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ABSTRACT

This paper reviews several simple methods for evaluating causal
models. A straightforward method for computing the correlations
implied by an estimated casual model is presented. The use of the
frequency distribution of model errors and the plot of actual wvs.
implied correlations to examine the overall performance of a model are
discussed. Explicit hypotheses about the sources of model errors are
introduced and examined in an jillustrative data set. These hypotheses
concern the signs and magnitudes of the initial correlations, the
variable content of the correlations, and the path distance between
the variables. Small systematic errors are detected in the
illustrative model, despite the fact that its overall fit appears
quite good.
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I. Introduction

Causal models are now commonplace in all of the social sciences.
Although there are disciplinary distinctions in the history, use, and
practice of causal modeling, these differences represent alternative
facets of what is basically a common core of ideas and statistical
methods. In ecconomics, which has perhaps the longest tradition of
causal modeling, the variables are manifest, the data are often time-
series, and the relevant causal parameters reflect the scales in which
the variables are measured. In psychology, where the tradition s
nearly as long, the variables are usually latent and indexed by multi-
ple indicators, the data cross-sectional, and the relevant parameters
expressed in a common metric of standardized units. In sociology and
political science, the situation is more nearly a blend of what s
commonly the case in economics and psychology. The data are typically
cross-sectional, the variables a mix of manifest and latent ones, and
the causal parameters expressed in standardized units because at least
some of the variables have no meaningful unit of measurement such as
pounds, bushels, or dollars,

As the development of causal modeling has unfolded, a great deal
of attention has been paid to techniques of estimation. Somewhat less
attention has been paid to the evaluation of estimated causal models.
This dis particularly the case in sociology and political science,
where causal models or path analyses are often introduced and dis-
cussed without any assessment of the consistency between the implica-
tions of the model and basic relationships in the underlying data set.
Before interpreting causal parameters, it is, however, important to
assess the adequacy of the model in which they are embedded. Again,
this is especially the case in the nonexperimental sciences, where
attributions of causality are made particularly hazardous owing to the
inevitable presence of confounding factors.

In sociology, Blalock (1962, 1964) has espoused the method of
nonvanishing partial correlations to make causal inferences in nonex-
perimental situations. Duncan (1966, 1975} introduced the method of
path analysis developed by the biologist Sewell Wright (1921, 1934,
1960) to sociology. This method yields direct estimates of causal
impacts, rather than qualitative evidence about the presence or ab-
sence of causal forces. In this paper, the focus of our concern is on
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the assessment of models upon which causal inferences rest, rather
than either upon the conditions under which such inferences are valid
or 1invalid, or upon techniques of estimation. The paper brings —o-
gether some considerations which are implicit in much writing about
caysal models and reviews some procedures which are scattered through-
out the published literature. Some of the simple techniques int-o-
duced here are, however, not made explicit in major expositions of
techniques of causal modeling (see, e.g., Asher, 1976; Duncan, 1975;
Heise, 1975); the main contribution of the paper, therefore, is in
explicitly laying out strategies of assessment in a single source.

II. Causal Sensibility: The First Test

There is an inherent limitation to all causal modeling which is
often ignored in practical applications. That limitation is quite
simple:  there are no conditions under which one can unambiguously
infer causality. This is no less true of experiments than it is of
nonexperimental analyses, though the latter circumstance is generally
more hazardous. The best one can do is to obtain estimates of causal
parameters which are consistent with the presence of a presumed causal
force. One can, of course, generate strong evidence that a causal
force 1is inoperative, as happens in the case when the estimate of a
causal parameter has the wrong sign or is insignificant statistically,
substantively, or both.

Evidently, one would not want to draw evidence in support of
causal hypotheses from models of causal effects which were not wa2ll
grounded in what is known about the temporal arrangement of and theo-
retical relationships between the variables in a model. We woild
argue that the first and foremost test of any proposed model s its
causal sensibility. Before proceeding with any of the tests proposed
herein, one must first be satisfied that the model makes sens2--
theoretically, temporally, and substantively. When working with nan-
experimental data, one cannot estimate a model at all without imposing

causal assumptions upon the relationships between the variables. This
is perhaps the most important reason why one cannot infer causality
from the analysis of such data sets. The best one can do is to
demonstrate that the causal parameters are consistent with the causal

-2 -



assumptions upon which they are based. Such a demonstration will,
however, itself be meaningless if the causal assumptions--usually the
ordering of the variables--are not defensible.

We would argue, therefore, that the first and perhaps the most
important step in evaluating a causal model is vindicating the causal
assumptions built into its estimation. A causal arrangement of vari-
ables and estimates of the causal relationships between them can pass
all of the tests proposed herein and still be intellectually indefen-

sible. Theory is vital to all causal modeling, and executing statis-
tical investigations of the adequacy of a particular model is no
guarantee that it is built on sound foundations. Given that a model
is well-grounded, then and only then will the procedures outlined
herein provide further information relevant to assessing its causal
adequacy.

III. Derjvation of Implied Correlations in Recursive Models

Among the class of recursive models, we can distinguish between
those which are fully or completely recursive and those which are

partially or incompletely recursive. In a fully recursive model, all
of the measured exogenous varijables affect all of the endogenous
variables and each of the endogenous variables is affected by all of
the endogenous variables which are causally antecedent to it. In a

partially recursive model, at least one of the endogenous variables is
not affected by all of the exogenous or all of the measured endogenous
variables causally prior to it. Stated otherwise, in a partially
recursive model, some potential, direct causal impacts are assumed to
be equal to zero.

When all of the endogenous and exogenous variables are measured,
except for the hypothetical factors introduced to secure determination
of the endogenous variables, the distinction between fully and parti-
ally recursive models corresponds to the difference between just-
identified and overidentified models. We maintain the distinction
between fully and partially recursive modeis, as well as that between
just-identified and overidentified models, because when some of the
endogenous variables are latent ones, a partially recursive model may
be Jjust-identified and a fully recursive one may be underidentified,
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depending on the outside information available, such as assumptions
about the equivalence of certain causal effects.

In any fully recursive model involving only measured endogenous
variables and latent exogenous variables to secure their comp ete
determination, all of the information in the covariance matrix of the
measured variables is used up in estimating the model., In this situa-
tion, the estimated model enables one to retrieve, within rounding
error, all of the correlations between the variables. In the case of
a partially recursive, overidentified model, some of the covariances
between pairs of varjables will not be exploited in securing estimates
of the postulated causal paths. As many writers have noted, the
presence of this "free" information provides a vehicle for making an
assessment of the causal adequacy of the estimated model. When the
model satisfactorily captures associations which were not utilized in
its estimation, the model is an adequate representation of the rela-
tionships between the variables; when it fails this test, it is detec-
tive in one or another regard. This is the case we consider in the
remainder of this paper, illustrating how the “"free" information can
be used to check the estimated model against the associations observed
in the data which underlie its estimation. Evidently, such checks are
not possible in the fully recursive, just-identified case. There one
can only rely upon the sensibility of the causal arrangement and the
ptausibility of the estimated causal impacts to evaluate the model.

