advanhtage of
possible héteroskedasticity. The appropriateness of the principles from
which the methods were derived, relative to each other, do not seem to
be changed by the presence of heteroskedastic disturbances, though the

principles of all methods seem less suitable. The failure of the

lSo'I‘hese are exgeriments O through P and Y through AB of the
third set of experiments conducted, Appendix C, Table 3.
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performances of the standard errors to be affected by heteroskedastic
disturbances is surprising. In the single-equation model, heteroskedastic

. . 151
errors do make the usual standard errors lnappropriate. 2

Summary. The performance of the estimators seemed to be
insensitive to the use of heteroskedastic disturbances. This
was true for the standard errors as well as for the parameters

of the structures which were estimated.

6. Combinations of Features

The effects of generating data with more than one of the special
features which have been investigated in this chapter and Chapter VI were
investigated next. All but one of the experiments studying several
special features together had auto-correlated disturbances. The experiments
concentrated on the effects of also having lagged-endogenous variables,
trends, auto-éorrelated €xogenous variables or heteroskedastic distur-
bances.152

The results of the experiments in this section will not be
discussed individually. Most of them were similar to the results of
experiments which have been described earlier. Table VII-9 summarizes

the results. Often no entry is made in the table even though the results

of an experiment were substantially different from those of the basic

lSlSee, for example, Arthur S. Goldberger, Econometric Theory (New York:
Wiley, 1964), pp. 231ff. :

152These are experiments AC through AW ' of the third set of experiments
conducted, Appendix C, Teble 3. .
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experiment. = In these cases there was an experiment which had one or more
of the program-parameters set at the same values as in the experiment
included in the table whose results were similar to those of the experiment
in Table VII-O.
Several features of Table VII-9 stand out:
1. The medians of the estimates of the consistent methods
were not significantly biased more often than might be expected
from previous results. The medians of DLS were significantly
biased less frequently in several of the experiments than in

earlier ones.

2. The rankings of the methods according to the sums of
the ranks of the deviations from the true values of the individual
estimates of all the parameters were usually the same as in the
‘basic experiment. The values of Kendall's W were often smaller
than in the earlier experimeﬁts. When these small values of W
‘occurred, it was not unusual to find that the rankings of the
methods according to some of the descriptive statistics of
dispersion were different from those of the basic experiment.
In these cases the consistent single-equation methods surpassed
the full-model estimators or DLS did better than other k-class

estimators.

3- In one experiment (Experiment AV which used MODEL 46)
the rankings of the methods, even for the totals of the ranks

of all estimates, were different from those of the basic
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TABLE VII-9

Combinations of Aspects - Summaries of the Results

Notes

Table entries summarize the differences in the results of the
experiments from those of other experiments having the special features

singly. The terms in the column headings and in the body of the table
signify:

Bias - indicates whether the frequency of finding significantly

biased medians was different from other experiments.

Rankings - indicates whether the over-all ranking of methods
differed from that of the basic experiment.

Standard Errors - shows whether the combinations of factors

*
seemed to affect the usefulness of the t-ratios.

W - - Kendall's Ww.

R.F. - Reduced—qum Coefficients.

P. - Predictions.

- - No marked differences from the results of experiments

having some of the same program-parameters different

from zero.

% Described as-?mmch.mprsé"when boorer performances of the t-ratiog led
to frequent rejection of hypotheses which did well in the basic experi-
ment. '
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TABLE VII-9 (Noted Continued)

The program-parameters for the experiments were:

Experiment 1 2 3 4 5 6 7 8 9 10 11 12 13 1k 15 16
AC MOD37A2 20 O O O O 1 o0 2 0 o 0o 2 0 0 =2
AD MOD37A2 20 O O 2 0 O O 2 0 0 0 2 0o 0 2
AE MOD37A2 20 O O 2 O O O O O o0 2 2 0 0 2
AF MOD37A2 20 O O 3 O O O 2 0 0O 0 2 0 o0 2
AG MOD37A2 20 ©O O 3 O O O 3 0O O 0 2 0 0 2
AH MOD37A2 20 O O 7 O O O 3 O 0 0 2 0 0 2
AT MODELWG 20 O O 7 O O O 3 O 0o O 2 0 0 =2
AJ MOD37A2 20 O O 7 O O O 3 O O 2 2 0 0 =2
AK MOD37AB 20 0o O 7 O O O 3 O O 2 2 0 0 2
AL MOD37A2 20 O 2 O O O 0 2 0O 0 0 2 0 0 2
AM MOD37A2 20 O 2 3 O O O 3 0 0O 0 2 0 0 2
AN MOD37A2 20 O 2 5 O O O 3 0 O 0 2 0 O 2
AO MOD37A2 20 O 2 % O O O 3 O 0O 0o 2 0 0 2
AP MOD37A2 20 O 2 7 O O O 3 O 0 2 2 0 0 2
AQ MOD37AL 20 O 3 7 O O O 3 O O 2 2 0 0 2
AR MOD37AE 20 O 3 7 O O O 3 070 2 2 0 0 2
AS MOD37AB 20 O 2 7 O O O 3 O 0 2 2 0 0 2
AT MOD37A2 20 1 2 3 5 O O 2 0 0 2 2 0 0 2
AU MOD37A2 20 O 2 3 §5 O O 2 0 O O 2 0 0 2
AV MODELWS 20 1 2 3 5 O 0 2 O 0O O 2 0 0 2
AW MOD37A2 20 O 2 7 6 O O 3 O 0 2 2 0 0 2

The program-parameters determined the types of data as follows:

Program-parameter

Effect

~ON U EWw

9
12
13
16

Structure used

Number of observations

Errors in the exogenous variables

Lagged-endogenous variables

Trends in the exogenous variables of
auto-correlated exogenous variables

Multicollinearity in the exogenous variables

Heteroskedastic errors--proportional to the
endogenous variables

Auto-correlated disturbances

Heteroskedastic disturbances

Qcale-factor for the structural disturbances
Scale-factor for the errors in exogenous variables

The exact effects of the different values for the program-parameters were

discussed when their effects were discussed separately.
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TABLE VII-9
Combinations of Aspects - Summaries of the Results
Experi- Structural Standard Reduced-form Coefficient .
ment Coefficients Errors and Predictions
Bias Rankings Bias Rankings
AC - - Worse DI.S less -—
- W slightly often
smaller for R.F.
_AD - - - - --
W slightly larger
for P
AR - _— — - _—
W slightly smaller
for R.F.
Ap -- - Much DLS less W slightly higher
worse - often
for R.F.
AG DLS less - Mu.ch DI.S less -
of'ten worse often
for R.F.
AH - - Much - - :
W slightly worse W slightly higher
smaller
AT -- - Much -- -
worse W smaller for R.F.
AJ -- - Much -- -
W smaller worse W smaller
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Experi- Structural Standard Reduced-~form Coefficient
ment Coefficients - Errors and Predictions
Bias Rankings Bias Rankings
AX DIS less - - -- FIML worst
often Full-model methods in P.
methods
slightly
better than
in standard
run of
MOD3TAB
AL - -- C Kttt DLS less -~
W smaller worse often W smaller.
for R.F. FIML poor in P.
AM DILS less - Much DIS less --
of'ten W smaller worse often W smaller for R.F.
for R.F.
AN DLS less - Much DIS less -
often W smaller worse often W smaller for R.F.
. for R.F,
AO -- - Much - -
W smaller worse W smaller.
AP -~ - Much - -
worse
AQ - - - - -
(but poor)
AR —— _— - -

Full-model  (but poor)
methods

better than

in standard

run of

MOD3'7AE
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Experi- Structural Standard Reduced~form Coefficient
ment Coefficients Errors and Predictions
Bias Rankings Bias Rankings
AS DLS less - -- - -
often Full-model  (but poor) (Improvement of fyll-
method better methods from standarg
than in run of MOD37AB)
standard run
of MOD37AB

AT -- -- -- -- -

W smaller for R.F.

AU -- -- - -- -

AV - DLS better Much Worse ~- DLS and LSRP better
than other except for than single-equation
single- - 3S8LS and methods. W slightly
equation FIML higher than usual.
methods

AW - -—- -- - -

1 But (but poor)
frequent
biases for
28LS, UBK

and 38L8




experiment. The changes in the rankings also occurred for the
descriptive statistics. The results were different from other
experiments using the same structure. lIn an experiment153 using
the basic structure with the values of other program-parameters
the same as in Experiment AV, thé rankings of the methods were

not upset although the values of Kendall's W were smaller.

4. The standard errors of the consistent methods performed

more poorly in many of the experiments than in earlier ones.

The criterion for this conclusion was the frequenciles with

which the t-ratios fell outside the three intervals examined.

In these experiments, the standard errors would not have led

to relisble inferences about the dispersions of the estimates
and one could frequently have rejected the hypotheses about

the distributions of the t-ratios which did well in the basic

experiment.

5. It did not seem possible to find any pronounced
systematic pattern for the occurrence of these differences
from other experiments. The one exception was that the
standard errors seemed to perférm'very poorly whenever there
were lagged-endogenous variables and highly auto-correlated

disturbances.

153This experiment was cpnducted after all the other experiments in
this study. Due to & sudden exclusion from the computer, it was not
incorporated in the tables of Appendix D and is not included in
Appendix C, Table 3.

258
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Summary. Few pronounced differences from earlier experiments
were found among the results of the experiments investigating
combinations of aspects. Such differences as were found usually
indicated that the performances of the methods became more similar
to each other when several of the special features generating the
data were used. In many of the experiments the standard errors
of the consistent methods gave very poor indications of the

variability of the estimates.

7. Conclusion

The violations of the assumptions of the standard simultaneous-
equation model did not have dramatic effects on the performances of the
estimators. With one major exception, the differences between the
experiments of this chapter and the basic experiment were less striking
than the differences between the experiments of Chapters V and VI. The
exception was the use of stochastic coefficients which led to the
estimates having very large dispersions, but it should be remembered
that the additional stochastic elements introduced into these experiments
were quite large. Stochastic coefficients also led to changes in the
relative standings of the methods. LSRF improved its relative performance
significantly for estimating the reduced-form coefficients and for meking
predictions. DLS improved for the structursl coefficients.

When small errors were added to the exogenous variables, the

medians of the estimates of the consistent methods were not biased much
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more frequently than in the basic experiment. The results of the experiments
with errors in the exogenous variables were similar to the findings of

Ladd's stucity‘.lﬁL

In all the experiments of this chapter, the differences between
the methods were not very great. No method performed either a great deal
better or worse than another. Most of the time the weak ranking found
in Chapters IV, V and VI continmed to hold.

The performances of the standard errors were similar to those
of the basic experiment in most experimeﬁts, However, when auto-correlated
disturbances were combined with some special features investigated in

Chapter VI, the standard errors were found to be a great deal less reliable.

lShG. W. Ladd, "Effects of Shocks and Errors in Estimation: An Empirical

Comparison,” Journal of Farm Economics, vol. 38 (1956), pp. 485-495.
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CHAPTER VIII

Misspecification of the Structural Equations .

1. Intrpduction

The final problem examined by the Monte Carlo e#periments of this
study was the effect on the perfofmances of the estimators of misspecifying
the forms of the structural equations. Four types of misspecification were
investigéted:

A, Zeroes were specified in the structure to be estimated

for coefficients which Were non-zero in the structurp generating

the data.

B. Zeroes were not specified for all the coefficients iﬂ
the structure to be estimated which were zero in the structure
generating the data. Thig is not, strictly speaking, & mis-
Specification of the structure. It is merely an attempt to

estimate the value of a coefficient whose true value happens
to be zero. It was, however, convenient to investigate it in

this chapter.

C. Zeroes were specified in the structure to be estimated
for coefficients which were non-zero in generating the data and
. coefficients which were zero in generating the data were not so

specified in the structure estimated.

D. One equation was omitted from the structure,tovbe

'éstimated.
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Program-parameter 10 selected the misspecification to be intro-
duced. The effects of different values of this Program-parameter will be
discussed when the results of experiments using these values are presgented.
However, it may help in appreciating the misspecifications to present them
in a single table. This is done in Table VIII-1 for the basic structure.
The symboi X represents a ron-zero coefficient. A number in rarentheses
above an element of the matrices indicates that with this valuye for program-
Parameter 10, the coefficient was not specified to be zero in the structure
estimated if it was zero in the basic structure. If the coefficient was
not zero in the basic structure, the number above it indicates that it was
Specified to be zero in the structure‘estimated°

The experiments conducted have three major short~-comings. First,
the original experiment~design for this part of the study was too ambitious
énd could not be complﬁted. The result was an imbalance between the various
features studied. Some experiments which might have Been of considerable‘
interest were not conducted. On.thefother hand, experiments:of possibly
minor interest were completed. Sécond, only a very limited selectior of
the possible types of misspecification were studied -and for each type not
many different cases were investigated. Third, it was discovered after
several experiments were finished that there was a mistake in the programs
which led to incorrect analysis of the predictions fof most of the mig-
specified runs. The mistake was that the true values‘of the variables
to be predicted, with which the predictions in each replication were
compared, were calculated from g, misspecified structure rather than from

the true one which hag generated the data. The mistake affected none of
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the experiments in which the structural equations were correctly specified,
which were reported in earlier chapters. Appendix D has no tables for the
Predictions of the misspecified experiments since 50 many of the entries
'would be misleading. Since the predictions and the correct true values
were available, some evaluation of the predictions was possible, but the
full analysis, described in Chapter III, was not conducted correctly. It
did not seem worthwhile to use computer time tq obtain a full and correct
analysis of the predictions since this would have required recomputing

the experiments instead of conducting other ones of Seemingly more interest.

TABLE VIII-1

Misspecifications used with the Basic Structure

B (7,8,9)
1 X X
(8,9) , (3,6,8,9)
B - X 1 0
0 X 1
— (12) (2,6) 7]
X X 0 0 X 0 o) 0
(4,6) (11) (1,9)
r - X 0 X 0 X 0 X (0]
(2,6)
X 0 X X 0 X 0 0
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Omission of an Exogenous Variable

The first misspecification studied was the omission of an exogenous
variable from the structure tc be estimated. Setting program-parameter 10
equal to unity deleted the last exogenous variable. This variable was also
omitted when the reduced form was estimated by LSRF.

Three experiments investigated the effect of the omigsion of an
exogenous variable in the basic structure and two other structures. In
two of the structures, the only non-zero structural coefficient for the
omitted variable was very small. The one non-zero coefficient of the

omitted variable in the third structure was of moderate size«155

Structural Coefficients. Leaving out a variable did not have

bronounced effects on the estimates of the structural coefficients. The
dispersions of the estimates were of about the same size as when ne mig-
specification was present. Significantly biased medians were found with
slightly greater frequency for the full-model methods in the basgice
structure, for 38LS in the secong structurel56 and for all consistent
methods in the third structure0157 Very little change in the comparative

standings of the methods occurred. However, slight deteriorations from

155The structures used were MOD37A2, MOD37AL and MODELA4S. For the first
and third equationg of MOD37A2 and MOD37AL, the migspecification led +o

UBK being the same as 28IS. This was also true for the second equation

of MODELM8. MOD37Ak differed from it in the values of the coefficients.
MODEL48 was of different form; it had more equations and exogenous variables
than the basic structure. See Tables IV-1, V-6 and V-1kh.

156MOD37A1+.

157MODEL L8.
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the correctly-specified experiments in the standings of the full-model
methods, especially FIML, relative to the consistent k-class estimators
were found. In comparing the experiment using the basic structure with
the basgic experiment, the McNemar test found two or three coefficients

for which this change was significant at the .05 level.

Standerd Errors. In two of the structures,l58 omitting & variable

had little effect on the performances of the standard errors. In the third

159

structure the standard errors were quite a bit more reliable when the

misspecification was made.

Estimates of X. The ‘dispersions of the estimates of 5 were

not much affected by the omission of an exogenous variable. The rankings
of the methods were little affected in the basie structure. In the second
structure,léo FIML was poorer when the variasble was left out. In the

. third structure, both FIMI, ang 3SLS performed poorly. The omission of g
variable from the structure'in effect édded another elemént to the dis-

turbances of the equations in which the variable should have been ineluded.

The size of the addition was smallest in the basic structure and largest
in the third one. The change in the performances of the methods was as
might have been expected from the rankings of the methods in earlier
experiments and from the fact that in those experiments FIML and 38SLS

were the methods which were least biased towards zZero.

15 8MOD37A2 and MOD37AkL.

159MoDpELLS.

160\ 0p374k.
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Reduced-Form Coefficients. Iﬂ one experimentl6l the biasges of

the medians of the estimates of the reduced-form coefficients were sig-
nificantly different from zero much more frequently when a variable was
omitted, especially in the case of LSRF. In the other experiments, thris
was not true. The. dispersions of the estimates were not affected. The
over-all rankings of the methods were little changed. The differences
between the experiment using the basic structure with the misspecification
and the basic experiment were rarely found to be significant by the

McNemar test.

162

Predictions. The predictions had the most surprising results.
Although the dispersions of the estimates were not much affected, the
medians of all methods were significantly biased more often in all the
structures when an exogenous variable was omitted. LSRF and DLS improved
their feiative positions, while FIML and 2SLS became boorer. The changes
in the positions of DLS and FIML in the experiment using the basic
structure from the positions in the basic;experiment were found by the
McNemar test to be significant for about one-third of the values pre-
dicted.

Program-parameter 10 was set at unity for a group of experiments
using the basic structure and various featqres of the generation of the

data which were examined in Chapters VI and VII. The first five had

16

62
* The predictions were analyzed correctly when brogram~-parameter 10 was
set equal to unity.

lThis was the experiment using MODELLS.
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time-structures in the Predetermined variables, including lagged-endogenous
variables. The others had multicollinearity. When lagged-endogenous
variables were used, the discarded bredetermined variable was one of the
lagged-endogenous ones.163

Table VIII~2 summarizes the findings of the experiments. Entries

in the table record differences from previous experiments having some of

the program-parasmeters sget at values used in these experiments. Several

features of the table deserve comment.

1. In several of the experiﬁents, especially those with
lagged-endogenous variables, the rankings of the methods were
changed. For the structural and the reduced-form coefficients,
LIML improved greatly. UBK was frequently better than in

earlier experiments. For the bPredictions it was LSRF and DLS

which improved.

2. Trends in the exogenous variables did not seem to
affect the rankings of the methods even when the same trend
was added to the excluded variable as to all the others

(experiment AE).

3. In almost all the experiments, the median biases of
the consistent methods were signifcant. When lagged-endogenous
variables were used and in one of the experiments with multi-

collinearity the medians of all the predictions were significantly

biased.

163These are experiments AC-AJ of the fourth set of experiments, Appendix c,
Table 4.
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Notes to Table VITII-?

frequency of finding significant biases for

methods other than DLS

behaved as in the experiment using MOD37A2
and program-parameter 10 set at unity and

no other special features

changes in the standings of the methods -in

the totals of the ranks of all estimates
similar to the results of previous experiments

with some of the same brogram-parameters not

set to zero

standings is similar to what was found when program-

parameter 6 was set at 7 without m1sspec1flcatlon (experlment G of the

second .set of experiments).

Experiment

AC
AD
AR
AF
AG
AH
AT
AJ

The values of the Program-parameters in these experiments were:

1

MOD37A2
MOD37A2
MOD37A2
MOD37A2
MOD37A2
MOD37A2
MOD37A2
MOD37A2

Program—parameter

2 3 4 5 6 7 8 9 10 11 12 13 ik 15
20 0 270 0 0 0 0 T o5 2 0 0
20 0 0 3 0.0 0 0 1 o 0O 2 0 o
200 0 5 0 0 0 0 1 o0 o 2 0 o
0 2 2 0 0 0 1 1 o0 o 2 0 o0
200 0 0 1 0 0 o0 o 1 0 2 2 o o
20 .0 0 0 3 0 0 0 1 o 0O 2 0 o
20 .0 0 0 5 0 0 0 1 o0 ¢ 2 0 o
2000 0 0-7 0 0 0 1 0 0 2 0 o0

2y
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It should be noted that the variance of the omitted lagged-
endogenous variable was larger than the variance of the exogenous variable
it replaced. This may accéunﬁ‘for the results. Why the ranking of LIML
and UBK, but not of 28LS, improved, remains a mystery. The UBK value of k is
less than or equal to that of 2SLS while LIML has a higher k=-value. Why - the
omission of a variable should have affected the results in the experiments
with no other special features is also s mystery. Omission of a variable,
in effect, puts into the disturbarice term one influence which might havel
been accounted for systematically by the structure. One would not have
expected this to change the performances of the methods. Such changes
as were found may well be a further demonstration of the sensitivity of
the methods to the exact sets of data used rather than a specific effect
to be expected when g variable is not included in 8 structure when it

should be.

