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20 STRUCTURAL EQUATION MODELS

STRUCTURAL DISTRIBUTION See
STRUCTURAL INFERENCE

STRUCTURAL EQUATION
MODELS

See the section Simultaneous Equation Mod-
els in the entry ECONOMETRICS. For a recent
reference, see Judge et al. [1, pp. 561-695]
and the references listed therein. See also
FIX-POINT METHOD.
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STRUCTURAL ESTIMATION See
STRUCTURAL INFERENCE

STRUCTURAL INFERENCE

Structural inference is statistical inference*
in the presence of model structure beyond
that provided by the ordinary statistical
model, which is taken as a class of probabil-
ity measures or density functions. A central
part of structural inference, representing the
origins of the topic, is concerned with the
statistical analysis of structural models*, with
special emphasis on the logical and deduc-
tive aspects that devolve from the structure.

Model structure beyond that provided by
the ordinary model as given by the class of
measures or densities can include metric and
continuity properties for the observations
and parameter spaces, particular component
variables specified as givens as opposed to
constructs, separate model components cor-
responding to physically distinct elements in
the investigation, and other structural ele-
ments in various directions away from the
minimum space-algebra-measures model.
Also, in a sort of reverse way, the omission
of elements from the ordinary model can be
of structural interest—the risks of going

negative on structure relative to the ordinary
model, at its technical minimum; for exam-
ple, see ref. 5.

AN EXAMPLE

Consider a simple example introduced in
STRUCTURAL MODELS. A measurement pro-
cess known to be bias-free has measurement
error* that is Student-f on 8 degrees of free-
dom with scaling factor 2.7. For two inde-
pendent measurements y, and y, on a quan-
tity 8 we have the structural model y, = @
+ e, y, =0 + e,, where (e, e,) is a sam-
ple from the error distribution (2.7)72
I1%f(e,/2.7:8), where f(-:\) is a Student
density on A degrees of freedom. The data
recorded there are (123.1, 126.5).

From the equations for measuring 6 we
have by subtraction y, —y;, = e, — e,
which for the data, gives e, — e; = 126.5 —
123.1 = 3.4. Thus a full one-dimensional
aspect of the errors in the application can be
calculated directly from the data.

The discussion of modelling criteria in ref.
10 (Chap. 1) focuses on what is required for
the modelling of unknowns in an investiga-
tion. For the present example, the difference
d=e,— e, =34 is known for the actual
measurement errors, but the location of the
errors as given by e, say, is unknown. An
analogous case more central to routine prob-
ability theory* is that of a bridge player who
sees his own and his partner’s hands and
asks concerning the split of the remaining 26
cards between the opponents. The applied-
probability model is the conditional model
given the observed hands [6, p. 10; 10, Sec.
4.1]. For the measurement process, the same
model criteria predicate the conditional dis-
tribution of (e, e,) or equivalently e, given
e, — e, = 3.4, The corresponding density
function is g(e,) = k Yf(e,/2.7:8)f((e; +
3.4)/2.7:8), where the norming constant k
is obtained by computer or even graphical
numerical integration* and the related equa-
tion is y; = @ + e; the observed data value
is y; =123.1. For the corresponding re-
sponse distribution of ()4, y,) or of y, con-