The first step in evaluating a partially recursive, overidenti-
fied model is to retrieve from the estimated causal paths and the
known correlations between the exogenous variables, the values of the
correlations between all pairs of variables which are implied by the
model. This 1is often done by tracing through all of the Tlegitimate
causal linkages between pairs of variables in the path diagram which
summarizes the model.  Such an operation is tedious, particularly as
the number of variables in the model becomes large. It is also error
prone, since it 1is quite easy to miss a causal link when reading
indirect causal paths from a path diagram. There 1is, however, a
straightforward manner in which the impiied correlations may be com-
puted, without recourse to a path diagram or other visual crutch.

To derive the implied correlations from a recursive model in
standardized form, we must first define the structure matrix 5. Sup-
pose there are r exogenous variables and t endogenous variables in the
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model. We begin with the definition of the matrix of coefficients Z
which Tinks the exogenous variables to the endogenous variables. This
matrix has r rows and t columns, 4.e., one row for each exogenous
variable and one column for each endogenous variable. The entries of
7= [zijJ are defined as follows:

zjj = 0, if the ith exogenous variable does not
have a direct causal impact on the jth
endogenous variable,

and Zij = PYjxj» 1f the ith exogenous variable has a

direct causal impact on the jth endogenous
variable, with the p's being the estimated
values of the structural coefficients (in
standardized form).

In addition, the columns of Z are arranged so that the first column
Z; refers to the initial endogenous variable, the second column to
the second endogenous variable, and so on to the last column of Z, Z:
which refers to the ultimate endogenous variable.

Next, we define the matrix of coefficients C which Tlinks the
endogenous variables to one another. C is square matrix with dimen-
sions t x t. Its rows and columns are arranged in the same order as
the columns of Z.  For example, the first row and first column of C,
f.e., and C; and C 1 refer to the initial endogenous variable, while
the Jast row and the last column of C, Ct. and C ¢ refer to the
ultimate endogenous variable. In the event the model is block recur-
sive, so that some of the endogenous variables do not affect one
another and are not causally ordered, then any of the endogenous
variables in such a block may be placed in any order when the block is
encountered, that is, it does not matter which row and column a varia-
ble in a block occupies, so long as the ordering of the block relative
to the other endogenous variables is preserved.

The elements of C = (cj ] are defined in following way:

Cik = 0, either if j= k or if j < k and the Jjth endogenous
variable does not have a direct causal impact on the
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kth endogencus variable,

and  cjy = pykyj, if the jth endogenous variable has a direct
causal impact on the kth endogenous variable, where as
before the p's are the estimated values of the
structural coefficients (in standardized form).

The structure matrix S is formed by stacking Z on top of C, i.e.,

z
S: _—
C
Evidently, S has dimensions (r + t) x t. The nonzero entries in the
jth column of S are just the coefficients associated with the vari-
ables which directly effect the jth endogenous variable.

To calculate the implied correlations among the first endogenous
variable, Y1, and the exogenous variables, we begin with the matrix of
correlations, X, among the exogenous variables. The entries of
X = [xij ] = rxixj are just the correlations among the exogenous
variables. Evidently, X is symmetrical, i.e., Xij = Xjj and Xij = 1
if i = j, and has dimensions r x r, since there are r exogenous
variables. Let Sfl be a column vector which contains the first r
elements in Sy, the first column of the structure matrix. The im-
plied correlations, R"y =[rj;] = [Fy]xj], between the first endcge-
nous variable and the exogenous variables are given by

(X)S’:1 = Rfl .
We proceed to find the implied correlations of the second endogerous
variable with the first endogenous variable and all the exogerous
variables by augmenting the matrix of correlations among the exogerous
variables with an additional row and column, This additional row and
column contain the implied correlations just computed, i.e., the
elements of Rfl. The augmented matrix of correlations, X*, has
dimensions {r + 1) x (r + 1) and the following structure:

(R 1



where (R";)' 1is the transpose of er. Let Srgl be a column vector
which contains the first r + 1 elements of S 5, the second column of
the structure matrix. We simply calculate

*ygr+l - prtld
(X7)sT,0 = RT3

toe find the implied correlations of the second endogenous variable
with all the variables causally prior to it.

The process just outlined is repeated until all of the correla-
tions implied by the estimated model have been obtained. For example,
in the third step, the new augmented correlation matrix is given by

* r+l
X R"S
(ngl)' 1

This is just postmultiplied by Srgz, the column vector containing the
first r + 2 elements of S 3 (the third column of the structure ma-
trix), to find the implied correlations of the third endogenous varia-
ble with its causal antecedents. This process may be tiresome if the
calculations are done by hand, but it is straightforward. It requires
no tracing of causal linkages in & path diagram, since all of these
causal Tlinkages are embedded in the implied correlations which are
used to augment the matrix of intercorrelations among the exogenous
variables. In addition, it can be easily implemented with a computer
program and all calculations in this paper were made using a SAS rou-
tine.

IV. Itlustrative Calculations of Implied Correlations

Although the procedure for obtaining the correlations implied by
a causal model is straightforward, ‘it may nonetheless be helpful to
have an explicit numerical example. For purposes of illustration, we
used estimates of an expanded version of an overidentified model of
fertility and reproductive behavior in contemporary Japan which was
initially proposed by Ogawa and Hodge (1983). Estimates of the model
are derived from the nationwide survey conducted in 1981 with a



sample size of 2,648 currently married Japanese women of childbearing
age for which observations on all the variables were available. As
microlevel sociodemographic models go, this jllustrative model s
relatively large. It involves four exogenous variables and tw2lve
endogenous variables which are linked by 10 stochastic equations and
two accounting identities. The exogenous variables are as follows: a
" measure of premarital urban exposure of wives (= U), wife's education
(= Ey), husband's education (= Ey), and wife's age (= Y). The endoge-
nous variables, arranged in their causal order from that most proxi-
mate to that least proximate to the exogenous variables, are as fol-
Tows: Wife's premarital work experience (= J), a dummy variable for
arranged marriages {= M), wife's age at current marriage (= Z}, dura-
tion of current marriage (=X}, patrilocality of residence at marriage
{= R), ideal number of children for a Japanese couple (= F), desired
number of children (= D}, number of pregnancies {= P), number of
stillbirths and spontaneous abortions (= S}, number of induced abor-
tions (= B), number of children ever born (= C} and a measure of
attitudes toward abortion {= A}. The matrix of actual correlations
between all of the variables is given in Appendix Table A.1; the
structure matrix of estimated causal paths is exhibited in Appendix
Table A.2,