Summary. The omission of a variable from the structure to

be estimated led to several interesting findings. While the
dispersions of the methods were but little affected, the frequency
of finding significantly bissed medians was usually higher when
the variable was omitted. For seversl experiments, the rankings
of the methods were affected. This was particularly true when

a lagged-endogenous variable was dropped. LSRF became better for
the predictions EEE.EEE the reduced-forms. LIML: improved most

for the structural ang reduced-form coefficients. As in other
- experiments, however, differences between the methods were not

very great.
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3. Inclusion of an Extra Exogenous Variable

An extreneous exogenous variable was included in the structure to
be estimated when program-parameter 10 was set equal to 2. It was specified
that the coefficient for this variable bé zero in the second struftural
equation. In the other two equations, the coefficients were to be
estimated. The extra variable, ZK}l,t » was formed from random numbers,

Vt » distributed as were the other exogenoue variables and ZKt’ the last

exogenous variasble generating the data:

ZK+l,t = -Svt + -SZKt t = l} ---u,To

Program-parameter 10 was set at 2 in experiments studying the
basic structure and one other structure.164 A third experiment used the
basic structure with deliberately~introduced multicollinearity in the
exogenous varia.bles.l65 |

By and large, the inclusion of &n extra variable had little
effect on the estimates. As might be expected from having more coefficients

to estimate, the dispersions of the estimates of the structurasl and reduced-

form coefficients were slightly larger.l66 Very little change in the

164'I'hese are experiments E and F of the fourth set of experiments conducted

(Appendix C, Table 4). The other structure used was MOD37A1 which differed
from MOD37A2, the basic structure, in the values of the structural
coefficients.

l65This is experiment AK of Appendix C, Table k.

166The coefficients whose true values were zero were not included in the
formation of the statistics of Appendix D. This was done mainly because
these coefficients could not be included in the formation of the typical
descriptive statistics since division by the true values was involved in
forming these statistics. See Chepter ITI, Section 7.
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rankings of the methods occurred and the McNemar test found almost no
coefficients for which the relative Performances of the methods were
significantly changed by having the extrs variable in the basic structure.
The rankings of the methods for estimating the elements of % were not
changed, but the ranking of the methods was stronger than in the basic
experiment. However, the McNemar test again found almost no significant
differences in the performances of the methods for estimating 3.

The standard errors, especially those of the coefficients whose
true values were zero were a bit boorer as judged by the number of times
the t-ratios exceeded two and the 95% confidence limits of the t-distribution
with degrees of freedom based on the number of coefficients to be estimated
in each equation. When the degrees of freedom were based on the total
number of coefficients to be estimated, the deterioration in the per-
formances of the t-ratios was not evident.

In estimating the coefficients whose true values were zero, the
ranking of the methods was usually the same as for the non-zero coefficients.
However, DLS surpassed 2SLS and UBK in estimating the zero reduced-form

coefficients in the basic structure when multicollinearity was introduced.

Summary. The inclusion of an extraneous variable in the
structure estimated had little effect on the performances of

the estimators.

L. Pailure to Specify All Zero Coefficients

The next group of experiments investigated the effects of failing

to specify that coefficients which were zero in generating the data be zero
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in estimating the structure. That is, an attempt was made to estimate one
or more coefficients whose true values were zero. This will be referred

to as under-specification of the structure. Four values of program-
barameter 10, which are shown with their effects in Table VIII-3, introduced
this feature into the experiments. Table VIII-L Presents the experimentsg
conducted with these values for brogram-parameter 10. Quite g large

number of experiments were carried out because some of the results were
quite surprising and were not believed at first to be very representative

of the effects to e attributed to the failures of specification.

TABLE VIII-3

Failures to Specify Zero Coefficients - Types Studied

Values of Program-
Parameter 10 Effect

3 The first zero element of B wag
to be estimated. 1In the basic
structure, this coefficient was

523‘

L The first zero element of the
Second row of I' was estimated.
In the bvasie structure this was

Yoo*

11 : The second zero element of the
second row of T was to be
estimated. In the basic structure
this was Yol

12 The first zero element of the first
row of I' was to be estimated. In
the basic structure this was 713,




TABLE VITI-k4

Failure 1o Specify Zero Coefficients: Experiments Cbndueted

Program
% Parameter
Experiment Structure 10 Other Special Features
G MOD37A2 3 None
I MOD37A2 L None
W MOD37A2 ‘ 11 B None
X MOD37A2 12 None
J MOD37A2 4 Different exogenous
data set
K MOD37A2 L Smaller disturbances
L MOD37A2 L Seventy observations
H MOD37A1 3 None
M MOD37A1 L None
N MOD37A3 L None
0 MOD37AB b None
P MODEL37C L None
Q MODEL37D i None

*  Experiment letters are those assigned in the fourth set of
experiments conducted, Appendix C, Table k,

o



TABLE ¥III-5

Under-8pecified Experiment: Ranklings of the Estimates

of the Structural Equations of MOD37A2

Fullywspecified Equations

Program-
Farameter
10 DLS 28L8 UBK LIML 3818 T
o* 2159 1810 1791 1846 1416 1478
3 2113 1687 1653 1705 1635 1795
L 2007 1641 1655 1688 1804 1735
11 2165 1809 1798 1858 1410 1450
12 222k 1798 1723 173kh 1545 1476
Under-S8pecified Equation
o* 1175 9h1 907 925 662 640
3 1328 87 SENE S22 816 T 05
L 1182 873 873 739 711 672
11 1156 939 939 932 654 640
12 979 854 854 968 743 852
The Zero Coefficient
3 282 164 164 152 140 148
4 236 169 169 150 152 174
11 213 195 195 203 126 118
12 204 166 166 188 1k9 177

* The rankings of the first and
are shown with the fully-
The rankings of the secon
Note that these do not co
equations when Program-pa

*% Table entrieg are the sums o
estimates of the coefficient

*¥*¥%  Tn the under-specified equations, 28LS and

third equations of
Specified egquations of o
d equation appear in the
rrespond to the fully- an
rameter 10 is set at 12,

UBK were identicsl.

f the ranks for eamch of the geparate
8 in the equations.

the basic experiment
ther experiments.
second divigion.

d under-specifieqd
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TABLE VITI-6

*‘
Under-8pecifieq Experiments: Significant Differences from Basic Experiment

Fully-Specified Equationg™*

Program-parameter 10-3 Program-parameter 11-4
DLS 28LS UBK LIMI 38LS  FIML DLS 28LS UBK ILIMI, 3SLS  FIML
38Ls 2 5 3 L - 0 3 5 4 5 - 0
FIML, 1 L 3 3 1 - 1 L i 3 0 -
Kl
Program-parameter 10-11 Program-parameter 10-12

-DLS 2SLS UBK LIMI 3SLS FIML DLS 28LS UBK LIML 38LS  FIML

38LS 0O 0 0 0 - 0 3 1 1 1 - 1
FIML © 0 0 0 0 - 1 1 2 1 0] -

Under-Specified Equations

Program-parameter 10-3 Program-parameter 10-4

DLS! . 2818 UBK - LIML - 3SLS. FIML DLS 28LS UBK ILIMI 38LS  FIML

DLs .- 2 2 1 1 0 - 1 1 1 0 0
28I O - a 1 0 0 0 - o 1 0 0
UBK © o] - 1 0 0 0 o - 2 0 0
LIML © 0 0 - 0 0 0 0 0 - 0 0
3SLS O 1 0 0 - 0 0 0 0 0 - 0
FIML O 1 0 0 0 - 3 2 2 5 0 -
Program-parameter 10-11 Program-parameter 10-12

DLS 28Ls uBk LIML 38LS FIMI DLS 28LS UBK LIMIL 38LS FIML
DILS - 0 0 0 0 0 - 0 0 0 0 0
28LS © - (0 0 0 0 0 - o] 1 0 0
UBK 0 (07 - 0 0 0 0 a - 2 0 o)
LIML O 0 1 - 0 0 0 0 0 - 0 o)
38LS © 0 0 0 - 0 0 0 1 0 - 0
FIML, O 0 0 0 0 - 0 2 3 1 0 -

Dbrogram-parameter 10 not equal to zero in Pairwise comparisons with each
of the other estimators. The McNemar test was used and the .05
significance level.
*%¥  With only one exception there were no significant differences in other
rows of the table which are therefore omitted...See next note for exception.
*%¥% When brogram-parameter 10 was set at 11, FIML improved significantly relg-

&  UBK and 28L8 were identical in the under-specified equation.
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TABLE VIII-7

Under-Specified Experiments: Very Bad FIML Estimates”

Experiment T - Program-Parameter 10-4

True

Values .54 62.00 0 .70 .96 .06

Experiment
I - k.20 10571.93 54.2 73.21 73.99 6.15
A .52 63.17 *% .80 .93 .07
I -11k.01 0 34647.89 155.96  137.71. 167.55 k.59
A .52 63.17 ¥ .61 .85 .02
I -748.23 155530,10 1240.9 1269.57  1591.72 147,75
A .57 50.10 *¥% .68 .91 .08
I -3649.07 992165.89 4850, 4 5603.61  5407.65% 574.88
A .50 8L.02 ¥ .75 .87 .08
I - 63.60 14761.35 99.92 102,91 120.45 10.83
A .54 64.96 #% <71 .91 .07

Experiment X - Program-parameter 10-12

True

Valuesg .89 .16 Lk, 00 - Th 0 .13

Experiment
X -258.36 57-96  L2794,88 211.316 -188.88 500. 45
A .86 .18 46.30 .78 e .12
X 134,64 -26.79  18741.79 -106.62 - 34.16 -302.33
A .90 .18 36.00 .67 % -, 06
X 26.49 - 41 _3921.28 . 19.33 - 49.75 _ 54, 06
A .89 .17 67.72 .78 Fr .16
X 38.95 - 5.hk Le167.uh L 0pL i -162.4k - 82,56
A .86 .14 4,98 .72 £ .20
X 132.54 -28.06 -22638.77  -109.00 -2289.91 -238,50
A .85 W21 50.48 .72 * .13

* Table shows estimates of the under-specified equation made by FIML
which were Particularly poor. Below them are foung the estimates
made by FIML in the basic experiment from idenﬁicqlvsets of data. i~

** Not estimated in the basic experiment.,
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The effects of not specifiying that one zero -coefficient of the
basic structure should be zero depended in part on which zero coefficient
was not so specified. TIn experiments I and X, where o0 and 713
wWere estimated respectively, the medians of the estimates of all the
coefficients of the equation in which the failure occurred were sig~

nificantly biased; in experiments G and W, where B and Vo) Were

23
estimated, this was not the case. Although in a1l experiments the disg-
bersions of gll the estimates of the under-specified equation were larger
than in the basic experiment, this was much more pronounced in experiments
I and X than in experiments G and W. The same was true for the
dispersions of the full-model estimates of the fully-specified equations.
The differences between the experiments were also found in the
rankings of the estimators. Table VIII-5 presents the totals of the
ranks of the separate estimates of the coefficients of the fully specified
equations and of the under-specified equation. FIML dig quite a bit more
poorly in estimating the under-specified equation in experiments X and
I +than in experiments G and W or than in the basic experiment. TFor
the fully specified equations, 3SLS and FIMI, showed hardly any deteriora-
tions in relative standings in two of the experimentsl67 but were poorer
in the other two experimentsl68 than in the basic experiment. The experi-~
ment with brogram-parameter 10 set at 11 was remarkable in that the

performances of the methods were not much different from the basic experiment

167
168

These were experiments G and T.

These were experiments W and X.




for any of the coefficients. Table VIII-6 records the frequencies with
which there were significant differences in the relative berformances of
the methods in the under-specified experiments from those in the bagic
experiment. Except for the berformances of FIMI in the under-specified
equation of experiment- I, significant differences were not found for more
than half the coefficients estimated. Most of the changes in the relative
Performances of the methods were significant for very few of the coefficients.
It is noteworthy that in none of the separate experiments were there pro-
nounced differences in the relative performances of the methods, except
that DLS was apt to berform poorly.

There was one very remarkable difference in some of the experiments
studying under-specification from the basgic experiment. In experiments T

and X, with program-parameter 10 set at 4 ang 12 respectively, FIML made

estimates of the under-specified equation in egch of these experiments.
It also shows the estimates made in the corresponding replications of the

basic experiment. The estimates in the under-specified experiment are

same data. In each experiment there was a fair number of other very poor
FIML estimates which are not shown in the table. In each of these experi-
ments, LIML also made Some poor estimates, but they were nothing like ag
wild as those of FIMI.. When either of these methods made bad estimates,

all the coefficients of the under-specified equation were Very poor.
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Several remarkable features are to be noted about the very poor
FIML estimates. First, the wretched FIML estimates dig not lead to very
boor estimates of the reduced form. For most of the reduced-form coefficients,
indeed, the largest absolute deviations and the ranges of LSRF were larger
than those of FIML. (The LSRF estimates in these experiments were the
same as in the basgic experiment.) The FIML predictions were also very
good. Second, terribly wild FIML estimates did not occur for the fully-
specified equations. Third, in experiments G and W neither FIML nor
LIML produced very bad estimates of any of the structural equations.,

The performances of the standard errors in the under-specified
experiments were not the same in gll the experiments. In experiments T
and X, the standardg errors of all methods for the coefficients of the
under-specified equation were VETYy poor. For example, more than 60% of
the 38LS t-ratiog fell outside the 95% confidence interval of the t-
distribution with degrees of freedom based on the number of coefficients
to be estimated in the under-specified equation. Basing degrees of freedom
on the total number of coefficients to be estimated in the structure
improved matters very little (nor diqg adjustment of the t-ratios for
"lost" degrees of freedom improve matters much). 2SLS and UBK had
similarly poor performances. DLS did even worse. FIML and LIMIL did
badly, but not as boorly as other methods. Only about 40% of the LIMIL
estimates and 50% of the FIML estimates lay outside the range based on
the number of coefficients to be estimated in the equation. In both
experiments FIML had several negative ”squared standard errors". Had

these been counted among the misleading cases, FIML would have done as
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poorly as other methods. Using the standard €rrors of any one of the
methods would have led very frequently to rejecting the hypothesis that
the coefficient whose true value was zero was indeed zero.

The standard errors of the under-specified equation of experi-
ment G were slightly poorer than in the basic experiment, but the
deterioration in berformance was rarely significant. TIn experiment W
there was no deterioration in the Performances of the standard errors.

The standard errors of 38LS and FIML for the estimates of the
fully:specified.equationswere slightly poorer in experiments I and X

than in the basic experiment, They were, however, quite reasonable,

two experiments.

The dispersions of the estimates of ¥ were larger in all
experiments than in the basic experiment. When FIMI, did very poorly
in estimating the under-specified equation, its estimates of L were
also wretched. The rankings of the methods were not much changed, but
they did become weaker, especially in experiments I and X.

The dispersions of the estimates of the reduced~-form coefficients
(except, of course, for LSRF) were larger when the structural equationsg
were under-specified., This was most pronounced when brogram-parameter
10 equalled 4. The increases were not larger for FIMI, than for other
methods even when judged by the extreme quantiles.

The over-all rankings of the methods in estimating the reduced

form were not much altered by under-specifying the experiments. Except
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in experiment W, FIML and 3SLS had slightly poorer performances relative
to the other methods than in the basic experiment. LSRF improved its
standings somewhat. Table VIII-8 shows the frequencies with which changes
in the relative performances of the methods were significant. In all these
experiments, FIML and 3SLS remained the best estimators of the reduced-form
coefficients and DLS and LSRF were still the poorest. The Performances of
the methods in making predictions also showed but small changes from the
basic experiment.

The results of some of the under-specified experiments were
Peculiar enough to warrant further exploration. First, experiments were
conducted with the basic structure and program-parameter 10 set equal to
L to see if the strange results would also arise with a different set of
exogenous data, with smaller disturbances, or with more observations in
the samples from which the estimates were made. Second, other structures
were usedul69

Attention was focused on several questions in examining the
results of these experiments. Would FIML or LIMI make wild estimates of
the under-specified eqﬁation? Would the estimates of the under-specified
equation be biased? Would the rankings of the methods be different from
those in the corresponding, fully-specified experiments? Would the

standard errors of the under-specified equation be poor? Would the

l69Program—parameter 10 was set equal to 3 in one experiment using MOD37Al.
It was set at 4 in experiments using MOD37A1, MOD37A3, MOD37AB, MODEL37C
and MODEL37D.




TABIE VITI-8

Under-Specified Experiments - Significant Differences in Estimating

: i
the Reduced Forms from the Basic Experiment

Program-Parameter 10-3 Program-Parameter 10-L4

DLS 2SLS UBK LIMI, 3SLS FIMI LSRF DLS 2SL8 UBK LIML 3SLS FIMIL LSR=
DLS - b 3 3 0 0 6 - 1 0 0 0 0 4
28LS O - 0 0 0 0 2 1 - 0 0 0 0 2
UBK o 0 - 1 0 0 2 1 2 - 0 0 0 2
M. O 0 ¢ - 0 0 2 2 0 o0 - 0 0 2
3BLS 0 5 5 5 . o 3 T 8 7 8 - 0 3
FIML O 6 6 6 o . L 35 6 6 o . 3
LSRF O 1 o0 0 0 - 3 1 0 0 0 -
Program-Parameter 10-11 Program-Parameter 10-12

DLS 2SLS UBK LIML 3SLS FIMI LSRF DLS 28LS UBK LIML 38LS FIML LSRF
DL - 0 0o o o o 1 11 0 1 2 g
28LS O - 3 0 0 1 0 i = 3 0 0 0 2
UBK c 1 - 0 0 1 0 2 o - 0 0 0 2
ILIML, O 0 o - 0 1 2 5 L ooy - 0 0 3
38LS 0 0O o 0 - 0 0 8 o3 0 - 0 3
FIML O 0 o0 0 0 - 0 7 2 2 2 0 - 2
LSRF O 0 o 0 0 ¢ - 2 0 0 0 0 -

coefficients for which the method was. significantly better than each
of the other methods in the basic experiment than in the under-specified
experiment. The McNemar test and the .05 significance level were used.
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TABLE VIII-9

Under-Specified Experiments
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Summary of Additional Experiments*

Under-specified

Structural Equation

Fully specified

Standard Errorsg

Under- Fully
Experi- Bad Specifieq Specified
ment  Biasg Ranks Estimates Bisgg Ranks Eguation Equation
J Yes Yes Yes No Yes Yes Yes
X Yes Yes Yes 38LS Yes Yes Yes
except
FIML
L Yes Yes Yes 38LS Yes Yes Yes
. LIMI, LIML only  but
very slightly very
good wWorse little
H Yes No 1 bad No No Yes Very
except LIMI, except slight
LIML No bad LIML; '
and FIMIL FIMI,
FIMIL slight
M Yes Yes Yes No Yes Yes Yes
except
FIMIL,
N Yes Yes Yes No Yes but Yes Very
except deterior- all slight
LIMI ation very
& FIMIL, small bad
0 Yes No Yes No No Yes but Very
except *H Hoke all only slight
FIML slightly
worse,
especially
FIML & LIML
P No No No No No No No
Q No No No No No Yes but Very
very slight

slight



Bias

Ranks

Bad Estimates

Standard Errors,
Under-specified
Equations

Standard Errors,
Fully-specified
Equations

Experiment

Notes for Teble VIII-9

Frequency of finding significantly biaseqd medians.

Yes means found often; No, found seldom.