The upper left-hand corner of Appendix Table A.1 contains the 4
by 4 matrix of intercorrelations among the exogenous variables and the
first four entries in the first column of Appendix Table A.2 exhibit
estimates of the causal paths which 1ink the exogenous variables to
the first endogenous variable, wife's premarital work experience. We
obtain the implied correlations of the first endogenous variable with
the exogenous variables by multiplying the matrix of intercorrelations
among the exogenous variables by the vector of coefficients as fol-
Tows:

u Ey Ey Y I ?in
o [ 1 2032 2008 -.1120] | 1588 [ 1865
By | .2032 1 6012 -.2980 0 .1058
Ey| .2038  .6012 1 -.1843 o | | .o779
y |-.1120 -.2080  -.1843 1 _.2467 _.2645
L Jo| J L p




We now just augment the matrix of correlations between the exogenous

variables

with the vector of implied correlations. Multiplying the

augmented matrix by the vector of coefficients observed in the second

column of the structure matrix yields the implied correlations of type

of marriage (= M) with its causal antecedents.

follows:

1 .2032 .2038 -.1120
.2032 1 .6012 -.2980
.2038 .6012 1 -.2980

-.1120  -.2980 -.1834 1
. 1865 . 1058 .0779 -.2645

. 1865
.1058
.0779
-.2467

1

The calculation is as

4 -~ 4 ~
-.1412 -.1824
0 -.0946
0 = -.0709
.1814 .2268
-.1119 -.1862
. -~ ~ y.

The process continues by augmenting the correlation matrix once more

with the implied correlations derived in the second stage. The new
matrix is postmultiplied by the coefficients from the third column of

the
its ¢

structure matrix to obtain the correlations of marital age with

ausal antecedents., The process ends when all the implied corre-

lations have been derived.

model

A1l the correlations implied by the estimates of the illustrative

at hand are reported above the diagonal in Appendix Table A.3.

The signed differences between the actual and implied correlations are

reported below the diagonal in the same table.

equal
varia
mated

Some of the correlations implied by a model will necessarily be

(within rounding error) to the observed correlations among the
bles. This occurs because of the way the causal paths are esti-
. In Appendix Table A.3, the implied correlations which must
correspond to the actual correlations have been placed in parentheses.
These correlations are obviously not "free" pieces of information and

they should be excluded from any subsequent use of the implied corre-
lations to assess the model.

actua
exhib

overi

Identifying the implied correlations which must coincide with the

1 correlations can be tricky

and, indeed,

the ones which must

it agreement with the actual correlations will depend upon the
estimating strategy. There are several feasible ways to estimate

dentified, recursive models.

For example, from the derivation of
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implied correlations given above, it is clear that the implied corre-
lations may be derived at each step in the construction of a causal
model. That is, after the equation for the first endogenous variable
has been estimated, one can work out its implied correlations with the
remaining variables and so on for the second and the remaining endoge-
nous variables. One strategy for estimating causal models is to make
estimates of the causal paths consistent with the implied correla-
tions. Thus, when estimating the equation for any particular endoge-
nous variable, one uses the implied rather than the actual correla-
tions among the variables in the equation when making the estimates.
Other strategies involve striking averages of the various alternative
estimates which are possible whenever a model s overidentified
{Boudon, 1965).

None of the above strategies 4s, however, recommended. The
preferred way to estimate an overidentified, recursive model is simaly
to perform the ordinary least squares regression of all the measured
variables on their measured predictors. (Obviously, an alternative
strategy must be used when one introduces latent endogenous variables
into a model.) In executing these regressions, one uses the actual
correlations among the determinants of each endogenous variable, re-
gardless of whether or not they are implied by the estimates of the
preceding structural equations. This strategy of estimation makes the
estimates of causal paths consistent with the observed data. The
method is preferred because it produces estimates of the causal paths
which are both unbiased and have the smallest standard errors. Other
methods yield unbiased estimates of the causal paths, so the advantage
of the recommended strategy is in minimizing the standard errors of
the estimates (Goldberger, 1970).

When the preferred method of estimation has been used, it is
relatively straightforward to identify the implied correlations which
are constrained by the estimating strategy to equal the actual corre-
Jations. The estimates of the model necessarily reproduce the corre-
lations between the first endogenous varjable and all of the exogenous
variables which directly affect it. For subsequent endogenous vari-
ables, one examines the variables which enter the equation. If all
the implied correlations between those variables have been constrained
to equal the actual correlations between them, then of necessity the
correlations between the endogenous variable at hand and the variatles
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in the equation for it will also be reproduced. This will not be the
case, however, if any one of the implied correlations between the
variables in the equation can be at variance with the corresponding
actual association.

V. Frequency Distribution of Signed Disparities

Perhaps the simplest way to obtain an overall view of the per-
formance of a model is to inspect the frequency distribution of the
signed differences between the actual and implied correlations. For
the 1illustrative model introduced in the previous section, there are
exactly 100 actual correlations whose values are not implied by the
strategy suggested by Goldberger for estimating such an overidenti-
fied, recursive model. The frequency distribution of the signed
differences between the actual and implied correlations, reported
below the diagonal in Appendix Table A.3, is given in Table 1.

In general, when a model fits the data well, the distribution of
signed disparities will exhibit four desirable properties. First, the
distribution will be centered close to zero, indicating that the model
does not systematically tend to produce positive or negative errors.
Second, the distribution will be unimodel, indicating that the errors
are piled up around the center of the distribution. Were this not the
case, the distribution might have a desirable mean near zerp, but an
underlying distribution indicative of a good average fit achieved by
compensating errors of alternative signs. Third, there should be no
evidence of heaping in the tails of the distribution. The presence of
heaping may indicate that one or more causal paths have been errone-
ously excluded from the model. Finally, of course, there should be no
extreme observations, which fall well beyond the discrepancies ob-
served for the vast majority of the contrasts between the actual and
implied associations. The occurrence of such "outliers" is a certain
sign that a significant causal path has been deleted from the esti-
mated model, wusually those linking the pairs of variables invoived in
the generation of the extreme observations.

The frequency distribution from the illustrative set conforms
gquite well to the above criteria. As can be seen from Table 1, the
distribution of "free" differences between the actual and implied
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Table 1. Frequency Distributions of Signed Differences between
Actual and Implied Correlations in an Illustrative Model
of Fertility and Reproductive Behavior.