Changes in rank-totsls of all estimates.
Yes - rank-totals affected as in experiment T.
No - rank-totals much ag in corresponding fully

Specified experiment.

Yes - FIML often made very wild estimates angd

LIML made a few poor ones,

No - No wild estimates.
Yes - Standard errors of all methods dig very

poorly. The standard errors of FIML and LIML were
not as bad as for other methods.

No - Standard errors much the same ag in corres-~
ponding fully-specified experiment.

Yes - Some deteriorations in Performance of

38L8 and FIML standard errors.

No - FIML, and 3SIS standard errors ag in the

corresponding fully-gpecified experiment.

Program-parameters shown in Table 91II¢AQ

*¥
FIML and 38LS did boorly in the fully jspecified experiment using MOD37AR.

No deteriorations in their positions here.
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rankings of the estimates of 38LS and FIML of the fully specified equations
differ from those in the corresponding, fully specified experiments in the
same ways as were found in comparing experiment I with the basic experiment?
Table VIII-9 summarizes the answers. In almost all cases the answer was
yes. There were, however, some exceptions where the failure of specifica-
tion did not affect the results very muchol7o

The very poor FIML estimates of the under-specified structural
equations, the frequent finding of significantly. biased medians for the
estimates of that equation, the poor performances of the standard errors
and fhe failure of the poor estimates of the structural equations to lead
to poor estimates of the reduced-form may suggest that the difficulties
which were encountered in some of the experiments were due to poor
identification of the under-specified equation.171 In all these experiments
the equation was identified. However, it wag a good deal less well
identified in some of them when part of the a priori information was not

used than when all the information wasg incorporated in the estimates.

170One exception was the experiment using MOD37AL with brogram-parameter

10 set at 3. There the results were very similar to those obtained when
brogram-parameter 10 wag set at 3 in the basic structure. The other
exceptions were the experiments using MODEL37C and MODEL37D in which the
failures of specification had very little effect. MODEL37C and MODEL37D
were of different from from the basic structure. MOD37Al differed from
it in the values of the structural coefficients.

l7lI am indebted to Professor R. E. Quandt for calling this bossibility
to my attention. Tt should be pointed out that experiments G, I, J and
M were conducted before this DPossibility was recognized and that it was
suggested by the results of those experiments.
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Table VIII-10 presents the rank-criterion matrices of the under-
identified structural equationsal72 When difficulties were encountered,
there was only one non-zero coefficient in one of the other equations
which distinguished the form of that equatlion from the under-specified
one. Difficulties were encountered whenever the true value of this
structural coefficient was small, especially when it was small in comparison
to the identifying coefficient which was dropped because of under-specifica-
tion. When the value of the remaining coefficient was not very small, no

difficulties were encountered.

Summary. Peculiar results, which differed from those of egrlier

experiments, were obtained in some, but not all, of the experiments
bin which an attempt was made to estimate coefficients whose true
values were zero. The Peculiar results consisted of large and
significant biases for the estimates of the under-specified equation,
Very poor performances of the standard errors of the coefficients of
the under-specified equation (especially by methods other than the
maxinum-likelihood estimators), and a large number of very bad
estimates of this equation made by FIML. The reason for these
results may have been that the equation had become only very

weakly identified. If this were true, the very wild FIML estimates

may be an asset to users of this estimator. Such estimates were so

172For a definition and discussion of the rank-criterion matrix see
Tjalling C. Koopmans, QIdentification Problems in Economic Model Con-
struction," in William C. Hood and Tjalling C. Koopmans (eds.), Studies
in Econometric Method (New York: Wiley, 1953), pp. 35-kk.
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TABLE VIII-1O

Under-Specified Experiments - Rank-Criterion Matrices

for the Under-Specifieq Equationg™®

~MOD37A2 - MOD37AB

Second Equation First Equation
¥ K%
(3) ()" (@) (12)
.16 n 0. 0. .70 0. 0. .06
-1.0 0. .11 .56 53 .11 .56 0.
MOD37A1 - Second Equation
ke
(3) (4)
.22 .65 0. 0.
-1.0 0. .39 .18
MOD37A3 -~ Second Equation
Ko
(%)
. Ob « 87 0. 0.
=1. 0. IR .19
MODEL37C - Second Equation
(&)
.89 0. <43 O.
0. .82 0. val
MODEL37D - Second Equation
(%)
7 89 0, .43 0.
-1.0 0. .82 0O, .71

matrix by failing to fully specify the equation.

**In the experiments with thig structure and this value for program-
barameter 10, the Peculiar results occurred,
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batently absurd that it seems likely that in estimating an
empirical structure, one could reject out of hand the DPOssibility
that these estimates were an adequate representation of the true

structure.

5. Estimating an Unidentified Structure

It was suggested that some surprising results were obtained when
not all the bossible, valid, a priori restrictions were DPlaced on the
structure to be estimated because the under-specified equation was only
very weakly identified. The next step of the investigation was to estimate
a structure which failures of specification had left in reality unidentified.
To do this, the failures of specification obtained by setting progrem-
DParameter 10 egual to 2, 3 and % were all made. This was the result of
setting Program-parameter 10 equal to 6, Two zero coefficients of the
second equation were to be estimated. An extraneous exogenous variable
was included in the structure for which coefficients were to be estimated

in the first and thirg equations. As shown in Table VIII-11, the second
equation of the basic structure is not, in truth, of different form from
the first equation. It appears to be different if it is supposed that
there is a non-zero coefficient for the extraneous variable in the first
eQuation. Experiment R of the fourth set of experiments (Appendix C,
Table 4) used the basic structure with program-parsmeter 10 set at 6.

The results of experiment R were quite similar to those obtained

in the experiment using the basgic structure with Program-parameter 10 set
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TABLE VIII-11

Rank-Criterion Matrix of the Second Structural Equation of MOD3T7AZ2

when Program-Parameter 10 = 6

0 0 0¥  (first equation)
11 .56 0%  (third equation)

*Coefficient of the extraneous variable which was to be estimated.

at 4,173

The estimates of the second equation made by all methods were
significantly biased. However, as shown in Table VIII-12, the medians

of the estimates of coefficients other than the constant were not greatly
different from the true values of the structural coefficients. It will

be noted that for each coefficient, the medians of the estimates of the
different methods were very similar to each other. The dispersions of

the estimates were larger than in the basic experiment; they were not
larger than in the experiment with program-parameter 10 set at 4 according
to most of the descriptive statistics.

FIML made several wild estimates of the coefficlents of the
unidentified second structural equation. However, these were not as
large as the poor estimates of the experiment with program-parameter 10
set at 4, nor did bad estimates occur as frequently as in that experiment.
LIML did not produce ridiculous estimates of this equation.

The estimators were all ranked very close to each other for the

coefficients of the second equation, as can be seen from Table VIII-13.

173That is, when the first zero y-coefficient of the second equation was
estimated.



291

TABLE VIII-12

Median Estimates of the Unidentified Equation, Experiment R

True
Coefficient Value DLS 2818 T.IML, 38LS FIMI,
621 .54 .82 .83 .83 .84 .82
523 . 0 -.09 -,08 -.08 -,08 -.08
751 62.00 8.8k 7-63 7.17 6,73 8.79
Yoo 0 ~. 4o -.10 “ U1 - b2 - 41
753 .70 «37 .36 35 -3k .37
75 .96 .53 .52 =50 11 43
Yo7 .06 .03 .03 .03 .03 .03

* : '

. N.B. The figures are the medians of the distribution of the
estimates of the estimates of the individual coefficients and
did not necessarily all.peewr dm.the same replication.

TABLE VIII§13

. 5
Rankings of Estimates of the Methods, Experiment R °

Equation DLS 28LS UBK LIML 38LS FIML
1, totals 1088 1010 1050 1108 - 928 1086
2 By 155 153 153 173 201 215
Boo 189 155 155 168 177 206
Yo1 152 162 162 175 201 198
o0 155 152 152 175 203 213
753 149 162 162 176 197 204
725 158 155 155 181 206 195
7oq _130 175 175 203 186 181
2, totals . ~1088 111k 111k 1251 1371 1hi2
3, totals = 1248 1048 977 957 932 1099

-

*
Table entries are the totals of the ranks of the separate
coefficients in all the replications of the experimernt.
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DLS was ranked the best by the totals of the ranks of the estimates. of
all the coefficients in all replicaﬁions and FIML ﬁas poorest. Table
VIII-14 shows how often the changes in relative standing from the basic
experiment were significant. The changes of FIML, 3SLS and DLS were
almost always significant.

The standard errors of the estimates of the unidentified
equation performed poorly. The t-ratios of all methods were very frequently
greater than two. They fell outside the 95% confidence interval of the
t-distribution with degrees of freedom based on the number of coefficients
to be estimated in the equation very often. ILIML performed slightly
better than methods other than FIML, but for most coefficients, it fell
outside the range over 60% of the time. FIML did better: it was outside
the range only about half the time. If the test interval were based on
the number of coefficients in the structure to be estimated, the t-ratios
of LIML and FIML fell outside the range no more often than in the basic
experiment. The standard errors of other methods were still poor, but
not much more than 20% of the time did the t-ratios lie outside the
range. Of course, the 95% confidence interval of the t-distribution with
only two degrees of freedom is rather large. Adjusting the standard errors
for degrees of freedom before using them to make inferences about the
dispersions of the estimates of the unidentified equation would not have
led to reliable inferences in experiment R. The dispersions of the other
two equations of experiment R were larger than in the basic experiment.

The rankings of the methods for these equations are shown in Table VIIT-12.

In both equations FIML did poorly. Table VITI-14 shows how often changes
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in the standings were significant. The standard errors of FIML and 3S8LS
were only a little less reliable than in the basic experiment and their
performance was similar to that of the experiment using the basic structure
with program-parameter 10 set at 2 (that is, the experiment with the
extraneous exogenous variable).

The dispersions of the estimates of the reduced-form were a
little larger when program-parameter 10 was set at 6 than when it was
set at 4. The rankings of the methods were a bit différent. DLS and 3SLS
did better; FIML did more poorly and was ranked slightly behind 28LS and
UBK. 358LS, although still first, did more poorly than in the basic experi-
ment. The frequency of significant differences from that experiment are
presented in Table VIII-15. For no pair of methods were there significant

changes in their relative standings for half the reduced-form coefficients.

TABLE VIII-15

Significant Differences from the Basic Experiment in Estimating

the Reduced-Form Coefficients of Experiment R*

DLS 28LS UBK LIML 38LS FIML LSRF
DLS - 2 1 1 1 1 3
28L8 3 - 0 0 0 0 2
UBK 3 0 - 0 0 0 2
LIMI, 1 3 2 - 0 0 2
38LS 9 8 8 7 - 0 3
" FIML 9 8 10 8 1 - h
LSRF L 0 o} o} 0 0 -

*Entries in each row are the number of reduced-form coefficients for which

the performance of the method relative to each of the others was significantly
better in the basic experiment than in experiment R. The McNemar test and

the .05 significance level were used.



295

Since the results of experiment R were,sufprisingly good, it
was decided to use the basic structure with program-parameter 10 set at 6
in several other experiments. Two of these investigated the effect of
introducing multicollinearity. One of them used twenty observations and
the other one seventy ob.servations.l7lL Trends as well as multicollinearity
were used in another experiment with Program-parameter 10 set at 6.175
Finally, an experiment with auto-correlated disturbances as well as failure
to identify one equation was conducted,l76

The results of these experiments were quite similar to those of
experiment R. The standard errors performed about as poorly. FIML made
several wild estimates in each experiment, but the bad estimates did not
occur more often than in experiment R nor were they markedly poorer. The
medians of the estimates of the structural coefficients of the second
equation were similar to those of experiment R. However, in two experi-

NG

ments, the medians of LIML and FIMIL were not significantly biased.

The reason for this wasg larger dispersions of the estimates rather than
medians which were much closer to the true values of the structural
coefficlents. The changes in the rankings due to setting program-parameter
10 at 6 were usvally similar to those found in comparing experiment R with
the basic experiment, but they were not usually as pronounced. In

estimating the reduced-form coefficients of experiments with multicollinearity

l'Th'.]?hese are experiments AL and AM of Appendix C, Table k4.

175This 1s experiment AO of Appendic ¢, Table L.

176This 1s experiment AN of Appendix C, Table L.

177These were the experiments with multicollinearity and twenty observations,
experiments AL and AQ.
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in the exogenous variables, DILS was apt to be poorer than in corresponding,

fully-specified experiments.

Summary. The results of estimating the unidentified structure
were quite surprising. While the performances of the methods could
hardly be described as good, they were similar to, but better than,
those found in Section 4 when only one of the zero-valued structural
coefficients was : estimated:. If the conjecture that the results of
the previous section were due to weak identification was true, it
is surprising that failing to identify one equation at all did not

lead to even poorer results.

6. An Unidentifiable Structure

All structural coefficients whose values in the structure
generating the data were less than .1 were specified to be zero in the
structure estimated if program-parameter 10 was set equal to 10. A special
structure, MODNOID, was used when program-parameter 10 assumed this value.
This structure, shown in Table VIII-16, differed from the structure of
the basic experiment, MOD3T7AZ, in two ways. All coefficien%s which were
zero in MOD37A2 had non-zero, but very small, values in MODNOID; and one
coefficient, Y27, which was very small in MOD37A2 was larger in MODNOID.
The true structure of MODNOID is not identifiable; the structure estimated,
which is of the same form as MOD37A2, is identifiable. The specification
used for the estimates of MODNOID is almost correct in the sense that the

variables deliberately excluded from each equation played a very small
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role in it. It is of interest to see whether use of this almost correct
information would allow good estimates of other structural coefficients
and whether the structural-equation estimators would make better estimates
of the reduced form than the correctly-specified LSRF.

One experiment used MODNOID with prdgram—parameter 10 set at 10
with the exogenous variasbles and disturbances of the basgic experiment.

This structure with the same misspecifications was élSO'used in experiments
having multicollinearity, lagged-endogenous variables, auto-correlated
disturbances, and heteroskedastic disturbances.l78 The differences of the
results of these experiments from the ones having the same features of the
data, but no misspecification, were all very similar and can be presented
together.

In estimating the structural coefficients, the medians of methods
other than DLS and 2SLS were significantly biased more often in the experi-
ments using MODNOID than in experiments without misspecifications. . When
auto-correlated disturbances were used, FIML and 3SLS were significantly
biased even more often. The medians of the estimates of the reduced-form
coefficients of all methods except DLS and LSRF were also biased more
frequently in the experiments using MODNOID.

FIML and 3SLS were not a&s clearly better than other methods in
estimating the structural coefficients of MODNOID as they were in the
corresponding experiments without misspecification. This held both for

the standings of the methods on the number of times they came closer to

178These are experiments AQ-AT of the fourth set of experiments conducted,

Appendix C, Table k4.
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the true values than the others and for the standings according to many of
the descriptlve statistics. The deteriorations of the methods, however,
were slight except when auto-correlated disturbances were used. Then
FIML did much more poorly. This is surprising in view of the lack of
effect from auto-correlated disturbances found in Chapter VI, Section 5,
and the absence of auto-correlation from the exogenous variables. In
estimating the reduced-form coefficients, LSRF and often DLS tended to
be a bit better when MODNOID was used while FIML and 38LS were poorer.
The changes in the standings were small. LSRF, though correctly specified,
was not the best method, but instead was usually judged to be the poorest
estimator of the reduced form. In the predictions, also, LSRF became
slightly better but whs still poor.179

The standard errors of all methods were slightly less reliable
when MODNOID was used than in the basic experiment. Almost no changes
were observed in the relative standings of the methods Ffor estimating

the residuals.

Summary. The estimates of the misspecified structure différed
little from those of the correctly-specified one. Specification
that very small coefficients be zero when estimating the structure
led not only to the structural~equation estimators making adequate
estimates of the major structural coefficients, but also led to
these methods making better estimates of the reduced form than

the correctly-specified ILSRF.

179

The predictions were correctly analyzed when MODNOID was used.

KON B R
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7. Specification that an Important Non-Zero Coefficlent be Zero

When program-parameter 10 was set equal to 7, B was specified

12

to be zero even though in the structure generating the data it had a non-

zero value. One experiment was conducted using the basic structure with

180

program-parameter 10 gset at 7. In the basic structure, was one

612

of the largest coefficients.

Structural Coefficients. There are two interesting questions in

examining the estimates of the structural equations: 1) how did the’
methods perform in estimating the first structural equation and 2) how

i

were the estimates of other equatidns by the full-model methods affected
by the misspecification,l8l

The estimates of all methods for the coefficients of the mis-
gpecified equation were very poor. Hardly any of the estimates of the
coefficients other than the constant came within L0% of the true values
and all the medians of the estimates were significantly biased at the
.05 level. The rankings of the meihods for the estimates of the first
equation were peculiar. For two cbéfficients, DLS was by all odds the
best method and LIML did most poorly; LIML did best and DLS worst in

estimating the other coefficients. When LIML was worst, FIML was the

second poorest and 28LS the second best. Otherwise no pattern emerged.

l8OThis was experiment S of Appendix C, Table L.

l81The estimates of the second and, third structural equation by the k-class
estimators were not affected by the misspecification.
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The FIML estimates of the other equations were considerably
poorer than in the basic experiment. The McNemar test found that these
deteriorations in the positions of FIML were significant for all but one
of the structural coefficients. 3SLS did slightly more poorlyAthan in
the basic experiment in estimating the coefficients of the secqnd and

third structural equations, but the deteriorations in its performances

were rarely significant.

Standard Errors. The standard errors of all methods were

virtually useless for making inferences about the true values of the

coefficients of the misspecified equation. Over 80% of the t-ratios were

greater than 2. For the constant, the standard errors were more reliable

but were still considerably poorer than in the basic experiment.

The standard errors of FIML for the other equations were a good

deal less reliable than in the basic experiment. Those of 3SLS were only

slightly less trustworthy.

Residuals. The estimates of the variances of the residuals of
the misgpecified structural equation were much larger than the variance
of the true structural residuals. Usually the estimated regiduals were
more than seven times as large. The variances of the FIML residuals
were almost always larger than those of other methods. FIMIL also had
fairly large estimates for the variances of the residuals of other
equations. The medians of the FIML estimates were significantly higher
than the true values. It will be recalled that in the basic experiment,

FIML tended to underestimate the elements of Z.

i da
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The residuals of 3SLS were not as sensitive to the misspecifica-
tion. They were similar to those of other methods for the misspecified
equation. In the other two equations, the variances of the 35LS residuals

tended to be only slightly higher than in the basic experiment.

Reduced-Form Coefficients. Setting program-parameter 10 egual to

7 led to finding many significantly biased medians for the estimates of the
reduced-form coefficients made by methods other than LSRF. Half the FIML
estimates were significantly biased; more than 80% of the medians of the
other estimators were significantly different from the true values. In
addition torincreasesninithe biases, there were also increases in the
dispersions of the estimates about their central tendencies.

LIML ranked first according to the sum of the ranks of all the
estimates of all the coefficients as judged by their absolute deviations
from the true values. LSRF was sedond with FIML slightly behind it.
Kendall's W for these rank-totals was, however, only .06. The agreement
between the ranks of the rank-totals for the individual coefficients was
also fairly low, Kendall's W being only .19. Many significant changes in
the relative standings of the methods from the basic experiment were found
by the McNemar test as is shown in Table VIIT-17. The improvements of
LIML: and LSRF stand out. In most cases a methéd improved significantly
for some coefficlents while for others there was significant deterioration.

Significant differences were not found for all the coefficients.

Summary. Since only one experiment investigated misspecifying

an important:coefificient to be zero, the conclusions must be
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tentative. It was not found possible to make a sensible
ranking of the methods for estimating the misspecified
equation. For this equation, the estimates were poor and
the standard errors were worthless. FIML's performance
in estimating the other equations deteriorated markedly.
38LS was scarcely affected. ILIML and LSRF did well in

estimating the reduced form.