Actual Correlation

Interval Total Positive Negative

Raw Frequencies

Total 100 54 45

2 .0700 0 0 0

.0500 - .0699 4 4 0
.0400 - .0499 2 1 1
0300 - .0399 3 1 2
0200 - .0299 - b 4 2
0100 - .0199 8 4 4
0050 - .0099 7 5 2
.0000 - .0049 26 17 9
(-.0049) - (.0000) 22 10 12
{-.0099) - (-.0050) 5 2 3
(-.0199) - (-.0100} 6 3 3
{-.0299) - (-.0200) 6 1 5
(-.0399) - (-.0300) 0 0 0
(-.0499) - (-.0400} 2 0 2
(-.0699) - (-.0500) 3 2 1
s -.0700 0 0 0

correlations for the illustrative model is unimodal and centered near
zero. Nearly half of the disparities--forty-eight out of one huncred
-~differ from zero by no more than .005 in absolute magnitude and
three-fifths are within .01 of zero. There is no evidence of substan-
tial heaping in the tails of the distribution and there are no extreme
outliers since the largest disparity is less than .07 in absolute
magnitude. This evidence does not mean that the illustrative model
"fits" the data, but the simple distributicn of signed differences
does not, in and of itself, enable one to pinpoint systematic and

serious sources of error.
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VI. Overstatement and Understatement of Observed Correlations

In the illustrative data set, there is a healthy mix of positive
and negative correlations among the observed variables. 0Of the 100
correlations not reproduced owing to the way the model was estimated,
54 are positive and 46 are negative. This proves to be a source of
difficulty when using summary statistics based on the signed differ-
ences to assess the model. The reason for this difficulty is quite
clear: The meaning of a signed difference depends upon whether or not
the actual correlation is itself positive or negative,

When the original correlation is positive, a positive difference
between the actual and implied correlations means that the implied
association understates the absolute magnitude of the observed asso-
ciation, while a negative difference means the implied association
exceeds the actual association in magnitude. Just the reverse is the
case when the initial, observed correlation is negative. When the

actual correlation is negative, a positive difference occurs when the
implied association is greater than the actual association in absolute
magnitude and a negative difference is observed when the implied
association is less than the actual one in absolute magnitude.

The foregoing point can be illustrated by reference to the dis-
parities reported below the diagonal in Appendix Table A.3. For the
100 instances in which implied correlations are not required by the
estimating procedure to equal the actual ones, the mean signed differ-
ence is .0024, which is, indeed, quite smali. However, the mean of
the signed differences can be small because of contrary and counter-
balancing signed differences which occur when the initial associations
are positive and when they are negative. That is the case in the
illustrative model, though not in a substantively very significant
way. For the 54 cases in which the original correlation is positive,
the mean signed difference is .0063, more than twice as large as the
average overall case. For the 46 instances in which the actual corre-
lation 1is negative, the mean signed difference is -.0021, which is,
indeed, contrary to the mean observed for the differences when the
initial correlation was positive. Consequently, in this particular
model, the implied correlations tend to understate slightly the actual
correlations, regardless of whether the initial association was posi-
tive or negative.
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For the above reason, the frequency distribution of the sigied
differences is reported separately in Table 1 according to whether the
initial correlation was positive or negative. Both of these distriou-
tions exhibit properties quite similar to their combined total. They
are unimodel and centered close to zero. MNeither exhibits a great
deal of heaping in the tails, though the distribution observed when
the initfial correlation was positive shows a bit more variability than
does the distribution of signed differences found when the original
association was negative.

The complication dintroduced by the presence of positive and
negative associations in the original correlation matrix can be han-
dled in twp ways. The most obvious way is simply to take the absolute
value of the difference between the actual and implied correlations.
This procedure, however, destroys information, since one can no longer
tell whether the actual correlation is over- or understated in magni-
tude by the implied correlation. A preferable method is to change the
sign of the differences when (but only when} the initial correlation
is negative. This reflects the distribution of differences when the
original correlation is negative around the value zero. The resulting
distribution of revised differences now has ohservations whose signs
have a common meaning, regardless of the sign of the actual correla-
tion. A positive difference means the original correlations is under-
stated by the implied association, while a negative difference means
the original correlation is overstated in magnitude by the implied
one. One can, of course, utilize both transformations, as we do in
the analyses reported below.

¥II. The Shepard Plot

In multidimensional scaling, a triangular matrix of observations
which can be interpreted as "distances" among objects is often ana-
lyzed. If there are n objects, then technically one may need as many
as n-1 dimensions to reproduce the actual distances among them.  The
goal of muitidimensional scaling is, of course, to represent the
relative locations of the objects by a number of latent dimensions
which is substantially less than the number of objects.

The dimensions extracted from a set of distances via multi-
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dimensional scaling yields, among other parameters of interest, the
position of each object on each dimension. These values can be used,
along with the standard Pythagorean formula for distance in a multi-
dimensional space, to calculate the distance between the objects
implied by their location in the reduced space yielded by the multi-
dimensional scaling. The plot of the actual distances among the
objects against these imputed distances is known as a Shepard diagram.

A visual and often telling overview of the fit of a causal model
can be obtained by plotting the actual correlations against the im-
plied ones. Such a plot is analogous to the Shepard diagram which is
routinely produced as part of the output of many programs for multi-
dimensional scaling. For convenience, and by analogy to multi-
dimensional scaling, we may refer to such a scatterdiagram of actual
vs. implied correlations as a Shepard plot. For the illustrative
mode]l of fertility and reproductive behavior, the Shepard plot is
shown in Figure 1.

Evidently, if a model fits the actual data quite well, the points
in the Shepard plot will be tightly packed around a line with zero
intercept and a slope equal to one, If the intercept is near zero,
then there is no particular tendency for the "free" correlations to be
over- or understated by those implied by the estimated model. If, in
addition, the points fall along a line with sTope near unity, then the
model tends to over- or understate correlations by roughly the same
amount, regardless of their sign and their magnitude.

Visual inspection of Figure 1 reveals that the points are, in-
deed, tightly packed around the line with zero intercept and a slope
of one. Furthermore, what 1ittle scatter there is about this Tine
appears to be the same everywhere along the 1line. Thus, for the
illustrative data, the Shepard plot provides no occasion for detecting
substantial or systematic irregularities in the fit of the model.
The eye, of course, sees what it wants to see and what is a good fit
to one observer may be less than satisfactory to another. Conse-
quently, it 1is advisable to generate some more formal tests based on
the Shepard plot.

One simple procedure 1is to run the regression of +the actual
correlations on the implied ones. For the illustrative model at hand,
this regression is given by
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A = Actual Correlations

0.8

0.6 |

0.4 }

0.2 } N

0.0 |

-0.4 -0.2 0.0 0.2 0.4 0.6 0.8

I = Implied Correlations

Figure 1. Plot of Actual vs. Implied Correlations for a Model of Reproductive
Behavior, Married Japanese Women of Childbearing Age, 1981,
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A = 1.0010(1) + 0.0024,
(0.0120)  (0.0022)

where the standard errors of the coefficients are shown in parentheses
beneath their estimated values. The intercept of this regression
clearly does not differ significantly from zero and, since [(1.0010)
- (1) 1/ (.0120) < 1, the hypothesis that the slope is equal to unity
can also not be rejected.1 Thus, the best fitting line does not
differ significantly from the line with zero intercept and unit slope
which has already been drawn in the Shepard piot. That line appears
to fit the data plotted in Figure 1 quite well because for all practi-
cal purposes, it is the best fitting line. In addition, the correla-
tion between the actual and implied associations is a healthy .993.
Taken together, these are rather impressive pieces of evidence that
the illustrative model at hand fits the data upon which it is based
quite well.

VIII. Some Hypotheses about the Structure of Errors

Even when there is evidence that the general fit of a model to
the underlying data is satisfactory, small systematic errors can still
be present. Thus, the analysis of the fit of a model should not end
with the examination of the Shepard plot and 1its characteristics.
Instead, a more detailed search should be made for particular sources
of error. In this section, we examine four specific hypotheses about
the error structure of the data.

Positive vs. Negative Initial Correlations. The conformity of an

estimated model with the underlying associations among the varijables
entering the model shouid not be affected by the signs of the actual
correlations. One check on a model, therefore, is to see if the error
structure 1is conditional upon the sign of the underlying correlations
among the variables. Any model which exhibits an error structure
which is related to the signs of the underlying covariances is a
candidate for revision,

The data required to test relationship of the pattern of errors
to the signs of the initial associations in the illustrative model is
already contained in Table 1. Before using these data, the frequency
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distribution of the differences between the actual and the implied
correlations must be reflected around zero if the initial association
is negative, As noted above, this reflection is necessary if the
signed differences between the actual and implied correlations are to
have the same meaning without regard to the sign of the actual corre-
lations. After reflecting the frequency distribution of differences
observed for initially negative correlations and collapsing catego-
ries, one obtains the following reduced table:

Direction and Initial Correlation
Magnitude of Error Positive Negative
Frequencies

Actual > Implied

2z .0100 14 11
.0000 - .0099 22 15

Actual < Implied

(-.0099) - (.0000) 12 11
< (-.0100) 6 9

The value of X2 for the above table is just 1.687, so there 1is no
evidence that the illustrative model is any better or worse at reoro-
ducing "free" positive than "free" negative associations.

Variable Content of Correlations. In any causal model, trere

are three kinds of correlations: (i) those among the exogenous varia-
bles, {ii) those among the endogenous variables, and (iii)} those
linking the exogenous to the endogenous variables. All of the corre-
lations among the exogenous variables are taken as given, so they
cannot be a source of model error. However, in overidentified recur-
sive models, there are usually some "free" associations among the
endogenous variables as well as among the correlations relating the
exogenous variables to the endogenous ones. As a recursive model
unfolds, each successive endogenous variable has one additional, 1in-
tervening endogenous variable standing between it and the exogenous
factors. As the endogenous variables become increasingly further
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removed from the exogenous launching pad of the model, it is increas-
ingly difficult for the exogenous variables to exhibit direct impacts
on the endogenous variables because the number of intervening varia-
bles which must be taken into account becomes progressively Targer.
Such small impacts as the exogenous variables may have on causally
removed exogenous variables are apt to be small, statistically insig-
nificant, and, hence, deleted from the estimated model. A reasonable
hypothesis about the error structure of the model is, therefore, that
the model will do somewhat better at reproducing the associations
between the endogenous variables than it does at reproducing the
associations 1inking the exogenous variables to the endogenous vari-
ahles.

The tabulation for the illustrative model of the reflected dif-
ferences between the actual and implied correlations by the variable
content of the correlations is exhibited in Table 2. Inspection of
the frequency count reveals that the reflected disparities which
involve an exogenous and an endogenous variable are somewhat more
likely to be relatively larger than the reflected disparities between
actual and implied correlations which pertain to a pair of endogenous
variables. This is precisely what was expected, but the value of x2
in Table 2 dis just 3.425. With three degrees of freedom, the
probability of observing a chi-square this large or larger is in
excess of .3. Thus, while the association is in the expected direc-
tion, there is no convincing evidence that the illustrative model does
appreciably worse at capturing "free" associations between exogenous
and endogenous variables than it does between pairs of endogenous
ones.

Magnitude of Actual Correlations. Another factor which can be
implicated 1in the error structure of an estimated model is the abso-

lute size of the initial associations. When a "free" observed corre-
lation 1is small to begin with, there is not much chance of making a
substantial error so long as the implied correlation achieves the
proper sign. When the initial associations are large, however, there
is more leeway for error. Consequently, it is reasonable to postulate
that "free" Targe associations are more 1ikely to be understated by
wider margins by the implied correlations than are "“free" small corre-
lations.

Obviously, it is highly undesirable to have an estimated model
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Table 2. Tabulation of Reflected Differences between Actual and
Implied Correlations by Type of Initial Correlation,
for an I1lustrative Model of Fertility and Reproductive

Behavior.
Direction and Type of Correlation
Magnitude of Total Between Endogenous Between Exoganous
Error Variables and Endogenous Variables
Frequencies
Total 100 64 36
Actual > Implied .
2 .0100 25 15 10
.0000 - .0099 37 27 10
Actual < Implied
{-.0099) - (.0000) 23 15 8
<{-.0100) 15 7 8

which does a good job at retrieving small associations, but misses the
main associations by a wide margin. One of the purposes of causal
modeling, especially with nonexperimental data, is to display the
main effects which are presumed to operate in a particular,
substantive domain. A model which fails to capture those primary
impacts is one which has failed in a very fundamental way.

To this juncture, the model we have been examining for illus-
trative purposes has performed quite well. However, as can be seen
from the Shepard plot in Figure 1 or by inspection of Appendix Table
A.1, the model is based on a data set in which most of the associa-
tions are quite weak. If the model is performing well because it
captures all of these small correlations, while missing the few large
associations in the data set, then its performance is not nearly so
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salutary as the results to this point indicate.

For the illustrative model, the tabulation of the reflected
differences between the actual and implied correlations by the abso-
lute magnitude of the initial correlations is given in Table 3. As
was the case in the previous analysis, the frequency counts are con-
sistent with the hypothesis at hand. When the initial correlations
are relatively large, the reflected differences between the actual and
implied correlations are themselves somewhat more likely to be rela-
tively large. However, the association is quite modest. The value of
X2 in Table 3 is 1.335, which is not even close to significance at any
plausible level. Thus, the illustrative model at hand does about as
well at retrieving "free" large associations as it does at retrieving
“free" small ones.