TABLE VIII-17

Misspecification of an Important Coefficient - Significant Differences

*
in the Reduced Form

DLS 28L8 UBK LIML 38LS FIML LSRF
DLS - 12 12 11 6 L 10
28LS 6 - 12 12 0 L 12
UBK 6 6 - 14 0 L4 13
LIMI, 6 6 6 - 0 L 9
38L8 5 5 6 13 - 5 12
FIML 7 5 5 8 5 - 13
LSRF 1 0 0 0 0 0 -

*Table entries record the number of times the method in each row was
significantly better in the basic experiment than in experiment 8
of Table VII-2 than each of the other methods. The McNemar test and
the .05 significance level were used.

8. Specification of Structures Quite Different from the True Ones

When program-parsmeter 10 wag set at 8 or 9, coefficients whose
true values were non-zero were specified to be zero in the structure
estimated and one coefficient which was zero in generating the data was

estimated. With program-parameter 10 set at 8, B12 and 821 were both
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specified to be zero and 523 was to be estimated. In addition to these
failures of specification, the last exogenous variable was deleted from
the structure to be estimated when Program-parameter 10 was equal to 9.
Neither of the coefficients of the beta matrix which were incorrectly
specified to be zero were unimportant in the basic structure.

The structures to be estimated are guite different from the true
structures, especially with respect to the inter-dependence of the endogenous
variables. The experiments of this section can be interpreted as estimating
an econometric model which is based on a mistaken theory of the structural
relationships.

Two experiments used the structure and dats of the basic experi-
ment with program-parameter 10 set at 8 and at 9. One experiment used
multicollinear exogenous data with the basic structure and program-parameter
10 set at 9.182

The results of the experiments with brogram-parameter 10 get at
8 and 9 were very similar to each other. The omission of the last
exogenous variable had very little effect on any of the results. The
experiments indicated that the effects of specifying that important
coefficients be zero were similar to the effects discussed in the previous
section.

The medians of the estimates of the coefficients of the first

two structural equations were all significantly biased. Some of the

medians of the FIML and 3SLS estimates of the coefficients of the third

l82These were experiments T, U and AP of the fourth set of experiments,
Appendix C, Table L.
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equation, which was correctly specified, were also significantly biased.

Any resemblance of the medians of the estimstes of the first two equations

to the true values appeared to be largely coincidental. They were,

however, not much poorer than the medians of the estimates of the unidentified
equation of the experiment with program-parameter 10 set at 6, shown in

Table VIII-12, nor were the medians of the estimates of the full-model

methods of the first equation greatly worse than in the experiment with
brogram-parameter 10 set equal to 7.

The dispersions of the estimates of the coefficients of the
first two structural equations around their central tendencies were a bit
larger than in the basic experiment, but not very greatly so. The
‘increases in dispersion were greater forbthe full-model methods than for
the k-class estimators for most coefficients. However, the full-model
methods were still ranked fairly well by the dispersions of their estimates
from their central tendencies. Rankings of the estimates by their
deviagtions from the true values largely reflected " which methods had
medians closer to the true values. The rankings were quite different
for different coefficients and an over-gll ranking of the methods did not
seem sensible. It may be noted, however, that the relative positions of
DLS were often better than in the basic experiment.

The standard errors of the coefficients of the misspecified
equations were not useful for making inferences sbout the true values of
the coefficients. They would have led to relisble inferences about the

central tendencies of the distributions of the estimates.

T
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The variances of the residuals of the misspecified structural
equations were invariably very large. They clearly indicated that the
structure did not fit the data very well. The variances of the FIML
residuals of the first equation were usually substantially smaller than
thoge of the experiment where only one coefficient was incorrectly
specified to be zero.l83

A1l the structural-equation estimators produced significantly
biased medians for almost all the reduced-form coefficients. Their
dispersions about these central tendencies were smaller than the dis-
persions of LSRF. LSRF, however, ranked as the best estimator of the
reduced-form. FIML and 3SLS were the poorest. For many of the coefficients,
these last two methods were significantly poorer than others in the number
of times they came closer to the true values. All structural-equation
methods ranked as poorer predictors than LSRF. FIML and 38L3 generally
were ranked poorest.

When multicollinearity was used with program-parameter 10 set
at 9, the results were quite similar to those obtained without multi-
collinearity. The structural equations were, if anything, estimated more
poorly. The medians of the estimates of the reduced-form coefficients
were quite far from the true values. Though usually significantly biased,
they were often closer to the true values than in the experiment with the
misspecification but without multicollinearity. DLS improved its standing

relative to other methods to a small extent.

lBSThat is, the experiment with program-parameter 10 set equal to 7,
reported in the previous section.
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The variances of the residuals of the misspecified equations,
especially of the second equation, were smaller when multicollinearity
was present. The medians of the variances of the residuals of the second
equation were only two-thirds or less the size of the medians when there
was no multicollinearity. With all variables being highly correlated
with each other, one might guess that the variables would act as better
substitutes for each other. Effects which were falsely specified not
to exist would be attributed to other variables with the result that the
false structure would give & better explanation of the endogenous variables.

This, in part, seems to have happened.

Summary. The structural coefficients estimated in the mis-
specified experiments were not similar to the true coefficients.
The false structures did not fit the data well, though with multi-
collinearity; the it was apt to improve considerably. The results
of this section and the preceding one are to be contrasted with

those of Section 6 where it was found that specifying that unimportant
non-zero coefficients be zero did not lead to poor performances by

the estimators.

9. Omission of an Egquation

The last type of misspecification investigated was the effect of
omitting one of the structural equations which genergted the data from
the structure estimated. When program-parameter 10 was set at 13, the last

structural equation was not estimated. The variable "explained” by this
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equation was also deleted. A value of 14 for program-parameter 10 also led
to the omission of the last equation. The last endogenous variable, however,
was included in the structure to be estimated where it was treated as a
predetermined variable.

Two special structures were used in these experiments, MOSPECL
and MOSPEC2. These structures are shown in Table VIII-18. In MOSPECL the
last endogenous variable played only a very small part in the first three
structural equations. The other endogenous variables played large roles
in the last structural equation. This structure was used 1n one experiment
with program-parsmeter 10 set at 13. In MOSPEC2, the other endogenous
variablesplayed a small role ih the last equation, but the last endogepous
variable was important in other equations. MOSPEC2 was used with program-
parameter 10 set at 14 in one experiment. One structure which had been
investigated earlier was used in experiments with program-parameter 10
set at 13 and 14.18u Finally, MOSPECL and MOSPECZ2 were used in experiments
which had a variety of the special features of the generation of the data
which were explored earlier, as well as misspecifications.l85

The results of the ex@eriments using MOSPECL and MOSPECZ2 without

special features of the generation of the data were very similar to the

results of the basic experiment. However, LIML and FIML showed significantly

IBAThe structure was MODEL46, shown in Table V-14k. The experiments are
Y-AB of the fourth set of experiments, Appendix C, Table L.

l85These are experiments AU and AV of Appendix C, Table L,
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biased medians for the estimates of the structural coefficients slightly
more frequently. In estimating the reduced-form coefficients, especially
of MOSPECLl, the medians of all methods were significantly biased quite
frequently. The rankings of the methods were but little affected. Over-
all they were the same as in the basic experiment except for reversals

of order among methods which were found to be very similar to each other
in the basic experiment.l86 The standard errors performed, by and large,
as 1n the basic experiment.

When the structure which had been studied in earlier experiments
was used with program-parameter 10 set at 13 or 1k, the differences from
the correctly-specified experiment using that structure again were slight.
However, when program-parameter 10 was set at 13 there was little difference
in the rankings of the full-model methods from those of the consistent
k-clasg estimators. In both experiments, but especially when program-
parameter 10 was set at 1k, the usefulness of the standard errors was less
than when there was no misspecification.

More pronounced differences from other experiments occurred when
lagged-endogenous variables, time-trends, auto-correlated disturbances,
multicollinearity and heteroskedastic disturbances were all used with

MOSPEC1 and MOSPECZ with program—parameter 10 set at 13 and 14 respectively.

186

When program-parameter 10 was set at 14, the calculated reduced-form
used as the true value of the reduced-form treated the last endogenous
varilable as an exogenous variable, as in the structural specification.
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When the last endogénous variable was omitted from MOSPECL, the main
difference from earlier experiments was that FIML did poorly in estimating
the structural coefficients and was ranked behind both 38LS and 28I8.

The standard errors of all methods were much boorer. FIML and 3SLS had
especially unreliable standard errors. There was very little difference
between the methods in estimating the reduced form. DIS did about as well
as or better than other k-class estimators.

Wheh MOSPEC2 was used with all the other special features, DLS
was ranked as the best estimator of the structural and reduced~form
coefficients. It was followed fairly closely by FIML and 3SLS. The
other k-class estimators did much more poorly than these methods and the
differences between the two groups of methods was stronger than the
differences observed in the basic experiment. No method had very good
standard errors. 2SLS, UBK and LIML were particularly over-optimistic
about the dispersions of the estimates. 3SLS erred on the other side.

All its standard errors grossly éver-stated the variability of the

estimates of the structural coefficients. None of the 38L8 t-ratios was

greater than two.

Summary. Omitting a structural equation had little effect
on the performances of the estimators when other special features
of the data were not present. When these other features were
bresent, the misspecification affected the relative performances
and the standard errors of the methods. The effects depended on

whether the misspecification was the omission of both the equation
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and an endogenous variable or the treatment of an endogenous
variable as exogenous. In the latler case, DLS performed
remarkably well while other k-class estimators performed
especially poorly. This was one of the few experiments
where there were pronounced differences in the relative

performances of the methods.

10. Conclusion

The results of the experiments seemed to depend in part on which
type of misspecification was studied, but even more important was the
seriousness of the misspecification, in the sense of how greatly the
structure estimated differed from the true structure. If the failures
of specification were slight, so were the changes in the performances of
the methods. For example, the specification that coefficients whose values
were almost zero be zero, the omission of an unimportant variable, the
inclusion of an extraneous variable, or the estimation of a zero-valued
coefficient which was not important in identifying the structure had very
little effect. When more serious failures of specification occurred,
the changes in the performances of all estimators were marked. When the
structure estimated was of form gquite different from that generating the
data or where an equation was either very weakly identified or not
identified at all, the estimates were far from the true values.

When a misspecification affected only one equation of the structure,
the FIML and 3SLS estimates of the other equations were affected and

usually became poorer. The changes in their performances were not great
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and did not usually lead to these methods being judged poorer estimators
of these equations than the k-class estimators. The full-model methods
were usually slightly more sensitive to misspecifications than other
estimators when judged by their estimates of the reduced  form, but they
were still apt to be the best estimators of it.

A1l methods produced what might seem to be reasonable estimates
of seriously misspecified equations most of the time. Even though the
estimates must be judged as very poor estimates of the true values of
structural coefficients, their orders of magnitude could hardly be judged
ridiculous nor were the residuals of the misspecified equations very large.
Without knowledge of how well the equations should explain the data, it
seems unlikely that the equations would have been recognized as being
inadequate. In these cases, the standard errors would not usually have
indicate the weakness of the specifications., FIML, in cases of weak
specification, did occasionally produce sufficiently wild estimates that
they might be recognized as useless. Against this feature of the method
must be welghed the very poor estimates it made in some of the correctly

specified experiments reported in Chapters V and VI.

Sy
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CHAPTER IX

Conclusion

The Monte Carlo studies conducted for this study led to many
interesting findings. Earlier chapters have discussed the results of
separate experiments and groups of experiments. These showed how the
estimators of systems of simultaneous equations were gsensitive to the
specific types of data used. The estimates of the structures made in
the course of the experiments also suggested several more general con-
clusions sbout the performances of the estimators.

The differences in the performances of the estimators were not
great. The most striking and important feature of most of the experiments
was the low values of Kendall's W for the totals of the ranks of the
deviations from the true values of the individual estimates of the
parameters. These low values of W suggest that the advantage to be
gained from using any one of the estimators rather than another one is
slight. The fact that in any one experiment the number of parameters for
which the dispersion about the true values of the estimates of one
method were significantly different from those of another was usually
small indicates that the differences between the methods are not very
important.

The frequency with which significant differences were found in
the relative performances of the methods was another important feature
of the experiments. The number of times one method came closer to the

true values of the parameters than another was apt to vary significantly
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over the parameters of any one experiment. The frequency with which one
method came closer to the true value of a particular parameter in an
experiment with one set of data quite often differed significantly from
the frequencies in experiments using other sets of data. Even when changes
in the data were made which one would not expect to affect the performances
of the methods, such as the use of different sets of exogenous data drawn
from the same populations or different values for the structural co-
efficients, significant differences were found between the eXperimenté.
The finding of these significant differences indicates that it would be
impossible to make a general assessment of the probability of doing
better by using one method for estimating an econometric model than by
using another one.

A weak ranking of the methods was suggested by many of the
experiments. This ranking placed FIML and 3SLS in the first rlaces.
Next came 28LS, UBK and LIML. In the last places were found DLS and
(when used) LSRF. The closeness of 3SLS and FIML and of 2SLS, UBK and
LIML to each othér was one of the striking features of the experiments.
But it must be emphasized that this grouping together of the methods
did not occur in all the experiments and that the ranking of the methods
was ﬁot aglways found. Indeed, in the experiments conducted, it would
have been possible to find almost any ranking of the estimators, at
least according to some of the criteria examined. Considering the
closeness of the structures and the data used in most of the experiments
to each other, it would be fairer to say that the experiments suggested
no general ranking of the estimators rather than to say that they

established & ranking of the methods into three groups.
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Comparisons of the distributions of the estimates of each of
the methods shed some light on the problem of choosing an estimator for
econometric models. They indicated that the choice of an estimator ig
a difficult matter which could not be settled by the Monte Carlo experi-
ments alone. Quite frequently in the experiments, the distributions of
the estimates had the appearance of Figure IX-1. (For clarity of drawing,
Figure IX-1 exaggerates considerably the differences between the methods. )
The estimates of the full-model methods were usually more highly con-
centrated about the true values of the parameters than the consistent
k-class estimates. At the same time, it was often found that the distri-
butions for the full-model methods had thicker tails than those of the
consistent k-class methods. That is, it was quite often the case that

the probabilities of making estimates which were close to the true values

‘and. of making estimates which were far from the true values seemed to be

higher for the full-model estimators than for the consistent k-class ones.
DLS, unlike the other methods, was apt to show pronounced biaseg, but the
dispersions of its estimates about their central tendencies were as good
as those of other methods and were frequently better. While this sort

of pattern was evident in many of the experiments, it must be emphasized
that this was not always the case. There were experiments:wﬁggeufhe full-
model methods did not have thicker tails than the k-class estimatorsnlS7
There were other experiments where they were not more highly concentrated

about the true values than the consistent single-equation methods. Even

187

This was true for many of the distributions shown in Appendix E.
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full-model methods

consistent k-class
methods

e—
true value

Figure IX-1

Typical Frequency Functions of the Estimates

if the patterns of Figure IX-1 were the ones always found, no one
estimator is clearly better than the others. The choice of an estimator
could be made only on the basis of the purpose for estimating a particular
econometric model. It is worth noting that in the correctly specified
experiments, LSRF often had distributions with smaller concentrations
about the true values and thicker‘tails than any of the consistent
structural estimators. Tt could be Jjudged poorer than them for +the
estimates of the reduced-form coefficients and of the pred%ctions on the
basis of a comparison of the distributiens.

The absolute performances of the esﬁimators are hard to evaluate
since judgment of the adequacy of the estimates must rest on the purposes
for which an econometric model is built. However, it does seem true that,
if the object of an econometric model ié to get an idea of the orders of
magnitude of the parameters of economic Systems, the estimators may be

useful. Usually the estimates were of the right size and were gquite close

L'



318

to the true values. In addition, larger parameters were apt to have larger
estimates than smaller ones. If great Precision ' is needed, the estimators
will not serve, at least not if small samples of data are used. It was
rare to find inter-quartile ranges for the estimates of the structural
or the reduced-form coefficients which were less than 20% of the true
values being estimated. Usually they were a great deal larger. It is
worth noting that the predictions were usually a good deal more accurate
than the estimates of the coefficients.

The standard errors of the consistent methods were found to be
useful for making inferences about the deviations of the estimates of
the structural coefficients from the true values in most experiments.
As a practical matter, it was found advantageous to adjust the standard
errors for the number of coefficients to be estimated in each equational88
The hypothesis that the t-ratios thus adjusted follow the t-distribution
with degrees of freedom equal to the number of observations minus the
number of coefficients in each equation led to fairly reliable confidence
intervals for the estimates in mogt of the experiments. However, there
were several experiments where this hypothesis would not have led to
reliable inferences about the dispersions of the estimates. Some of the
most notable cases of the failure of the t-ratios occurred when the true

value of a coefficient was zero. Probably +the most common use of the

188Strictly speaking, the estimates of ¥ should be adjusted for the "lost

degrees of freedom' before being used to compute the standard errors. It
was found that the adjustment would usuvally lead to more reliable estimates
of 2 as well as to better standard errors.

#
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staendard errors is to test whether estimates differ significantly from
zero. The failure of the standard errors when the true values were zero
may well lead to one douhting the usefulness of the standard errors. When
the standard errors were not reliable, it was frequently the case that

the LIML standard errors were the least unreliable. The DLS standard
errors did not lead to reliable inferences about the deviations of its
estimates from the values being estimated.

One may wonder how firmly based are the conclusions of this
study and whether further Monte Carlo experiments are needed to confirm
them. Although many experiments were conducted; the number of independent
sets of data used and the number of different structures examined were
small. The size of the samples of estimates studied, fifty, is modest.

If more definite conclusions had been reached about the performances of
the estimators, more experiments might be called for. TFor example, if
a definite ranking of the methods had been found, more experiments would
be called for to see whether the ranking were peculiar to the data and

structures used. However, more experiments would not seem likely to
upset the conclusion that the ranking of the estimators does depend on
the econometric model being estimated. IFf the estimators were found to
be insensitive to the types of changes investigated, more experiments
with much larger samples of data might be needed since the smallness of
the sample might have brevented the finding of significant differences
in the performances of the estimators. Again, this was not the con-
clusion. Finally, if the standard errors had always been found reliable,

much larger samples would have been useful for checking the results and

o8
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testing in more detall hypotheses about the distributions of the standard
errors.

These arguments do not rule out the usefulness of other Monte
Carlo experiments on the small-sample properties of the simultaneous-
equation estimators,l89 Many questions were not examined at all. The
experiments conducted only scratch the surface of the problems of mis-
specification of the statisfical model and the forms of the structural
equations. Even though it seemed that idenfification problems may have
led to some of the peculiar results, the usefulness of the tests for the
identification of an equation was not examined. What is suggested is that
it seems unlikely that a repetition of the types of experiment reported
in this study would upset the findings of the experiments, though bad
luck as well as poor design can have led to the wrong conclusions--as
is true for any statistical findings.

The Monte Carlo experiments were designed to investigate two
questions: are the performances of the estimators gensitive to the types
of data used in different econometric models and would the small-~gsample
properties of the estimators reveal that one method is clearly superior
to others for use in estimating econometric models. Both questions have

been answered by the study.

189

And it may be remarked that if I were now undertaking the study ab initio,
the design of the experiments might be substantially different.



321

APPENDIX A

The Computations

1. The Computer

The computations for the Monte Carlo experiments used a
Control Data Corporation 1604 computer. This is g high-speed, stored-
program, electronic computer. It uses binary arithmetic and has over
32,000 words of magnetic core storage. In single-precision, floating-
point format, which was used for the computations, numbers have about
ten decimal digit accuracy. The absolute size of the numbers can lie

-308 to 10308,

in the (approximate) range of 10 The principal input-

output medium is magnetic tapes. These also served as auxiliary storage.
The size of core storage led to certain restrictions being

placed on the experiments. No more than 28 structural coefficients

could be estimated. Not more than 2k reduced-form coefficients could

be analyzed. The programs could not handle structures with more than

7 equations or 9 exogenous variables. Predictions of each endogenous

variable were limited to three. No more than 70 observations of the

variables in each replication could be handled. The number of replica-

tions was fixed at 50. Thege restrictions were imposed to limit the use

of magnetic tape as intermediate storage in the programs.

2. The Generation of the Dats

Data for the experiments were generated using a random-nunber

generator coded by Mr. G. J. Mitchell. The random-number generator was
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the particular solution to a difference equation of very large cycle.