Path Distance. The path_distance between a pair of variables in
a causal model is the minimum number of causal links through which one
has to pass in moving from one variable to the other. Stated other-
wise, the path distance between a pair of variables is the Teast
complicated way in which they are related. Evidently, the path dis-
tance is one if a pair of variables are joined by a direct causal path
from one to the other. This is the only case, excluding the trivial
instance of pairs of exogenous variables whose correlations are as-
sumed, in which the path distance is one. Variables which are related
to one another indirectly can have path distance between them of
varying length, depending upon the shortest legitimate causal connec-
tion between them.

Errors have the nasty habit of accumulating as one moves through
a causal model. Small errors between causally proximate variables
tend to be expanded as variables become causally more remote from one
another. An important source of error in causal models can, there-
fore, be the path distance between variables. In general, one expects
the errors to be relatively larger when the path distance between a
pair of variables is large. Also, one generally expects models in
which the average path distance is small to perform better overall
than models in which the average path distance is large.

For the 1illustrative model, the tabulation of the reflected
disparities between the actuwal and implied correlations by the path
distance between variables is shown in Table 4. It is readily appar-
ent from Table 4 that path distance is a significant factor in the
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Table 3. Tabulation of Reflected Differences between Actual and
Implied Correlations by Absolute Magnitude of Initial
Correlation, for an I1lustrative Model of Fertility and
Reproductive Behavior.

Direction and Absolute Magnitude of
Magnitude of Initial Correlation
Error —
Total >.1000 <,1000
Frequencies
Total ‘ 100 57 43
Actual > Implied
z .0100 25 i6 9

L0000 - .0099 37 21 16

Actual < Implied

(-.0099) - (.0000) 23 11 12
< {-.0100) 15 9 6

error structure of the jllustrative model. Virtually all of ‘the
relatively large disparities occur between pairs of variables which
are causally linked by indirect mechanisms. The value of X2 for Table
4 is 33.87, which is significant by any reasonable criterion.

The particular way in which we have been tabulating the reflected
discrepancies between the actual and implied associations can be
reinterpreted as embodying three separable hypotheses, rather than a
single hypothesis about the position of the reflected discrepancies on
the line of real numbers and the variable of dnterest. There are
three degrees of freedom in the tables we have been examining; each of
these degrees of freedom can be associated with a different hypothe-
sis. The tabulated distribution of the reflected frequencies keeps
track of their sign, 1i.e., whether or not the implied correlation
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Tabie 4. Tabulation of Reflected Differences between Actual and _
Implied Correlations by Path Distance, for an I1lustrative
Model of Fertility and Reproductive Behavior.

Direction and Path Distance
Magnitude of .
Error Total One Two or Three
Frequencies
Total 100 35 65
Actual > Implied
2z ,0100 25 1 24
.0000 - .0099 37 24 13

Actual < Implied

(-.0099) - (.0000) 23 10 13
< {-.0100) 15 0 15

under- or overstates the observed association. The first hypothesis
embedded in the tables concerns, therefore, the direction of the
disparities. In addition, for disparities of alternative directions,
the tabulated distribution keeps track of the magnitude of the dis-
parity. The second hypothesis involves, therefore, the magnitude of
the reflected discrepancies, without regard to sign. The third hy-
pothesis is rooted 1in the interaction between the two previous
hypotheses.  This interaction can be stated in several ways, two
common ways being that (i) the impact of the variable of interest
(path distance in Table 4) on the magnitude of the reflected dispari-
ties depends upon the sign of the disparity or (ii) vice versa.

In the previous tables, there was no point in examining these
separable hypotheses because there was no statistical evidence of
association. That is not the case, however, with path distance. We
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can examine the relationship of path distance to the magnitude of the
reflected discrepancies in the illustrative model by folding the
distribution of disparities about the value zero. This amounts to
adding together the bottom and top rows in the body of Table 4 and
adding together the two middle rows. The resulting 2 by 2 table is as
follows:

Absolute Magnitude Path Distance
of Error One 2or3

2 .0100 1 39

.0000 - .0099 34 26

The value of X2 in this reduced table is 30.95, which leaves no dcubt
that path distance has a potent impact upon the magnitude of the
errors in the illustrative model. The difference between the chi-
square in the larger table and that in this reduced table is given by
33.87 - 30.95 = 2.92, which is itself distributed as chi-square with
two degrees of freedom. This value of chi-square is not significant
at the .05 level, even with one degree of freedom. Consequently, we
may conclude (i) that path distance does not affect the direction of
the model errors and (ii) there is no interaction of the relationship
between path distance and the magnitude of the error with the sign of
the disparity, i.e., with whether or not the model error involves an
over- or understatement of an observed correlation.

Even though the illustrative model at hand performs quite well in
general, we have been able to demonstrate that the model errors are
related to the path distances in the model. The concept of path
distance also illuminates why the model has performed well in every
other regard examined to this point. If one examines the structure
matrix for the model reported in Appendix Table A.2, it is readily
apparent that, despite the relatively large number of endogenous
variables, one or more of the exogenous variables tends to exhibit a
direct causal link with most of the endogenous variables. The per-
sistence of the causal linkages between -the exogenous and endogenous
variables effectively interlaces all of the variables in the model.
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Indeed, the largest path distance in the model is only three and there
are only four pairs of variables which are separated by a path dis-
tance that large. In these four cases, the actual correlation is
always understated in magnitude by the implied correlation and the
average reflected disparity is--as this model goes--a fairly healthy
.0278. This illustrative model does relatively well overall in large
measure because the path distances in it are quite small; the average
path distance is appreciably less than two.

IX. Multivariate Analysis

As with the analysis of any set of nomexperimental data, the
analysis of the error structure of a causal model is beset with the
problem of multicollineation between the various sources of error.
Consequently, it 1ds advisable to examine the error structure in a
multijvariate context, since it is entirely possible that the gross
impacts of the various sources of error misrepresent their net contri-
butions. Here, we use regression methods to analyze, for the illus-
trative model, both the signed, reflected differences and their abso-
Tute values.

In studying the indicators of model error, we utilize four varia-
bles. These are: a dummy variable which takes on the value 1 i an
actual correlation is between a pair of endogenous variables and the
value 0, otherwise; the measure of path distance; the signed value of
the original correlations and the absolute value of the initial corre-
lations. For both the signed reflected differences and their absolute
values, two regressions were calculated. These differ by whether or
not the value of the actual correlations, as well as their absolute
value, is entered into the regression equation.