The pseudo-random numbers produced by it seemed, on investigation, to

be random. Different sequences of numbers could be obtained by specifying
different initial values to the generator. The generator produced random-
bit configurations rather than random numbers. They were converted for
use in the study in two ways. For generating the exogenous data they
were transformed into rectangularly-distributed floating~-point numbers,
lying in the range O S x; <100. A TX(K-1) matrix of such terms was
generated to serve as the exogenous variables in an experiment. (T is

the number of observations and K +the number of exogenous variables.

The other exogenous variable had the value of unity in all observations,
being a dummy for the constant of the equations.) For the generation

of the structural disturbances, the output of the pseudo-random number
generator was converted to floating-point numbers of mean zero. Fifty
such numbers were summed and multiplied by an appropriate factor to give
approximately normally-distributed deviates of unit variance. A TXg
matrix @ of such deviates was formed (where g 1is the number of
equations). A gXg matrix, F, was specified by program-parameter 1,
which also specified B and I'. Let h be the value of the scale-
factor for the structural disturbances (program-parameter 13). The

0
structural disturbances, U, were then formed:l9

U = hQp.

1902y % since 1/T[E(U'U)] =1 and 1/T[E(hF'Q'QFh)] = newF.
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The endogenous variables, Y, were formed using the B- and I'-matrices

specified by program-parameter 1:
Y = ~ZF‘(B‘1)' + U(B‘l)'-

The ways in which these basic data were altered to introduce the special
features studied were described in the sections presenting the results of
the experiments. When other stochastic elements were desired, such as

errors in the exogenous variables, they were generated as were Q.

3. Estimstion

Having obtained the data Y and Z, estimates were made from
them. First, the LSRF estimates were calculated: ot
I = (z'z) gy

The LSRF residuals, v » were also calculated:

v o= Y - z(z'z)'lz'Y

191

In this appendix we use the notation of Chapter II unless explicit
exception is made. Inversion of matrices was performed with a program
coded by R. E. Quandt. See R. E. Quandt, "Some Small Sample Properties
of Certain Structural Equation Estimators," (Princeton: Econometric
Research Program, Research Memorandum 48, 1962), p. 15. The inversion
method was designed to work well with ill-conditioned matrices. 1In each
inversion, a check was made to see if the matrix was singular (or rather
if it appeared to be singular). If the brogram declared a matrix to be
singular, the entire sample which gave rise to that matrix was abandoned,
even though the estimates for some methods could be computed. Singular
matrices were found most often in the course of estimating FIML.. The
results of the experiments do not reflect the fact that other methods
could meke estimates when FIML could not.
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The k-class estimates, DL8, 2SLS, UBK and LIML were all cal-
culated, after forming the matrices of the variables included in each

equation, Yy Ym’ and Zm) by the formula:

‘ -1
gt Y'Y -XVY Y7 :
m mm mnm m m _
N B Em-k\’/\‘m ZQ' v, -
R 1 1
Yﬁ k mem_ ZmZm

The residuals from each equation were then calculated:

(ﬁ >k - ym - [Yﬁ Zm][Bm ¥ﬁ]£

Standard errors were then calculated as the sguare roots of the elements

on the main diagonal of

Y'Y -kv'y vz 7] -1
1 “ . m m mm mm
T(um)k(um)k .

VAR A/

m m m m

Following the computation of the estimates of the coefficients of each of

the structural equations, the estimates of X were formed from

<>
!
=
&
=
!
A
0Q
~—

by



Note that neither the estimates of £ nor the standard errors were

~

adjusted for degrees of freedom. Next, the matrices Bk and Fk
were formed by substituting the k-class estimates for the unknown
elements of B and TI'. The reduced-form coefficients were then

estimated by

PN -A_l/\
Hk = -Bk Fk
Three-stage least-squares estimates weremcalculated from
the matrix

) _—ll 1 toy-1 } 1g t N
o [Yl Zl} zZ(z'z) "2 [Yi zl]...o [Yi Z,1 Z(2'7) "z [Yg

and the vector

—

Te . i
s ot z,1'2(2'2) lZ'yi

i=1

[Yl

g : i
= oy oz 1'm(z'z) Y2y,
o g g i

gl f‘. 1 1) 1ot 2g v ° toy=Llot
| [Yg Zgl z(z'z) "z [y, zl...0 [Yg Zg] Z(z'z) "z [Yg z ]
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The estimates-were calculated:

5 = [BlJ TlJ ey BgJ Tgl
- B .
0 is the i,jth element of the inverse of the variance-covariance matrix

of the 28LS structural residuals. The standard errors were then calculated
as the square roots of the elements on the main diagonal of H_l.
Having calculated the structural coefficients, the estimates of

B and I' were formed and the estimates of I were calculated as for the

k-class estimates. The estimates of Y were calculated:

% = %(Yﬁ’ + 2D (YR + Zrt) .
FIML is the most complicated method to estimate. The computa-
tions were carried out after the procedures of Chernoff and Divinsky.l92
The‘starting point of the computations, 80 , Wwere the 38LS
estimates. This choice was made after it appeared in trial runs that
38LS tended to perform better than.other methods and to be closer to the
FIML estimates than those of other consistent methods.

In presenting‘the FIML estimates we use the following additional

notation:

l92Herman Chernoff and Nathan Divinsky, 'The Computation of Maximum-
Likelihood Estimates of Linear Structural Equations,” in William C.
Hood and Tjalling C. Koopmans, Studies in Econometric Method, (New York:
Wiley, 1953), pp- 236-302.
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X = [v 7]
g
c = X (g +k) .
m m
m=1

Computations for FIML start by forming the matrices Q= X'X,

lZ'X and the basic matrix, & , of dimensions eX(K+g) .

F=Xx'z(z'z)”
Each row of & corresponds to a non-zero coefficient in the model and
consists of zeroes except for a value of unity in the column corresponding
to the variable to which the coefficient applies.193 ® can be partitioned
into sub-matrices @i corresponding to the separate equations. Sometimes
we use only @y ; the columns of ¢ correspohding to Y.

The matrices V = 0Q0' and N = 0F0' are formed. These can
be partitioned into the (gi+hi)x(gj+kj) submatrices:

— b
Vg o= 0

and N.. = 0,70, .
ij it
For each iteration three steps are involved. First we need to
compute the vector of first derivatives of the likelihood function (2.15)
at the values of the estimate in the previous iteration: E(j) and

K(j) = fg(j) 1:(J')]- (%(j) = %[K(j)X'Xﬁ(j)t]) This vector is formed

193Fbr a discussion of the bagic matrices, see T;"C.'Koopmans, H. Rubin and
R. B. Liepnik, "Measuring the Equation Systems of Dynemic Economics,” in

T. C. Koopmans (ed.), Statistical Inference in Dynamic Economic Models,
(New York: Wiley, 1950), pp. 160-166. In programming FIML, the basic
matrices were used since: this seemed to make the task easier and to save
space in the computer. The simple form of the restrictions on the co-
efficients in the model, namely only that Some are zero a priori, accounts
for the simple form of ¢.
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from two matrices. First the matrices E = (B—l) @; and H = %(j)_lP

are formed where the gXc matrix P is formed:

%(j)i being the estimates from the jth iteration of the coefficients in

the ith equation. Next we obtain the gxc matrix:
M = E-H

This can be partitioned into the g2 vectors M with (gk+k elements

ik’ k)
in the kth vectors, according to the equation in which the coefficients
corresponding to the columns of M are found. The vector n: n = {ni] = M,
is the required vector of first derivatives of the likelihood function.
The vector n is compressed to 0 by deleting elements corresponding
to the coefficients on which the equations are normalized.

The next step is to choose a metric for the direction of steepest

ascent and the calculation of the matrix TS corresponding to it. Then

the estimate at the end of the (3+1)™% iteration is:

-5 (341) = -B(3) + ea(j+1)

. _ -1
wWhere 4 d(J+l) = TS n

and e 1s the step size used.

Three metrics were used: 1) the "P"' metric:

‘ el oo
To p(igy) = LG50 -
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TP is formed by deleting the rows and columns corresponding to
S

coefficients on which the equations are normalized; 2) the "R" metric:
o-1 . .
T, = {TR(ij)} = {(= >ijNij° Tﬁs is formed as Tpy; and 3) the

"I or Newtonian metric:

T, = Ly v Iy L - I,

To form the four matrices needed, we first form the matrices

_ _ ~Lyige
¢c = {¢;) = (387) ?iy
g = 51p
and. ¢ = P’g_lP~ .

C and H are partitioned as was M above. Then the matrices are formed:

Liig) = {cjk}’{cij}

Pa(ig) T W'l

b= M) = (e
and Dy = Oyagy) o= (ED )

The only remaining problems are the choices of the step-sizes
and criteria for changing metrics and stopping the iterations. We started

with the "P" metric. It was decided to take step sizes of unity and then

2y 1
to compute the ratio q(j) = [dzztB( 31 which is l/T2 times the square of
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the variable part of the concentrated likelihood function of the estimates

on the jth iteration. As criterion we then took 4 = q<J)qu§(J~l> .

If £ < .009, a switch was made to the "R" metric. If £ was greater

than this threshold value, further unit steps with the same value of d
¥
were taken (up to the limit of six steps), until £ was found to decrease,

whereupon a new iteration with the same metric was taken. The threshold

" non

for changing from the "R' to the "IL' metric was .0004. Otherwise the

17 it 1t

procedure was identical with that for the P metric. For the L
metric, step sizes of one only were used (except as noted below). When
£ < .00003, the estimate on that iteration was accepted as the FIML
estimate.

In the event that the firét step led to a negative value of £,
a revised procedure for that iteration was used. When this happened, the
step size was shortened by 60% and the resulting estimate accepted for
that iteration. If this happened repeatedly, all the step sizes were
shortened by 40% every time it was found that five decreases in the
likelihood function had occurred since the start of the iterations or
since the last change in the step size. At the same time, the final
threshold was lowered by 20%. It was still found, however, that it was
possible with this schema to come very close to & maximum and start
"bouncing” about in its neighborhood, without getting a positive increase
small enough to satisfy the threshold. In these cases, 1t was decided to
discontinue the iterations after 65 had been completed and accept the.

estimate on the last iteration as'the FIML estimate. Since it was found

in examining some of these cases that the differences among the estimates
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were slight and since one cause of the inétability was rounding errors in

inverting the large matrix T (as well as in other calculations needed),

L
this procedure does not seem unreasonable.
When the iterations were completed, the standard errors were

computed as the équare roots of the elements on the main diagonal of

1, -1
7 (Tp):

4. Checking the Program

The program making the estimates was checked in several ways.
First, portions of the program were checked by making hand calculations
for several sets of data and comparing them with the calculations made
by the program. Second, several small models were calculated using exactly
the same procedures as did the program and the computations of the computer
brogram were compared with the calculations at several ﬁoints in the
program. Finally, the Girshick and Haavelmo food modell9lP was estimated

by the program and the estimates compared with those which have been

calculated by others.l95

19AM. A. Girshick and Trygve Haavelmo, "Statistical Analysis of the Demand

for Food: Examples of Simultaneous Estimation of Structursl Equations,”" in
Hood and Koopmans (eds.), op. cit., pp. 92-111.

l95Ha:rry Eisenpress, "Note on ‘the Computation of Full-Information Maximum
Likelihood Estimates of Coefficients of a Simultaneous System," Econometrica,

vol. 30, (1962), pp. 343-348.
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APPENDIX B

Summary Tables Available

A number of tables was prepared to summarize the findings
of the Monte Carlo experiments. Some of these tables are shown in
Appendix D. (These tables are indicated by an asterisk in this appendix
when they are described.) Others are available on request for the cost
of Xerox reproduction.

The tables are arranged in four groups. The experiments cbn-
tained in each group are shown in Appendix C.

The following types of tables are available for the estimates
of the structural coefficients, the estimates of the reduced-form

.

coefficients, the estimates of the elements of 2,196 and for the pre-

197

dictions.

A. Tables of Typical Descriptive Statistics. These tables

record for each experiment some of the typical descriptive statistics.

Let sij be the descriptive statistic for the distribution of the

estimates of the ith parameter, Gi » made by the jth method. The typical
statistics for each method Sj are defined as
1B Sy
i

5, =% X 7T
J By 19

196
197

These are not presented for the C-set of tables.

These are not presented for the D-set of tables.
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The descriptive statistics for which these tables are svailable are:

1. Biases of the averages (differences of the averages

from the true values)

2. Standard deviations
3. Root-mean-square errors

. *
L. Biases of the medians

*

5. Inter-quartile ranges
6. Ranges
7. Median absolute deviations

8. Third-quartile absolute deviabions

B. Statistics for the Ranking of the Estimates by their Absolute

Deviations from the True Values. The rankings of the deviations of the

estimates from the true values were Summarized in two ways:

l. The totals.of the ranks of the deviaticns of the estimates
from the true values were summed over all replications and parameters
and presented in tablesa* These tablés also show the values of
Kendall®s W for the totals and the &alue of the Xi statistic for
Friedman®s two-way analysis of variance. The significance of the

Xi statistic is shown with the following coding:

0O - not significant at the .05 level
1 - significant at the .05 level but not at the
.01 level

2 -~ significant beyend the .01 level.
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The reasons for not placing emphasis on the findings of the Xi
test for these totals of ranks were discussed in Chapter III,
Section 11. The tables also record the number of separate
coefficients for which the totals of the ranks of the estimates
of the coefficients led to values of W which were significantly
different from zero at the .05 level (referred to as "X95" in the

tables) and at the .0l level ("X99").

2. The totals of the ranks of the estimates of each parameter
were themselves ranked. These ranks were then summed over the
parameters estimated. Summary tables contgining these rank-totals

are available.

C. Ranking of the Descriptive Statistics. The descriptive

statistics of the estimates of the parameters were ranked. The totals
of' these ranks over the parameters estimated are gvailable for

1. The standard deviations

2. The root-mean-square errors

3. The inter-quartile ranges

4. The ranges

5. The median absolute deviations

6. The third-quartile absolute deviations.

D. Counting Statistics. These tables show the number of times

in the estimates of each experiment certain conditions arose. The tables

are:
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1. The total number of times each method had the estimate
which was closest to the true values of the parameters being
estimated,

2. The total number of times each method had the estimate
which was farthest from the true values,

3. The number of times the estimates had the wrong signs,

L. The number of times the medians of the estimates of each
method were significantly different from the true values being
estimated,

5. The number of estimates falling within 20% of the true

values.

E. Tables of Pairwise Comparisons of Methods. Some tables were

brepared to show the performances of some of the methods relative to others.
The.methods compared were DLS with 28LS, 2SLS with LIML, FIML with 38L8
and, where appropriate, DLS with LSRF. The tables show:
1. The number of times one method had estimates closer than
the other for all the parameters estimated,
2. The number of parameters for which the sign test found
that one method had significantly sﬁaller dispersions than the other,
3. The number of parameters for which the Wilcoxon test found
one method to have significantly smaller dispersions than the cther,
4. The number of times the Wilcoxon test found that one method

had significantly smaller central tendencies than the other,
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5. The number of times the estimates of one method had a
smaller descriptive statistic than those of the other. These
are available for

&. The inter-quartile ranges,

b. The ranges,

¢. The median absolute deviations,

d. The third-guartile absolute deviations.

Tables for the standard errors listed the proportion of the
t-ratios for the estimates of all structural coefficients which fell
outside the intervals studied. The intervals were:

1. The 95% confidence interval of the t-distribution with
degrees of freedom equal to the number of observations minus the
total number of structural coefficients to be estimateda* (This
is referred to in the tables as "MODEL T'. When this led to a
negative number for the degrees of freedom, all the estimates
were considered to lie outside the interval, since the hypothesis
was meaningless. )

2. The 95% confidence interval for the t-distribution with
degrees of freedom equal to the number of obgervations minus the
number of coefficients to be estimated in the equation in which
the coefficient for which the t-ratio was formed lay.

3. The interval -2 to +2.

336
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APPENDIX C

The Experiments Conducted

This appendix lists the Monte Carlo experiments conducted. The
experiments were divided into fou: barts. The tables of Appendix D follow
the arrangement of experiments in the present appendix. To facilitate the
comparison of the experiments, the first one in each set is the basic
experiments (discussed in Chapter IV). The experiments were discussed in

the study as follows:

Chapter V ~ Part 1, Experiments B-AR

Chapter VI - Part 1, Experiments AF-AK
Part 2

Chapter VII - Part 3

Chapter VIII - Part k.

The experiments are defined by the values of the program-

parameters. The brogram-parameters and their effects were:

Program-
Parameter Description Discussed in
1 Structure used Chapter V, Section &4
Section 5
Section 6
Chapter VIII, Section 6
Section 9
2 Number of observations Chapter VI, Section 2

3 Errors in the exogenous Chapter VII, Section 2
varlables :

by Lagged-endogenous variables Chapter VI, Section I



Program-

Parameter

p)

10
11
12
13
14
15
16

17

Description

Time~-structures in the
exogenous variables

Multicollinearity
Proportionate errors
Stochastic coefficients
Auto-correlated disturbances
Misspecification

Not used

Heteroskedastic disturbances
Disturbance size-factor
Disturbance set

Exogenous variables set

Scale-factor for errors in
the exogenous variables

Scale-factor for the
stochastic additions to the
structural coefficients.
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Discussed in

Chapter

Chapter
Chapter
Chapter
Chapter

Chapter

Chapter
Chapter
Chapter
Chapter

Chapter

Chapter

VI, Section 5

VI, Section 3

VII, Section 5
VII, Section 3
VII, Section 4

VIII

VII, Section 5
V, Section 7
V, Section 2
V, Section 3

VII, Section 2

VII, Section 3

In the tables of this appendix and the next one, experiments

are referred to as "runs" to save space in the table headings.
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APPENDIX D

Summary Statistics for the Experiments

This appendix contains tables to illustrate the orders of
magnitude of the estimates and the rankings of the estimators found
in the course of the Monte Carlo experiments. The statistics are
described in Appendix B. The four sets of tables follow the division
of the experiments into four parts in Appendix C. The letters

identifying the statistics correspond to those given to the experiments

in Appendix C.



___APPENDIX D
. -TABLE A=Y
ESTIMATED STRUCTURAL COEFFICIENTS

U RUN T BLS s e - i ICAL MEDIAN BIASES
~ RUN 'DLS ""U2SLS UUBK T LIML 3SLS | FIML

-, 19 -+ @5 -« @5 -@ﬁz -.02 ~.01

e ]l ‘_-06‘2_ - _t_g__-l_i_.___:'_oi."] '.92 = L:]ﬁ» o _ _
"013 _.ED —-ES -.d2 -.ﬂj "'-‘]
o ~-.87 —.¢d «21 «32 =1 o
l -062 o@] .ﬁz .ﬂz oﬁ‘ -b]
-025M _:'_-_!3_6 . _—_op'_,_"__ __:‘_-ﬁz _—ogé _—'_zg___-______;_-A e _ _
- 87 -2 —e ¥l 01 ~ed 1 =41
R Tl =aB3 -.B2 -3 -.p3 -.9) e

AD -.39 -.24 =21 ~.88 -2y -2 o T
AE  -.17 =413 =.14  =,89  =.14 - 29
AF =17 -.83 .32 .7 -2 U7
AG -,19 -.@2 -.@1 ~.31 -.61 - 22
AW Rl28T T TLUB3 Iy e R B R R T )
-2 -e02 -,g2 -.2
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APPENDIX D
TABLE A-2
. _ESTIMATED STRUCTURAL COEFFICIENTS -
TYPICAL INTERQUARTILE RANGE S
TTUTRUNTTDOLS T U2SLSUBK T CLTML T C3SLST T FIML T :
A .39 " .uy o4k 45 .29 .29
B 230 .39 Ry AT .27 27
C .38 bl 46 U6 .28 .26 i
T . T S T T - A
E .32 .37 .38 .39 .26 .25
"""""""""""""" Foo .21 77 .37 L33 L35 L2 Ve T T e
G .3 47 a7 45 .23 .2U
A 27 3% .36 Ry 30 L35
I .19 .31 .36 4l .29 43
B I - B 1% B Y TRt 't Sl T A | o ) o
K .38 by ph Jitb 45 b
S R & A T S N TS S I
M .31 4p Yy il .38 Ly
T N .35 .39 .39 51 'Y .53
0 A7 .29 .30 .32 2k .28
: B i TRt Y I A ST S T e 1 - Tt
Q .16 21 .22 .23 a5 15
S S X S S & (. - S Y- SRS Y AR Tt
S 27 Lbp 42 b .32 .32
T 2T .35 .35 .39 37 31
u .29 .31 .31 .32 .29 .28
""""""""" S S T S S A ¥ - ¥ S
W .32 4B 41 oy .33 .35
X W22 W22 W22 L2 ST B
Y 50 .82 .87  1.00 .56 .58
z .55 1.07  T.26 1.58 (T P B
AA .58 1.34 1,57 2.89 1,12 1.h6
SRR Y S S R -+ il WY R0 147 il e (it 1 S T
AC 1.83  1.51  1.78  1.9%  1.50 1 93
TUTUADT W28 L3 LD, AT B S T - T
AE .53 .89 .95  1.33 .81 1.15
KF .21 .28 .29 30 19 )
AG .17 .25 .26 .25 .15 .1u
E e Y I I d e £ K 1 i I
AL 1T 19 19 <19 .28 .20
BNV R b Sy | ity [t F At B I T
AK o1l o 16 o 17 .17 o 15 .15
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TABLE A-3
s ESTIMATED STRUCTURAL COEFFICIENTS O
RANKINGS_QNﬁA}L,ﬁﬁ]}ﬁAI§§”_,V____»,__«_“_““__,_HWM“M-MW;AA
~ RUN  DLS "TT2SLS TTUBK LIML 3SLS  FIML CHI 5Q W SIG X95 'X99
A 3334, 2751, 2698. 277V, 2878. 2118. L19.6 .11 2 15 14
B 3514, 2708, 2649. 2652. 2J063. 2164, 505.5 13 2 14 14
C . 3§§§:m_2]?9:__2§?J:_m3§?9:__?ﬁ9?:__J9§J: __________ 2398 14 2 1y 1w
D 3662. 2728. 2484, 2470. 1995, 2611, 7T10.0 .19 2 12 1N
,_~§‘__§§I?3~_2]9§:__3159;_N?]§§:“_2@§B;;_2?]5: ___________ 484 u 13 2 13 12
F 3538. 2731, 2519. 2621. 2258. 2193, 481.4 413 2 14 13
G 3874, 2768, 2771. 2847. 21¢3. 2187. 288.4 7 )12 11
Ho 3111. 2781, 2759, 2793. 2223. 2163. 252.6 .27 2 1u 13
I. 3315, _2618. 2479, 2554, 2443, 2381, 234.8 .26 2 15 13
J 3188. 2656. 268C. 2645. 2356, 2345 139.1 .7 2 9 )
K ,?ﬁ]]:_m?Hﬁﬁg_u2¥883__2§§§:ﬁ_2921<UM2112amu____.mﬂ4k;l,aﬁlw.2 5.k
L 2929, 2u9L. 248Y. 2505,  2656. 2587. 56.4 .22 2 7 b
M 2838, 2559. 2664. 2756. 2u25. 2528. 46.5 .21 2 “ 6
N 2614, 2455, 2507, 2649, 2702. 2803. 32.2 .71 2 7 5
O _36ub, 2675, 2558, .2572, 2176, 2125, o873 15 2
P 3518, 2499, Zh9B, 2557, 2308, T »35g. 388.2 12 2 iy U4
Q- 2733, 2295, 22¢5, 2195, 1657, 1515, LA T AN - SRR B B F
R 2819. 2450, " 2555, 26715, T 9145 2116, 54,7 078 T T
5 2942. 25€6. 2554, 2712. 1979. 2007, 323.2 .09 2 12 11
T 3987. 2973, 2996. 29uB. 2477. 2L&7. S5Thet L1227 75 1%
u “PSP:"_§??!:m,§?JJ:__§?J§- _3bhu, 3456, 181.2 .73 2 13 9
Vo 3945, 35837 345 X730 2951, 3142, ) C202.9 AN T T T
oy . 2P0). 53k, MTHB. 4896.  3919. uow2. 193.8 .23 2 15 9
X 3117, 2787.  2757. T D8¢u. T 2p9v. 2137, 343.5 09 2 12770
Y 3604, 2739. 2572. 2662. 2087. 2086, 592.6 J16 2 5 1N
Z 3393. 2679. 2572. 27hB8. 2129. 3329. 386.1 L1 7 15 13
AA  3186. 2561, 2u99, 2659, 2146, 27¢8. 218.9 .06 2 13 13
AB 3£56. 2528, "2u87. 2708, 951y, 2757, 155.2 .70 27 0w iy
AC  2635. 2294. 2629. 2745, 255@. 2807. T7.6 .22 2 12 =~
AD“’23@11““2@371"”éﬁh?i“??hbl‘“éhﬁ%ﬁ“W?ﬁﬁ?iﬁ‘"“*””““f8€52’;:5' 212 12
AE 3608, 2798. 2728. 2925. 2808. 2984, 175.8 o 20 15 1y
~AF 3661, 26LL,  2665. Z587. 2094, 2P99. 623.¢ L7 7 14 gy 7
AG 3718. 2581. 2652. 2651. 2077. 2071, 687.7 .18 2 1y 1u
CAH U3B89, 2639 205 2630, 2028, 19neL T T 9T3.6 L8 Ty TS T
Al 3363, 2553. 2509, 25p8, 2377. 2uua, 25603 Ja7 0 4 8
A 33871“‘2&6&1"251@2”‘éhi?}"“é@ébi“ﬁbis."“"““””SS?lu”;TA”“i' 12 1)
AK 5874, 3752. 3823. 3771. 3404. 3276. 532.7 .17 2 15 n
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TABLE A-4
_ESTIMATED STANDARD ERRORS
PROPORTION OF BIAS/S.E. OUTSIDE MODEL 7T
RUN "DLS  2S5LS TTUBK TTTLTIML CU3SLS T FIML T T To T
A W20 .07 .06 .26 T o5 .2h
T .18 .83 .05 kS N N
o .18 <25 .25 .25 an 22
T DT W32 LT T TLEe T T Ley T I S O
E .18 .U « 33 .23 %3 .23
N R TS S b 29T .06 .13 LT [
G .18 « @5 .85 .5 .04 15
H .20 .07 ar .06 .06 N
I 42 .21 .16 .08 W23 . 1f
N B O 1 .04 . h «25 .65 -
K a7 . Bu ol an G5 o5
L 27 .25 I TR 06 25
M 12 07 D7 L£7 07 W7
B R Y X .26 .06 .5 7 N
0 «36 .28 .28 26 £8 06
. TP W38T T Lee6 T T T Lws o .03 .06 .43 oo T
Q .29 12 .12 R7 .8 .28
} [ - S T, . S, S« T N s o o T
. S o2k .27 .87 .26 6 L
T .16 B2 .Y <E N AT
U 1.0 1.0¢ 1.28 1.00 1.04 o
RV 2R I Y7 S I 17 R [T A DT, R Y7 R | o
W 1.88 1.00 1.60 led Tel0d 1od?
"""" N - S R . S ) TR S A S e
Y 408 .08 BT L85 - 8 e
Z .52 .13 .19 b 12 A7
AA e57 . 16 .13 .8 7 .16
Y O A L I . L R e 1
, AC 21 .25 . 35 Ok V9 o8
T T TADT LB T TT P SN B ' A A I 2
AE .48 o 18 .28 oLl Ay W9
AF 37 .35 .05 .85 .ar7 T )
AG 49 .26 .85 05 6 b
B Y B Y T L L O . T A 1. S
Al +35 7 BT 07 37 LT
"""""" S T T 1 T /.
AK 29 Bl i N .05 <95




348

APPENDIX D
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TABLE AT

~_ ESTIMATEOD RESIDUALS __

RANKINGS ON ALL ESTIMATES
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. | TABLE A=10
: _ESTIMATED REDUCED FORM

L 3

RANKINGS ON ALL ESTIMATES
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APPENDIX D

TABLE A-11
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TABL
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E A=-12

CTIONS

RANKINGS ON ALL ESTIMATES
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P Y3 O & I & A 4 S ¥ ST v S ) T
Y 62 . 8¢ o 34 a3 46 i
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AA «35 a3 hi o .24 o 26
AR L2L o34 L ¥ T I A £
AC 22 . 25 « 29 o 28 e2 T
AD .21 W50 T TRy T TR T Ly N
AE 22 « 35 « 37 ik 2 vt « 23
B ) A «3H « 30 «0O ) e 37 T
AG 32 « 35 e 36 « 36 e 23 « 23
AH O L e Yt A o)
Al o2 | «2b e 20 o2 0 e v
AJ 53,92 T T LB UTLIe  Low T T Ty ) o T T h
AK «506 la22 Vot 1.3 o1 1.13
) AL o9 Te17 IR 1.39 T.%5 1607
AM <31 e D1 e 50 « 00 ok .t
AN e O A A T i B I B R IO O S
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APPENDIX D

TABLE B -3

_ESTIMATED STRUCTURAL COEFFICIENTS

RANKINGS O~ ALL ESTIMATES

CRUN DLS 728U TTUBK TTTUIML T3S T FIML CHI SO W SIG X995 X979
A 3334, 2751, 25698. 2771. 2378. 2118. 419.0 11 2 15 u
B 3792. 2756, 2475, 2598. 2158, 2061. 661.5 .18 2 15 iu
o 3582. 2649. 2538. 2518. 2384, (2193 39645 11 2 15 RN
O 3783, 2733, 2u(8. 2539, T 225, T 2125, 6us. 1 17T 2 15 0y
£ 3837, 2555, 252 2559. 2392, 2339, L 362.7 L2 20wy

F 3720, 26912"”25172“'2&3@. 2124, 2038, 67641 .18 3 iy Ty
G 3483, 26244 2371.  2uu3, 2345, 2468, 35248 39 2 13 14
H 3856. 2915, 2929, 2946. 2554. 3637, 358.2 .08 2 1z 1
I 3Vi7. 232u. 2152, 2352+ 1554, 1391, 89,7 .37 2 12 R
J 31460 2463, 2394, L4478, 259, 2677, e b 20 1% )
K 2552, 2271+ 2622. 2157, 2638, 2927, Pl 2 2 75
L 3211, 2685, 257h. 2415, 239, 2355, 18000 .5 9 o 7

M Bd67. 25524 2469, 2331, 2478. 2231, ;ﬁsx.u 27 2 dn 13

N 5156, B3TH. LTS B336. L2367, 41h5. 1925 w735 2 18 15
0 3287. 2621, 2649, 27177, 2895, 2251 337, ;_,53 2 da 13
P 3438, 2665.  25un. 2497, 22¢u. 0 250170, STT TR A R TP
U 3385, 2785.  2657. 2008, 2254, 2023 42804 11 2 I a

SR 38090 T 2T0u) T 2677, 2701, 20ue, T Yy, T ST B P D
S 3685, 2729. 2562. 2539, 20Rr3. 2122, oul.. 17 2 5y
T 3874, 27335, 2621. ¢539. 2070, 1751, E 1 A T D
U 3449, 2813. 2786, 2742, 2247, 1953, AR N A R
Y 3878, 2564,  2597. T 2561, T 21y 270u, L Y J R PN R

W 2795, 2547, 2499, _2536. 2626, 27us, 2709 .1 Y "
X 3439, 2758, 2635, 0745 T o 1%. S 20T, “'“uoa.,*Jsé 2N LV T
Y 3522. 2857, 20644, 2653. 206k, 27017, 5914 W16 2 15 14
z 4233, 3587. 3557.. 3Ah6. 29083. 3.16. 32b.5 LA o T4 3%
AA 3519, 2720, 269u,  ilnu, __deus. 2usy, W>75.( o O Y
AR 2887. 2969, 245 2503 2nEy, 29576 . L 9.: . 17 K4 io 1y
AC  3875. 2661. 2596. D245@s 21uy. 2004, CPA- Il G I R P
AD 3935, 2769, 2520, T ousr. ) 1927,  21s6. “é%?;a“;zs 2 1n 4.
AE  3563. 27%b. 2063:. 2674, 1934, 2luz, olbho2 s 2 1y s

AF 3239 2U96. Uz, 2Wal.  2679. 2874, 401 .2 O T
AG 3363, 27(6. 2725, L2794 2020, 2ihb. BB9.5 L1320 1y,
AH 2717, 2351, 2254, 205y, ”l;s».' o, T S50 015 s 0 i
AL 3865, 2715, 257 e E0360 2119, 2205, BTN B 2 D
Ad 8514, 25390 2501, 2776, vLn. 20y, boZ.u J12 2715 TS
AK 3522, 2618. 254%. Z’EQ. 284, 2077, CH6Y.l L3 D 4y gy
AL 837¢. 3uh7. 330.. b3LTe 3575, sy, RN B D 2 I A
AM - 33ul.  2754. 2643, 2536, S 1Des. 2990, L S P R B

AN 3772, 2699 22754 2526 2190, 27, 655G L sy

_AQ»M§§§?:_~éﬁ?]:__éﬁﬁe:h_2y§9:__ﬁJyJ;__JJAJ:“, e Y A T I




. APPENDIX D
7 TABLE B -4
ESTIMATED STANDARD ERRORS

PROPORTION OF BIAS/S.E. OUTSIDE MODEL T

) CRUNT DLS U 2SLS T TUBK T T LIMLT O 3SLS U FIML T T T
A 20 @7 N . a4
B 61 P P TS 1 R 79
c 40 11 J12 .85 .13 27 ]
B e b e B Y T St I 7 S
£ 35 .87 .25 .25 N .75 S
B O 1 R L S 1 S R
G T3 .36 .28 .12 Y .24
A S T ) R vy T02 N
1 BT L2 o1 AT L 1d 87
J A S B T - S R S )
K .37 1 10 .39 25 .13
L 13 <85 .o .35 .07 .25
M o1 0 « BT sl «Z5 A oY)
] N U2 T ST o T3 7B
0 .14 TN T .46 05 5
. I L Y 1SS o A S ]
- Q .25 E7 a7 .26 SE6 73
R 28777 0BT T LST L6 e T
s .34 B3 .47 .36 .08 L7
- T ST LT 79 07 T T
u 20 o7 T 26 5 ln
R A L Lt S ] :
W T Y . Ol .k .65 .75
S K 1. S : .
Y 23 L@ 7 .36 06 Ll
Z 2% .08 P 7 SN 7
AA «22 b oL «25 a5 ol
AB L1k W22 2T T e Y ]
AC .23 07 6 L5 07 L6
CAD CLTR .13 a2 LT T a2 e
AE +43 o K8 .8 65 E7 o'l
Y. ¥ S i .03 AN B3 e b5 el -
AG .16 <5 e 35 D .ol
CAH W13 .87 LT e W8S e T
Al .19 JE6 b6 .05 Y .6
B W R & A . S U A A 1 St T
AK «55 o 11 o 10 L6 .13 o 1
T ACT Y00 T Y.0r T 0e TLer T.a 1.7
AM .54 09 e .26 e b
TUUAN CLTT U3 L2 w3y TR
AO .54 .19 16 .09 S 13



APPENDIX D
TABLE B.5
g_}_51g135§u4m£§_

TYPICAL MEDIAN BIASES

© RUN "DLS 77 25LS TTUBK T LUIMU C URSLS T FIML
A -aU49 -e36 -35 -.33  +.28 .21
B -.8] ’.6] ‘057 -.35 ‘oS‘ -027‘
C . =e07 =48 -.b4  -.34 -1 -.26 L
""""" D =.69  =lh6 TS TTL3@ 36 LT
o-.-E =58 =36 -.34  -.31 -.33 -7 .
"o73 -.145 ‘.UQ -o3g "036 —.2‘4
‘089 -.76 _068 _.37 ‘-7] -‘5g
-e54 —olil -] -.38 —e36 —«23
e59  -»38 =035 -.29  -.25 -7

-.Qﬁ ‘.83 --82 “062 -.83 —+58
10T .81 =055 -1.60  -.98  -.97

~al] —~e32 ~. 31 - 30 ~-.28 -.25

—-e58 - 11 -89 ~.¥8 o xal - 27

-7 -+33 -.28 ~:29 —e21 =.11

A L -+33 -.31 ~a26 ~21

F
G

H

I

J

K

L

M

N

» 0 - - —_ - _ - e e - - . . o e e e - - —
Y- I { R S S SRy -.21

Q

R

S

T

U

Y

W

X

Y

Z

EA -39 -.37 ~«33 ~.31 ~.22

- 49 TRy T .3y 7 ‘..'.'3“]'7‘ =2T T R .
-«5U4 —¢ 36 -« 35 ~e 30 ~.27 - 17

. ~+68 -oll -.38 —.355 "‘cS] —02;:

I R & S 1 R ¢ Ao VSl il S L T i
o _ :’.‘:)5 B :"_.LH:‘ _"_._:4_!5 B "_o 3_8____—_._1‘_2..___..435 o B

“‘.5@ "-30 "055 "'..),,4 ‘02"'} ‘n23
_159 —023 ~022 '02@ —o'g _-17

T AF =.55 ~e25 -2k -. 19 -.21 -.15 o T T

AG -.43 -e33 -.32 -.31 -.25 ~e22
I 2 S Rl A P T
AL —olb =035 =034 .82 -7 -3 R
Ad -.67 ~o42 -.38 -.32 ~-a35 =19
AK -.82 -.53 -.51 ~e2l - 49 -.27 L
AL -.37 ~.25 ~ 28 -7 -.23 -7
AM  -.70 u::yj_,_fjéf_ﬂ_f:gﬁnw fﬁ5J~m_T:2J_“__"“_",_<ﬂm“”_

AN -.91 T T=LT% -.73 -.13 -6 7 -.21

S AD me82 463 =e55  -.26 -6 =19 -




APPENDIX D
TABLE B-6
o ________ESTIMATED RESIDUALS ;
TYPICAL INTERQUARTILE RANGE
~ RUN DLS 7 2SLS "UBK T TUIML T 3S5LS T FIML
A 27 Wil 43 45 oy 45
B T2 V30 JhL .95 .39 JBh
c W16 .36 J42 47 .38 .52
D B O A ¥ T (O Y S 1 Y 'O ) ST
E 20, Wi 42 b 43 U5
) [ O I S T T - 7 T TS 1Y T
G 07 e 25 G52 1.99 Al 2,62
H .62 N 99 T T.Ph T.55  T.16
1 .22 o 45 .43 J3h J45
NI & SR I ¢ W T UBYT TNy Twaus T
K 1457 2,49 3,24 L.hb  2.43 4,57
L .27 W3 YT T TR L
M o1y o5l .32 .33 Y
TN 1.5 T1.33 T.55 T.13 T1.28
0 .28 .37 .37 cud 2 s
] P28 U3 U39 el LY T he
Q .25 .39 W42 .53 LU .55
R 257 U35 T LR Y N Y S T:) )
3 .25 .39 e Sun a1l U5
B T 9 N L6 30 T 52
U .28 .36 b 2 «35 ¢ .39
VoG 29T T LY T2 V.Y G S -
W 187 1.95  1.96  1.97  2.26  2.u6
X DA TR e T T T T T P S - S
Y .23 L37 .30 S ol LUy
z Lok .80 82 .97 .53 .77
AA .24 .37 39 .38 .36 .37
- AB .85 $92 U939 T e LT
AC .27 .38 43 oy Y .39
AD L4 LMk L uB LT T e
AE .19 .39 u2 o4 ol 45
AR Y - Iy S S P B~ €S S TECN B £ -
AG W27 .30 57 .37 .37 .38
AH L3P S32 7 U330 3L T L3 3w
ATl .29 .37 .33 .38 .36 .39
AJ LIBT T LR T Ueh T L2 TRy T T ey - S
AK 89 - .33 .55 .96 A2 .8y