The results of the regression analyses are summarized in Table 5,
where it can be seen that only the measure of path distance is con-
sistently significant. It is the only variable which bears any rela-
tionship to the signedreflected differences and it is not a very
powerful predictor of them. The variables at hand do a somewhat
better job of capturing the absolute magnitude of the errors in the
illustrative model and, in the final equation, all of the variables
are at Teast marginally significant.
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The second equation for the absolute magnitudes of the reflected
differences which dincludes both the actual correlations and their
absolute magnitude as predictors, indicates that the errors tend, as
expected, to be Targe when the path distance between a pair of varia-
bles is likewise great, The equation also reveals, again as expected,
that the model is a little better at reproducing the magnitudes of
correlations dinvolving pairs of endogenous variables than it is at
retrieving caorrelations involving both an exogenous and an endogenaus
variable. Understanding the coefficients associated with the signed
value of the actual correlations {= A) and their absolute values
{=|A|} is aided by a Tittle algebra.

We may begin by introducing a dummy variable P which takes on the
value 17if the sign of an actual correlation is positive and the value
0, otherwise. We then define N=1-P, so thatN+P = 1, With
these dummy variables, we may express the actual correlations and
their absolute values in-the following ways:

A
and A

I

P(|A]) - NCJAL)
P( ALY + NCTAT).

If b and ¢ are the regression coefficients of |A| and A, respective-
1y, we can rearrange the regression equation as follows:

b [A] +cA=blP( Al )} +NC{A[ )1+ clPC[A]) - N([A]}]
bP( |A] ) + bN( |A] ) + cP{ |A] ) - N( [A] )
(b +c)P{|A] )+ (b-c)N(|A]).

Thus, b, the coefficient of |A| , is the common impact of the magni-
tude of the initial correlations--regardless of their sign--on the
magnitude of the errors. The coefficient of A (= ¢} simply allows the
impact of the magnitude of the initial correlations on the magnitude
of the errors to vary according to the sign of the initial correla-
tions. The results for the final regression equation indicate that
the magnitude of the errors increases with the magnitude of the ini-
tial correlations when the initial correlation 1is positive. This
impact is, however, inverted when the initial association is negative,
j.e., the model reproduces large negative correlations more accurately
than small negative ones.
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In summary, then, the multivariate analysis reveals that there is
Tittle structure to the signed model errors. The variables at hand
largely fail to pinpoint the areas where the estimated model under-
states and overstates the "free" observed associations. The sources
of error studied here do, however, enable us to identify places whare
the magnitudes of the model error are relatively small and relatively
large. The estimated, illustrative model fits the data relativzly
poorly when the initial correlations are large and positive or smill
and negative, when they involve both an exogenous and an endogenjus
variable, and especially when the path distance between the variables
implicated in the correlation is great. These are important and
general sources of error which are likely to be operative across a
wide range of circumstances.

X. Concluding Discussion

In this paper, we have set forth a simple procedure for computing
the correlations implied by an estimated causal model and illustrated
how frequency distributions of the errors and the Shepard plot of
actual vs. implied correlations can be utilized to obtain an impres-
sion of the overall fit of a causal model to the underlying data upon
which it is based. We have also introduced explicit hypotheses about
the structure of errors in causal models and shown, for an illus-
trative case, the presence of systematic errors in a model which
exhibits a generally good fit to the data.

Qur concerns in this paper have focused on techniques for evalu-
ating causal models, vrather than upon strategies for coping with
systematic errors once they have been revealed, The latter topic is
no less important than the focus of this paper. However, in general
we do not believe there is any fixed strategy for handling revealed
errors. Instead, we espouse the view that strategies for revising
causal models in the light of errors should themselves be- dependent
upon a variety of factors, including the substantive domain, the
results of prior research, the nature of the data--particularly,
whether it 913 macro- or micro-level, and the status of the theory
embedded 1in the causal model. Two features which will often govern
the chojce of alternative strategies for dealing with error are parsi-
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mony and the magnitude of the errors themselves. One may well decide
to maintain a parsimonicus model in the face of errors, especially in
circumstances where one is less interested in fitting the data than in
seeing how well it can be explained by the main features of a theoret-
ically driven and parsimonious model. Obviously, one would ordinarily
be more tolerant of small than of large errors. We have demonstrated
for the illustrative model studied in this paper that systematic model
errors are present. However, all of these errors are small and the
overall fit is reasonable. Thus, on the one hand, little is lost by
ignoring the errors, having acknowiedged their presence. On the other
hand, the model is already complicated by the presence of numerous
small causal effects; adding a few more to improve the fit would not
destroy a parsimonious treatment of the main effects present in the
ilTustrative data set. What one does in a situation like this is not
dictated by any scientific principle known to the present authors.
Instead, there is room for the operation of research taste. We would
not quarrel with a decision to leave the model as it stands, despite
detectable and systematic model errors, on the grounds that the model
is already so complicated that the addition of further causal paths
runs a high risk of modeling sample errors rather than theoretically
based, causal relations.

We may close this paper by noting that our exposition has been
based on the analysis of correlations rather than regressions. That
will be a comfortable strategy for some social scientists, but others
may--as, indeed, we do--prefer the analysis of regressions. There is
nothing inherent about the methods used and hypotheses studied in this
paper which demands the examination of correlations. The entire
exposition could have focused upon zero order regressions. All one
needs to do, once the matrix of implied correlations has been derived,
is to multiply the actual and implied correlations by the ratio of the
standard deviation of the causally dependent variable to that of the
predictor or causally prior variable in each correlation. The analy-
sis can then be based on the resulting actual and implied zero order
regressions.
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NOTE

Statistical tests should be used with caution when analyzing
data of the present kind. First, the data in some sense exhaust the
relevant universe, so treating the observations as a sample is con-
trived in the first pilace. Second, and perhaps more important, thare
is good reason to believe the observations are not independent of Jne
another. For actual correlations, there are mathematical constraints
which allow one to infer the sign of the correlation between A and ¢
if .the correlations between A and B and between B and C are suffi-
ciently large. Here, the correlations are too small for these math-
ematical constraints to come into play. However, with a causal model

in_hand, the sign of the correlation between pairs of variables which
are causally related only indirectly can be inferred when all of the
indirect causal linkages between them imply the same sign. See Dun:zan
(1963) and Costner and Leik {1964). The main consequence of the
potential dependence among the observations is to reduce the effective
degrees of freedom. One can guard against premature rejection of the
null hypotheses in these circumstances by picking a small value Ffor
alpha, These comments also apply to the analysis of disparities
between actual and implied correlations, though in a less obvious way.