AL .20
AM 16

AN .29
AQ 12

o 71
< hu

L3
L] i

T.5?
cu9

te63

T.12 1.36
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_ESTIMATED RESIDUALS

RANKINGS On

TABL

E B=T

ALL ESTIMATES

TRUN DLS T 2SLS UBK T LIML 3S5LS FIML CHI SO W  SIG X?9 X997
A 1631. 1269, 1328, 896. 819. 657 . 588.1 .39 2 6 b
3 1637. 1265, 9972, 937 . 814. 666 .. 58h.4 .39 2 6 6
C l6u7., 12338, 935, BL2,  8hH. Ty, _SuB.T W37 2 6 6

O 1636, 1259, T9B3. T ®4T. 813. . 633.7 u2 2 6 6
o } 6??._ ] 2 33 L 7 75:” L 83) . 8 _3:.3 _____ 7 «5_,4_- ____________ 7 _tJ_"o_Lt _‘1_{8_ ) ?: __Q‘ L 6 .
F 1679. 127¢. 989. 862, 8 698. 636,17 42 2 o b
G 1499,  1166. 913, 861. 926. 936, 283.9 .19 2 o 6
A 2468, 1943, 1753, 1521. 1450, 1365. 482.0 .19 2 1 12
I 1685, 1277. 1211.  8u47. 782. 698, 660,22 W44 2 6 6
J 13506+ 190, u, 395, 967. @24, 152,06 12 2 5 4
K 1176, 978, 9u5. 1053, 1237. 1122, 3640 W02 2 6 6
L dob4nu. 1299. 115, £68. 792, 682, 622.2 41 2 4 b
M 1607. 1393, $53. Pk, 842, 836, B77.5 .32 2 o b

N 3851, 2579. 208%. 2752. 227%. 2u:7. WW2.7 24 2 Iu 18
O 1613. 1273. 122u. 92,  T81. 634, C564.6 .38 2 o b
p 1653, 127, 1701, 482, Buil. 68T . 60305 Jur 2 6 b

o 1606, 1232, lu2v. 878, 774, 617, 652.4 43 2 5 b
R F671. 1292, 102, 391. 785, 633, 683.7 Jub6 2 & 6
5 1632. 127>, 992, 375 775, 794, bue,1 u3 2 6 b
T 1696, 1271. 1413, 868. 757, 693, 67T8.8 45 2 & b

U tes3. 127i. 1451, 386.  Tls.  678. . 613.9 ,Lu1 2 0 6
vV 1575,  1¢ 8 964, 953, BT Bl R NC ‘fim'ﬁ" o 6

A”ﬁ__”jjjﬁ:_“jfgj:»m'?j]:___jgg. ANA7e Ainh. L4, 7 L3 2 o 5
X Te2t. 129¢. 1239, 91y, 165 en7 ., 612.3% 4t 2 o 46
Y lo58, 1285, 1829, 347 . 570 674, 634 .4 42 g & 6
Z 3435, 2899. 25066. 2415, 22uG. 2227. u23.4 L1172 15 13
AA 1058. 12172, 997, 899, B 6. 663, 619.1 41 2 5 6
A 25450 1966, 1TSS T TS w22 s, Shbub W22 2 Ve
AC 1o3G.  12ub, 931, 8T, 332, 672, 616.2 41 2 6 A
AU 1636, 1232, 972. U wsY) T e T TR T '6&5;; 3 5 b
AE  1695. 1278. 1g21. RG34, 724, 719. 685.4 Jub 2 6 2
AF 124y, 12u9, 985, 722. 12717. 1725, ;5 4 Wik 2 ¢ 6
AG 1650, 1235, 1044, R7R. 51o. 665, 2501 JHY 2 6 b
YR % & 20N VA B FA07 0 ¥ 1 & O R % W "ur?.l D30 2 e T
AT 1695. 12984 lwl3.  B67.  (T5.  h32, T1C.7 47 2 v f
Ad 1sa76. 18T, 9453, B4 5, Hy 1. 763, Su5.6 W56 2 6 &
AK 1659, 11232, 9c53, 53y, B872. Gu7. 502.4 .33 2 6 b
AL 2232. 17&51. 1719. 1BZb6. Thr9. 1554, 22U .3 F9 2 b 3
Abo 1659 123¢.  1@2l. 945, 755, 73¢. 50U LU 2 o b
AN 1573, 1HT2. 934,  917.  B62. 340, 379.2 .25 2 o 6

CAG delP. 1259, 985,  884. _IB5,  787. B99. .33 2 % 2
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TABLE B-8
R . ____._._ _ESTIMATED REDUCED FORM .. .~ .
TYPICAL MEDIAN BIASES

i ) TTRUNTTDLS O 2SLS T WBKT T TUIML TU3SLS O FIML O LSRF

a8 .5 .2k 83 .21 @) .28

.30 72 77 €0 02 72 .27

) .03 .06 NE .82 . .78 21 -.34 ) S

TLB3T T L@ T LRsy T LT T BT T WgS5  2.88
-067 .dz

B ST el ; ) . 2 .ﬂ2 -E.S :_‘?ju_ __027.—_,_ e
i -.15 S P R E R 1 R0 B I L T

.13 -. 15 -2 - 17 - 12 -.48 . 3¢
o 11 A -2 - 21 .23 21 - 1
91 ~.22 —eil -2 -.28 -1 -5
-2.87 =.@5 0 =029 L2y T L26  =.2v U5y
-.00 iy ) - 0L - 07 -.1e -.95 190
-.00 W32 K2 S22 LWE3 .23 -.lu
M -.16 L ~eul -.¥3 -2 -7 -. 15
N Y « 04 - IO N o1 «23 -3
g 12 02 2 a1 29 - o6
- ’ R Y Y-Sl R 75 IR o1 B B [ B L
G 17 i3 i3 A 26 .20 -6

l’"?tc_‘HIOﬂfmC‘ﬁUJD

R 7 A RS IR I R/ RN 717 S N i
S -1 -. 02 -t -.Z1 -l -.71 .
T L —ei? -2 -3 -.C2 - o1 LT
u <39 o2l el /35 A/ | « -. 70
Y B 1 2SR R - R I o A [ )
i ¥5 <81 o] L okl - Wil -k
X ” ;127”";}15' S D I N B T B T )

Y ~+5Y4 ~a 18 - 16 -.13 -8 -.725 —o 47
Vi e - it ~edl -t ] il .27 -.71
AN =12 el - i —eiv .02 27 - 14
A3 L1 SR S I I S D - 2% )
AC ki ] -.21 ~-ol?2 —el2 -. 71 -2 - ih
AD  —=.00 =UPBE =G0l =2 T = = —ei 2
Ak « 19 ) i o2 il o G o 1l

T TAF T TR .03 . D1 22 W22 -+ 16
N G ~-. i1 -1 LO2 —edu o] ~e 12
A R T =4 A —eii 1l -1 - 35 -
\l -.uZ - £ -. 51 -oi'l - - -.33
Ay =il =2 s S O S 1o S
A ~1.32 -ol43 ~a35 -2 -2 ~ 425 « Jh
Al =T.2 0 -.26 ~. 18 -5 o2t ) -+ 38
al o b AT ~ovib -okib -1 -e22 e A2

) Y R A R ) =, 17 ~. 15 -.272 7T =B -t.86

A0 e 1 .23 o 17 - | 29 Al D
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- TABLE & -9
_FSTIMATED REDUCED FORM _
1Y *ICAL INITERQUARTILE RANGE
2UN ULS 25LS T UBK T LTIML 35LS FINL  LSKF
A Lor .59 b3 W59 Ce 31 .32 2.721
- s .83 .68 o 7Y E ol o4t 2¢25
< T Y - X S N 0~ rs. Y S T S 2e 60 e
0 1e82 127 1.28 1.34 W95 95 12.91
. . 5 5 - 6.9_._ Y -3 T Y 1Y) . .'_5.(’_ b9 - _]_ 162 -
O F 17 .75 o715 79 56 52 2.87
'd P .28 1.24 1¢36 1.28 1e17 1.14 5615
r hh L6 Lub AT «39 N 2.1
1 30 W36 L300 W36 W27 L19 .88
. HebS5 3.3y 3.55 2.85 3.93 1.93 572
K 2ol 1.6 1.40 1.51 1.58 1439 3,79
{ 52 .31 3 W31 27 .28 5481
R 1 29 .27 .29 W27 .33 e 69 o
I 32 Y7 N Y .53 .63 fe Tl
( o370 lbd o LuE 40 L2825 1.52
i 27 27 27 «23 W27 .23 1.6
{ «36 .38 .39 UG G372 3] 1626
s 13 e 21 W21 22 1y oy LUl
Ry 28 e 31 e 31 30 .2u .25 1.56
T e 35 o4 s 45 W47 .32 . 3L 2.21
u 35 _e3% _ e35 .36 LelB W22 1423 .
Vv .19 W21 .20 19 W13 .13 .51
o w27 W30 e3¢ W30 .29 a0 o B4
X 1e38  1.2) 1.25 1.22 9 ohE 5456
Y 1.34 1.23 1.23 1o 17 T2 .57 y.,12
] 22 .23 W23 .23 W21 21 .36
AA 52 WLy 49 LB W25 W26 1483
A0 .32 50 e 56 .36 o0 25 W77
ac 25 e 26 « 20 27 o 17 « 24 1ol
AD R ke yeT T Uy T Ty 385 2,25
AL .37 Wb DLl i5 .5 .29 b9l
AF U560 5A 35T T T AT .37 .57 T )
¥ T WU Hl T 75 .23 1e 555
AH WK ol L6 16 o1 19 iy
! o2l P 25 26 . 1T 1.7
Ad 1,58 1ol 1.39  1.u4) B2 e P -
AK W17 2.0t 3.13 2.75% P68 1.33 9
AL 1o it l. Lo 74 2o 1.5 1.22 317
AM ohl o 55 $57 7 Wbs a5 3,5
RYVIE IPE O N 1629 1,17 1.13 Tooe 124019
Y - N X e P2 W95 adn T 2491



APPERDIX D
TABLE B-10
_ESTIMATED REDUCED FORM

RANKINGS ON ALL ESTIMATES

TTUUUTTURUN CTDLS U ZSLST TUBKT T TLIMUL U3SLST T FIML LSRF CHI SO W SIG X95 X99
5320. 4251, 4135, 4137. 3127. 3211, 5519. 929.1 .15 2 16 15
554, 3798. G118, GL173. 3461. 3315. 5489, 794.t .13 2 18 18
4321. LE87. LI03. LPuB, 3942, 3313. 5606. 588.9 .79 2 1?2 15

BLLT. W@23L, LP95,T L2333, 3594, 3325. S678. 697.0 .11 2
u350. 3782. 3877. 3869. 3581. 3622. 6321. 1148,8 .18 ¢
B8RP, C3921.  WI21.7TLIG8. 3377, 3327 ST¢e. Buv.8 L1327
U771. L229. u4219. 3784, 3973, 3646, n978. 3@U.o0 .5 2
5957, L56d. LLEZ. UWOk, uwi2u, &O25. &FL6. 758.2 11 2 :
5361, 42{3. WIuB. L@61. 2952, 2675. H99>. 1729.6 .27 2 21 21
5 -
;
2
2
Z
o

6022. W133. 373¢. 3586, 3999, 3523, uL?7. 918.3°.15
5228. Wi79. 3967. 3947, 42937, 36uL3. W3%u. 231.5 Vb
4135, 39¢1. 3929. 3948. 3691. 3513. 06322, 1120.5 .18 .
5253, 3785>. 3739. A754. 3324. 3538, O6UF7. 1257.8 .20
TW86H. BUBbH. 52870 S5LL. LTIFT. WZLE, 5517. LT6.L W07
4919, 4181, ug8u. u21P. 3218. 35359, OHu2Y. I57.7 .12

- W937. TWI127. L22¢. LES55.  33TLLO3uShL 55{07.  757.3 L 12 5 12
5497. L4194, 3961. 3885, 3547, 3111, 5245, 91¢.4 .1k 2.0 18
4862, TB293. T L118. LOSW. 3185 3261, 5007, Tllh.n o0 21 230
4646, 115, 4134, L4271, 3201. 3518. 5515, 695.5 .11 1o 16

L5564, Wy72. G315. L356. 3159. 3354, O5H58J. 793.9 .13
522, Wi38. LI13. upel. 3179, Z10L. H6bLs, 11868 W18
5893, BB TLDIZL IV TINTNL 3ue. L2, V26207 28
Bull, 3993, 3911, 3929, 39C3. 3965. 5H25%C. 31765 W75
5068, L2353, K139, up5. T 3154, 3R, 5728, TTT5.s L8
5042, 4323. 4163, ulll. 3252. 3136. 5276, Bho,2 .13
5698, L5938, LT17. L76T. LP7B. u22¢. 5H6,B. L36.3 .06
AA 4812, 4218, 4248, uL326. 3111, 3133, 5L5H52. 92740 .15
AB  S5L1T7. holdl, WT762. LOWZ, TWHA29. TWU29. HT76. UDL.H WU
AC L43838. 4267. 4236, u215. 5219, 324b. Hhil. T756.¢ .12
AD 48BY.  3338. WI1TT. w198, 33WE. 47 IWL. 0 HB6e. 61440 LT
AE  5178. LJl5. 4@68. LI@T. 30¢5. 3230, H0lb. 1215.5 .17
T T UAE T U589, 382w, T 3739.  F68Td. 3915, LT62. SuB8T. WBe.h L.ub
AG 44618, 4239, 4285, L4323, 3176. 3191, 5528, 823.0 413
AH  8383. 4237, 4389, L257. 3¢TIL0297uw. 691, 131240 W2
AL 4797. 42u47. 4153, Lleb. 3160. 25234, bolu, 917.6 14

N<XXEIT<CHO TS VOZIrRXC mIGMMOOE> X
NI PN VEENE Y ECECECECECEC ECE RN
N

1h 1y

16 15
1¢ 14
177 12
15 15

A SB62. TRIID. 3PL3L Lpel. BLEG. 3286, H20s.  Bel1.Y LW w221l

AK  6273. 3932. 3826, 3885, 3367. 3159. 986, 1u32.1 .25 2 21 <2l

T AL 5520, B295. UT777. SLW3, L279. 3796. DHhoo. 52047 o0 2 24 73
AM  S5791. 3922. 3938. 3957. 3871, 3179. Sobsl. 139%.0 W27 & 2@ 21

TOAN 5167, 35317739120 b5 T 3537 T 3LTEL TGO g2z L2y 1 0T

CAO 5372, 3823. 3B3u. 3B6l. 3578,  SL66. SUIT. s3h.w L34 21027




APPERDIX D
TABLE B-11
oo .. PREDICTIONS . - i
TYPICAL INTERQUARTILE RANGE B )
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APPENDIX D
TABLE B .42
PREDICTIONS

RANKINGS ON ALL ESTIMATES
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"APPENDIX D
TABLE C-2

ESTIMATED STRUCTURAL COEFFICIENTS
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TABLE C- 3

ESTIMATED STRUCTURAL COEFFICIENTS
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APPENDIX D
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APPENDIX D
P TABLE C =6
ESTIMATED REDUCED FORM
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E W91 .83 L83 RS TLT3 T LT 23 o -
Fapb 05 208 .08 6B 0T 650,
G .48 W43 T S - Y 21 i
) H <51 .54 .55 « 5L . 5L .55 1.u1
1 39097 19,21 20.W2T 2B 39 26,78 U0 ES T 2euny T T
_d 321.8h 162.37 122.19 102,56 136,94 86,94 134,38 L .
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ESTIMATED REDUCED FORW

RANKINGS "ON AL TESTIMATES ™~~~ = " === - o mmm e
RUN DLS 2SLS  UBK LIML ~ 3SLS  FIML  LSRF CHI SO W  Siyg X95 X979
LA P B

B N949. 4162. u185. 4112. 3289. 3395, SuT8. Thn.u . is 1716

C U833, HT06. T LpeT: L A I 1 T W S80S ¥ 17 20 573085 00T B A
D Bo86. 3997, ulkl., 4E16. 3545, 3775. 5247, Beo.n ie 16 15
B o O L R b £ M T o T S P 577157
P M356. 373c. 3887. 3991. 3502. 389y. 505, 98,9 13 16 1y
'“C””’5237?””ﬁﬁ73?”“358@?""35?HT"”SE?TT”WEUZE:*"Sfﬁg{“'SR1;9 i 9 15 1b
2383, 3883. 3949. W63, W25, WE29. S5A65. 21¢. . -3 99

ot e
2. 149
Iy 16
2% 13

y 17 1u

2 21 2.

2 17

LI I ¢

507

)

7

5618, L5277 39FT. 3835 RYITS, 3330, 3TT. TERTS LT
2659, Lobhu, L1139, 3737, 4271, 3121, 3829, 745,99 12
5549, UHSEI““SSH7;“”SﬁHT}““Héﬁii"'5?6&:”“&(5&;“‘oi?.z o b
5515, bu52.,  uew8, 3Ray. 4375e 31790 39484, 626,27 L1
CSE93. 373V. U MVES) T WG 395U TTEIR3 W, Sur,y L
2058, U43L, 3954,  3a6]. Wub3., 3217 U221, 73,0 .,

Troxoe T

. |
‘5pu5, "uTGS.""ﬁiﬁﬁt””H?SBT““33?37““331&?““5&232“ 775072 .1
Ldvbe 4270, 4255, bldds 3209, 3235, Su65. (2%¢0 L1
5787  HWoes. 3375."58?51““337!?“’5&2T("MRKI;"3u7.? o
5511. 3925, 3794, 3T16. 3927, 3638, L8, SThes o175
5984, uiob}”'HBQQL””3053?””35TH?””35$5[””5f§f('”Sbf.s e
509, h266. 4235, U155, 3853, 3123, 6746, 1229.4 20
buz?, u261.’“u33ﬁf““h2H§T"”5ﬁE?i“”3l?ﬂ.'“6??5. VI 3.u o120 20 1.
SIVY. w222, Yoo, blo2. 32¢h, 29%9, 3833, 1203.7 2172 2> 94
bug8. 4il4l. u209, T VIR & H 3160 e 62668, 14u7.5 .21 s 21 )
3336. w738, nhiryt. B79524 0 w234, 4311, 5y45, 255.7 St booo b A
SU65.  niul,  waty. 3996, 3269. 3511, Subu,  Tu&.3 .12 | .
5897, Yigu, "936, quoy, 327, 3243, 5529, P20 .6 415 « 1/ 1/
B271. 5786, 3705 3397, 3456. 5575, 6282+ 1939.4 .17 R PO
5860, 3997, 3784, 30, 3960, 397, gAD 2, SR2.3 L0140 s e 21
AC 4472, Llos,. n197. L1735, 3573, 43223, 6277+ VIRT.° .19 | I 13
‘ 13
o
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EE
R
I

]

)

2

R B

<CHvxTovwOoz

p N S N
@ >

)
AD W TLT. wusu. 43n3., 43, 31990 28720 55230 9204 1A 0 1.
AE 4983, wiTu,. wlvs, 417, 33018, 3484, 5309, R T I S I T
AF 4338, 4283, u3s635. uyuv. 29800 29330 612, 127,45 .20 220 2y
AG L3201, w242, 1yoou. U202. 3266. 2952. 6765, a1 19 o0 1y :

!
AH U412, L4275, 424, Hlgid, 3677, 3H.500 9290 4TELL LG ? 1o T
AT 5592, uwr7a. w755, 39754 4461, 3958, 5d9%o0. S Y A
11

Ad o BubLe u23n 0 w9 w136, 5627, 1507, 52524, 39000 .6 o ).

&
AK 4211, Bubhe 4242, niay, yreg, W135. y784, B7.4 o ’ P o
5 -

AM gl w22n,  wh . 4no3l SEB7. 34510 5371, 497, Con 21
AN 4355, 4292, u43no. 4392, 34Td. 3425, 5192, u73.. L. PERE P P T

AO  u73¢. u2u2. ulsr. HTe9.  3T35. 0 3L2s, 497 DHELE L » 1y Ne

AP 5216. yujgh, 4257, 3)03. 3454, 3i2h. 5274, B30, 13 = [ [
AQ 4391, 9. 4273, B39, 3429, 3199, 5527, 7201 o111 2 1 1/
AR LiEu8. 3992, naus, bis2. 3951, 447, 5244, 128.5 . 4 2 T 1,
AS 4897, 41N, 497y, 37204 53580 39704 ulus. P I R R TR 1 12
AT 49351, Lu%1. 4274, babs, 3575, 3571. H111. SRR R % il
AU 4735, 4373, ns22, 4132, SUTL. 3597, SunY.L. 5950 L e o 14
AV 3642, 5061, 5945, 619, 3730, 36020 w59y, 1445.7 P i 2%

AW  4do7. Ules. H252, 42527 35066 3626, Hhh5. S3L,s, L s PR
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TABLE C -8
PREDICTIONS

'''''''''''''''''''''''''' TYPICAL INTERQUARTILUE RANGE ™~~~ "~~~ "~ ~~"7-~~777=77777777.7 7~
RUN DLS.  2SLS  UBK LIML  3S5LS  FIML  LSRF
“““““““ [ SR A £ S & S £ S £ Sy & S’ - Sai
B B WE K 93 K 03 .35
C 0L . 4 o 3l PN «J3 o e 4D
D .24 .04 .34 04 E 24 .35
"""""""" L L L 1o - S
F .92 .2 32 .02 02 .2 a3
I Y L S /R R R SN T T N IO I Y
H .23 .03 .03 03 i3 .73 . 7y
1,25 .65 51 63 79 2 759
J o Te81 3.98  3.77 2,92 3,56 2,82 2,98
A O P TS N T 1 O O I S & N T 4 T T
L 1.27 .75 73 .66 .82 42 .68 o
S T o I S s I~ it § Sion I S I S S
N 1419 .67 51 .52 .80 il . 62
0 .73 .03 I3 Ny N kS 75 - )
P @2 .22 .32 .02 A2 .32 .03 o
T I I S . S . S I S - S | T

b o3l oE 34 DU AL
S L T L 1O L S A

«32 022 .ﬂ'Z .\?‘2 .’."2 .:,.!2

t
{
1
}
1
1
{
nx

A4

JH2 a2 ) VJ2 Ny ) a3 : )
32 W32 B2 .42 31 a1 o )

L Y - 1 A A ) Y S
.22 2 W22 .32 .72 .02

A Y/ K S - i S . S K. S B S . . C
.ﬂu .ZU .3“ .@u ogj .@% .GS

X E < T~
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- AA 02 o2 e iJ2 e 32 o2 o 32 «73
AB «J3 «23 «¥3 e 43 23 W22 W5
Y Y o I 2 ) A b Y - B ) ) el
AD o3 « 23 «J3 «03 o2 L2 LBy o
TToTTmTmTmTT .Y N S L S 3 S T T € 7Y
AF .23 .23 23 ed3 .92 .32 LO4 -
AG 42 B2 « B2 32 B2 .1 .73
AH 92 B2 L2 .22 2 .w2 W22 o
T Y- SRR ) R 5 T b A T A 3 D b 2 72
AJ .32 B2 W02 W22 W02 W22 W22
TR LAY ey e « 21 « 71 e e P2
AL .3 .21 .21 .01 .21 N A ) L )
AM 221 « 91 e 31 o1 «31 <1 « 21
AN «d1 21 71 A L A ) L
IR Yo JRY, i I/ N - I B I 21 D) e 1
AP +J1 <21 <41 .81 21 A 2 L
"""""""""""" XN, I ) R - I | .21 o <21
AR .01 .01 .21 .91 .21 21 Wy -

AT «21 AN 21 W21 L2 .zl .21
I YV IR B IR /R R <41 <1 o2

YA
AV .08 .80 <00 .00 N g g7

AN ¥ * ER B E ) R - I/ R ik 1 R




APPERDIX D

TABLE C -9

Su3T6

RUN DLS ~ 2SLS  UBK  LIML 3SLS  FIML LSRF CHI $0Q
A 1899, 1768 782V U825 %60, 196, 22 7EL T 18D
B 1868, 17uL, " 1783. 1828. 1523+ 1556. 2306. 19¢.8
o 1845, 171lu. 179, 1880. 1582, 1630. 3320.7779.%5
D 187h. 1689, 1736. 1806, 1613. 1732, 2109. 14,2
E 1983,  1681. 1732, 1739, 15%6. 1767, 72169, " 92.7
B 1831, 1672, 1766, 1847, 1634. 1733, 2"'- 3.0
G 2032. 1757. 1749, 1698. 1639. 1561, 2181. 143.6
H 1772, 1630, 1681. 1881, 1768, 1788. 216w, BX3.1
I 2345, 1932, 1671. 1612. 1892, U5S2. 16946, 241.3
J 2368, 1911. 1790, 1612, 1826, 1457, 164U, 2up.0
K 2341, 1831, 1676. 1626. 1853, 159, " 176L. (2.3
L 2321, 1948, 1737, 1628, 1847. 1u58. 1661. 221.¢
M 2094, 1639. 1735. 17564 1752. 1671. 19535, 76.6
N 2387. 1876. 1652. 1492, 1991, 1562. 172¢. 228.7
0 189@8. 1807. 185c. 184%. 14RhZ. 1478. 2255. 202.6
P 1824, 1771, 1832, 1793. 1514, 1523, 2343, 217.1
Q 2682. 173L. 16:3. 1629,  1527. 1ké69. 2356. ub3.1
R 1955, 17¢8. 1674, 1645, 1755, 1757. 21%76.  32.9
S 2123, V732. 17¢1. 1718. 1538, 1669. 2139. 1u9.y
T 1783, 1772. 1812. 1625. _148u, 1534 281a. 259.7
U 1814 1771, 1827. 1tl6. 484, 1534, 2374, 238.2
v 2841, 1789 1732, 1679, 1501, 1433, 2425. 329,56
W 1704, 1713, 1721, 1755, 1757. 1732, 22232. 123.1
X 2566, 2463. 24o6M. zu7S5. 2135, 2127, 2571%. 17.:
Y 1842, 1735, 1759. 1515, 1543, 1447, 2257, lub.7
b 1886, 17964 1824 1512, 1537, 1483, 227(. 191.2
AA 1812, 1666. 1741, 1335, 1672, 1515. 2257. 135.5%
AB 1936, 1745, 1774 1756. 156952+ 1577, 223f¢  155.7
AC 1753, 1762. 1332. 1313. 1483, 1527. 2455, 289.,
AD 1938. 1817. 1832. 1826, 1332, Tuu3d,  2u4u2, 357 4
AE 1939, 1814, 1328. 1346. 1426. 1518. 22467. 213.7
AF  1817. 1836. 1928, 1933, 1373, 1322. 2330. 376.3
AG 1779, 1749, 17664 1922, 15W4. 1545, 2425, 258.7
AH 1861. 1687. 1611. 1576. 1862. 239%%. 1929. Q7.4
Al 2618, 2548, 2542, 2545%. 2300. 2262« 1973. 111.7
AJ  1798. 1671. 1678. 1722, 1795. 1992. 1757, , 47.2
AK 1915, 182¢. 1782, 1813, 1653, 1785. 1827. 1643
AL 1774, 1Thku. 1766. 1754, 1683, 1286 1973, 29.2
AM  1755. 1757. 1795. 1738B. 1612. 1645, 225%. 125.1
AN 1764, 1791. 1844, 1861, 1572, 1571. 2i97. 128.1
AO 1897. 177¢. 1734. 1764. - 1754, 18082, 1883, 12,7
AP  2@06. 1861. 1BI2. 17727. i556%. 1516. 27%45.- 11;.@
AQ 1772. 177h. 1822. 1323, 1621, 17.6. 2172, 63
AR 1819. 1825. 1818, 1866. 1635. 1626. 1761, 35,5
AS 1928. 1797. 1756. 1839. 1632, 1dsl. 1275. 83,4
AT 1795, 1732. 17920 1(v2. 17¢4. 1682. 2117, 5? /
AU 178B. 1796, 1852, 1834, 1656. 16707T. 1997, 7.y
AV 2076, 2611, 2832. 2689. 2331. 2217, 21485. 291.1
AW 1955, 1839, (H31. 1452, 1584. 21864 139.9

RANKINGS ON ALL ESTIMATES ™~~~

PREDICTIONS

1783,

W Slb X25 K97
N A A
HET 2 e 5
T2 6 )
42 i i
AT S SO
A3 2 5y
s Sy
e T L 3
e A
92 9 7
JEB 2wt
82 5 B
L3 2 { 19
N A 7 5
B2 7 7
o8 7 y {
172 7 Y
» f 7) .;) o) it
) Z ) p)
RS z " 3
A 4
12 2 7 7
2 0 7
72 4 i
«2h 27 7 9
PR A { /
R T o 4
. (} Z 7 .'}
L1 2 9 ]
« 14 A Q 4
o 8 Z 7 3
P T B! 2
B R Y 3
e 3 2 o) i
232 [ R}
o727 2 2
« 1 1 9 ¢t
R 4 i
e T 7 7
) 7 3 i
MYy > 3
N 3 2
S i ,
77 1 ]
el 7 5 3
R A A
A il g
. 5 / / 7
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TYPICAL MEDIAN BIASES

RUN DLS 2S5LS UBK LIML 35LS FIML
A -.13 - kY <21 02 30 . 232
__________ B _melb __WBE_ W@ W2 -e@S  -eB6_
C ~. 1€ - B -0 B} o 112 ~ok 1 B
__________ D__ o0& ___ @4 __ GBN . W04 WA3 .84
-s11 21 0 &1 K3 « 31 .23
~e26 ~s 10 ~e 7 ~2 i - 48 ~e23

______________ Z:@?--_21@2___11@1_--_3@@___?:Eé___fzgl_‘_________________,_,____-_-#w
- Q -.13 « 0l ~a¥3 -k -3 Lif
R =221 ~o 12 -5 12 -5 11 .12 =11
S 1.27 1.32 1.33 a3l 1.36 1.21
e T___1ed3 .48 1,52 3,81 1,37 _ .47
U 1.69 1.85 1,86 2.32 1.68 .64
___________ Vo melld .81 w82 W84 -eE) . -e92
W -«13 -.9e 0o 00 002 Ve ¥
X —s49 -+ 37 -.36 —=29 —«33 ~e25
Y -.12 . 34 o Bl X oL T 28
__________ ;___::ll____1@§<___:@&-*_,:Zé~_,,:ﬁbﬂ-__1g§____k_“_~~~________a________m_ﬁ
AA "Q]S —'cgb “.ZS 0“8 ‘-Lu -1:‘]
____________ AB_ =o b —.02 .88 W8N _L0®___WBY
AC =-.13 -. @5 ~+£H -« 2 —ekild .02
AD -.24 « 98 o A 22 -+ 29 = 7
AE -.17 .21 - o i —e 7 -.a37?
____________ AE__Zzgl___Z_@i___::g§___fzgé___fzﬁé___::EZ_______________u_n___"n_w___M_»
AG -.15 -1 ~e 1 -. 0 <1 «11
__________ AH_ =e32 =87 __ =elb____o€)___=ze@O0___ =18 _ ___
Al -.35 - .24 ~e3 12 - &7 —of
AJ -.85 - 44 —sU3 —e 17 —e38 - 24
AK —-,30 -84 -eii2 B2 —o P2 «33

AQ -.34 ~. 82 -1 .l -oli2 —~ o6

__________ A&--::QQ__-:LQE___-z@@_-__zgg-___:gl_-__:@l~_____—_~____%,___,__ﬁ__~_~_-“M
AS -.04 s 02 .82 03 - {2 ~s35

__________ éI_-::lQ___,zgl_m__1@2-__-zfz__-::@E__*::@lu______~~_________________h_“__
AU -0 . U s BU - 19 RGR:] .12
AV -,10  18.1]1 19.88 20,84 -8 « 28
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ESTIMATED STRUCTURAL COEFFICIENTS
T T T T T T T T T T TIYPICAL INTERQUARTILE RANGE
RUN DLS 25LS UBK LIML -3SLS FIML
A «39 Ul IIan w45 27 o 27
.8 3k C w39 e37 _WBY W20 W37
C 25 « 30 30 U . 3l U5
O 21 w2W o u2h W25 N B L S
E 39 LY o lih a7 3 W50
e B e22 a3k _eSM W3 eP8. _e29
G .39 can " oy T ol e
. H 222 - L U 20 o U et
I «33 41 U .51 iy .6
J e2h ohy el O 5 PR
K o2} « 20 23 . 30 o b
L. 3 R ST B e 2H o OV
M e 2 <51 032 .37 R .05
N 37 S8 Lur L3 WUl S
0 37 7 o3 DS 5 o (7
T Y - ST T B S &
G 16 .23 25 25 . 18
R 33 o390 eby o eM% 3L Ghh
N SU3 48 o 7 « 04 JUo Toli?
T .73 ORI AT S Y "N 5
U 51 .58 . DG 93 oD D7
\2 «35 o R v Loeld W27 Le D
W « 30 S hl ot h IR o 3e ol
X o 6 ..e 53 ) J )_w-Q.!W__zQI b io -
Y W32 42 3 <l ol ! o7
z o 16 va 22 225 AR D
AA i 37 35 45 o 27 2T
i «? 3 3k e 32 AT s 29
aC 22 .28 ) e 7 ec w27
aAD ¢ $ 38 e39  _ehL el L
AE o 28 . 351 « 51 .32 o o
AF 3] .32 e 34 W32 A il
A6 33 + 35 . 35 « 57 o0 27
AH O 4 o el3 IR e SO N o 35
Al 29 43 o5 47 33 o 3N
Ad '2 (.) Y e 8D _._‘_Q_LT_. - (3 2t
AK e 35 e 5 e D% 5T oH o1
AL 35 1 R RNt T 2ho e 00 -
AM 27 .« S5h . 34 539 e i o 0
AN 23 Celb 26 ) o2 57
A o 3L .53 «5% 65 i L7 T
0 17 ,,,.zlj_,,u___,.. . ZV;.J_,_... .__n,ffj..}_, N— a5 — .

BT
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: APPENDIX D
__________________________________ TABLE ©=3
ESTIMATED STRUCTURAL COEFFICIENTS
"""""""""""""""""" RANKTNGS "OR ™ALL ESTIMATES ~~" """~ 777" ""=======--msmms-oe-
RUN DLS 2SLS UBK LIML 3sSLS FIML ] CHI SQ W SIG X925 X99
A 3334, 2751. 2698. 2771. 2078, 2118, B19.6 11 2 15 14
e B___3195. 2471, 2415, 2uuk, 20¢6. 2169, _______ 339.9 .12 _2 12 12 __
C 2918, 2381, 2374, 2u97., 2238B. 2292. 123.1 .24 2 2 12
e D__ 4085, 3547, 3786, 3887, 3342, 3483, _____ 89.9 .82 2 15 _13 _
E 3342, 2793, 26%91. 2761, 287u. 2891, L3B.5 12 2 15 14
F 3641, 2778, 2u61. 2u96, 2247. 2127. 567.7 15 2 15 T4
] 3ayl. 2534, 25¢¢. 2521, 23hh, 241, 314.6 .38 2 12 11
e H___3538, 2573,  2623._ _2543. 2205, 2265. ______ 436.8 .12 2 14 13 __
I 3189. 2514, 2528, 2427, 2515, 2577. 149.9 .2h 2 12 7
I J___3227. 24B9. 2529. 2u55. 2u5h. 2596, ___ 171.1 .65 _2 12 12
K 3175. 2519, 2534, 2457,  2ubiu. 2615, 145, 1 o4 2 { 5
L 3786. 2438, 24T7. 2256. 2345, 2448, 628.8 17 2 15 15
M 3365, 256k, 2636, 2537, 2237, 2441, 283.4 .78 2 14 13
i N___27ub.  2586._ 2660._ 2713,  24li. 2637, ______ 27.1_.f1 _2 5 2
o 2757. 2392. 2431, 272. 2776. 2642, 56.6 %2 2 L i
o P__ 3598, 2516,  2506._ 2626, 2253, 2251. " 4T6.6 .13 2 14 14
Q 2808. 223¢6. 2173. 2141, 1668, 158¢, Ue7.7 16 2 1 9
R 2791, 2921, 2462, 2602, 2541, 2833, by, 1 .1 2 1% 6
S 2861, 2317. 2288. 2256, 2237. 2881. 191.1 .35 2 14 14
N T__ 2365, 2272.__2283._ 2602, 1938, 2138, ________128.6 .04 _2__13 12
U 2114, 2076. 2224, 2374, 1768, 2978, 6.7 23 2 12 12
e V__ 3255. 2723._ 2673. 2698, 2115, 2286. ________300.0 .08 _2 1112
W 3321. 27u8. 2737. 27948, 2364, 2394, b3y, 4 12 2 15 14
X 3203, 2652. 2577. 2702, 2288, 2328, 2076 336 2 1¢ 8
Y 346, 2719, 2661. 2587. 2170 2167 22 v o 11 2 14 13
_____________ Z__.2ubh,. 1829. _1836. 1934, _1715. 1812, ______18P.6 .47 2 V¢ 13
AA 3376, 2638. 253¢C. 2851, 2194, 2161, 39¢.6 17 2 15 ?
___________ AB_ 3162, 2359, 2171.__22C2., 1933, 1892. __ k26.1 .13 2 13 11
AC 32pu7. 2561. 23355, 1967, 2369, 2261. 356.8 10 2 12 16
AD 3324, 2452. U449,  2usH3, 1948, 2364, 475.5 14 2 1y 13
AE 3191. 2501 . 2L23. 2u.2y. 2469, 2096, 336.2 12 2z 12 1
___AF__ 3155, 2453. 2276, 2127, 2369, 2340. ______ 270.9 .58 2 11 9
AG 3275. 2526. 2un7, 2446, 1994. 216, buld.u .13 2 L 13
________ U AH_ 3321, 2517, 23k, 2278, 2211. 2023._ ________424.7 .12 2 4 13
Al 3429, 2u27. 2333, 2u18. 2438, 2855, 536.4 15 2 4 13
AJ 3u4g8, 2011, 2201. 2192, 2220, 2268, 462.8 .13 2 12 12
AK  3462. 26306. 2541. 2585, 2262, 2264, 378.1 108 2 14 13
______________ AL 2933, 2873, _253u,_ _20648. 2527 _2669e _________55.5 .01 _2 1 1
AM 3399, 2487. 2453. 2505, 2383. 2463, 282.4 2T 2 1¢ 1¢
AN 2778, _2672s_ 2023 2709 _2u473e_ 2492 _ ___ . ____ 281 .51 _2 ¢ 2 _.5
AOQO 3884, 2521, 2438, 2653, 243 1. 2654, B80.8 82 2 13 11
AP 1743, 1974, 2228, 25469, 1945, 2182, - 27217 77 ¢ 11 11
AQ 3473, 2489. 242J. 2413, 2436, 2519, 332.8 29 2 14 11
__________________ AR__3193._ 2683, 2589, 2616s_ 2294+ _25315.  ___ ___198.5 .25 2 12 11
" AS 3865. 2696, 2612. 2574, 2175. 2628. 153.7 ¥4 2 13 12
AT 3274, 2689. 261 7. 2699, 213%9. 2332, 286.8 .78 F 11 11

"""""""" AU 2829. 2596. 2613.  2759. 2352, 262V. T TUSNLTLTT NS Tus
AV __1395. 3186, 3916, 4168, 1599. 1566, 3034.6 .81 2 15
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APPENDIX E

Cumulative Distributions of Some Estimates

This appendix contains the cumulative distributions of the
estimates made in the first three experiments. (These experiments used
the basic structure and set of exogenous variables with different sets
of disturbances giving 150 estimates of each parameter made by each
method. The results of these experiments were discussed in Chapter IV
and Chapter V, Section 2.) Usually only the cumulative distributions
of DLS, 2S8LS, FIML and, where appropriate, LSRF, were plotted. Other
methods were omitted because it was found virtually impossible to
distinguish the distributions of UBK and LIML from 2SLS in drawing the

graphs and to separate 3SLS from FIML.
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