- 30 -



ocoe*t 9610°0 1681°0 £220°0- SO0 BL¥0°0-  £9.0°0- 8OFO°O-  [9ED°0- 9520°0-  6910°C-  62L0°C 06¥0°0-  £290°0 iri0°0 pOLOO (¥ =) @pnitasy uoildoqy
9610'0 9000°1T L08T"0 2290°0- 260470 L08°0 680270 L9E1°0 EVZPTO 6052'0- E£2T°0 PEST O~  82E°D S051°0~ 06170~ 1EEI'0- {3 =) udog 483 uaup|Iy)
1881°0 L0810 0000°1 §590°0 88¥L0 2£90°0 £9£0°0 £220°0 £282°0 6080°0-  1b20°0- S9¥0°0-  PSEZ'O w1170~ 1621°0~  fy00*D- (g =) suoLIa0qy 30 Jagquny
€2Z0°0= 229070~ 65%0°0 0000°1 122€°0 6890°0¢ L8100 6£00°0 Z2is0°'0-  62v0°C 8500°0- 0S00°0-  ZPEOQ-  98S0'D 1{20'0 §ev0°0 {S =) suoijuoqy snoaugiuods
S0ZT°0 Z60L°0 ovL'0 12Ze"0 000¢°1 T4t ] PESLTO 466070 0L0%°0 TI6T°0-  9550°0 6¥21°0-  BOLE°C £9v170-  €88I°0~  91£0°0- (d =) saloveubasy ;0 uaquay
60070  1L0F°0 2E90°0 689070 S2IE"D 00001 218870 S060°0 S£80°0 8ZIT70-  ¢%1070~ QLI0°C TLEQ°C 120070 121079~  6£20°0~ {0 =) uaup|Lys padLsag
£9{070-  6E02°0 E9E0°0 £51070 YEST™O 21880 cooo*t 254070 8€B0°0 2L10°0-  S600TQ 9100°0-  06£0°0 @20T°0-  620T°0- O0BDI"Q- (4 =) 921§ A luey (eapy
80¥0°0- £9t1°0 £220°0 6E00°0 £660°0 S060°0 25L0°0 000G°1 614170 2460°0- 59910 ¥660°0-  ISET"Q 2060°0-  1621'0- Q581°0- (4 =} 30uapiLsay |e20|layey
£9E0°0-  £pER°0 £292°0 Z215070-  0s0t°0 S£80°0 9€80°0 6IL1°0 C000'1 E182°0- 0961°0 20270~ 2606°0 216Z°0- 99EE°0D-  095T'0- (X =) voLieang |e3tdey
9520°0= 60%2°0- 60800~ 62¥0°0 TIET"0- 821170~ 2L10°0~ 2460°0-  €T182°0- Q0QD'T £080°0 v1s1°0 8EYT O 8¥21°0 PEIT D 82110 (2 =) aby pejraey
6910°0-  £E2T°C Tv20°0-  BSGO'0-  S650°0 ¥el070-  5600°0 §991°'0 Q981" C 08070 0000°1T £981°0- 892270 abi60-  I500°0-  p2ZBL'0- (W =) @beladey jo adk)
52L0°0 yES1 0~ S9PG°0-  0S00°0- 662170~ QLT0°0 9100°0-  #660°0~ 20ZE'D-  $ISI'Q £981°0- 0000°1 S¥92°0-  £180°0 £160°0 598170 (0 =) asuataadx3 yaoN
o6ra‘o-  £828°0 ¥5€2°0 2yE0T0-  B9EETQ 1LE0°0 q6L0°0 16170 2606°0 gErI o 8922°¢0 5¥92°0-  000D'T £481°C- 086270~ O2I1°0- {4 =) usuom jo aby
£290°0 S0S1°0~  pLITTO-  4BS0°0 £9¥1°0- 120070 QZ01°0-  20680°0- ZIEZTO-  BFEI'O 8ti0°0-  ZT180°0 £p81°0-  0000°T Zlo9o §£02°0 {H3 =) uopzeanpy s,pueqsny
19i0°0 pO6I0- 162170~ Ti20°C £8BI°0- T2T0°0- 620170~ 162770~ 99E€°0- bEIL"Q {50070~ EL80°0 G862°0-  Z09°0 0000°1 2E0ZT0 (M3 a) vorzeanpl s,a44m
v0L0°0 TEET70-  4#00°0-  S20°0 91£0°0~ BE20°0-  OBOI'Q-  0S81°0-  0951°0- 92I1°0 P70~ 59810 02T1°0-  gENZ'0 280270 0000°1T {n =) 3duaLaadxy uequp
v 3 q $ d q 4 ¥ ¥ z W r A H3 My n Loquis pue
oquAs a1qetazh udL3d 3530 F{qRLARA

‘1861 ‘uedep

*aby Buideaqp|iys

40 UBWOM P3L4JRY 404 ‘S3|qeldep diydedbowag pur |BLI0S PAIIF{35 UIIMIAG SUOLIR[34A0) JUIWOK JINPOLG

TTUY 31qeL xipuaddy

- 31 -



"SUOLILULIBP B[ gELJARA 404 “T°'Y 91qel XLpuaddy JO qnis 40 3x33 8385 “g°N

0 0 0 0 0 0 0 0 0 0 0 0 ¥

0 0 0 0 0 0 0 0 0 0 0 0 2

8var" ££66° - 0 0 0 0 0 0 0 0 0 0 q

0 6L16°-  t912°- 0 0 0 0 0 0 0 0 0 S

08%0" LL19°T  €006° 8GEY” 0 0 0 0 0 0 0 0 d

9690° - 0 Sy61°-  6vROT- 2212 0 0 0 0 0 0 0 a

0 0 0 0 0 GGL8° 0 0 0 0 0 0 4

0 0 0 0 0 ves0° 1/40° 0 0 0 0 0 |

0 0 0 0 6OYE" 0 0 0 0 0 0 0 X

0 0 2080° 16€1" 1€60°~  2101°- 0 1/01°- 802v"~ 0 0 0 z

0 0 1180°~ 0 0 0 0 /521" 0 6260° 0 0 W

0 0 0 0 0 0 L0%0" 0 0 G861° 6ITT - 0 P

[810°- 0 0 Z981° - 0 0 §£60° 9901 " L696° £0g2" p181" 92" - A

0 0 0 80/0°  9G£0°- 0 £250°- 0 0 0 0 0 Hy

££L0° 0 0 0 8090" - 0 #9€0° - 0 0 6161" 0 0 M3

£6%0° 0 70%0" 0 0 0 8€80°-  18£1°- 0 9/80° 2ivl"-  68ST” n
Y ) g S d a 1 4 X z W r LoquAs
dlqeLdep

sa|qgeLdep snhouabopu3y

‘1861 ‘9by Bulawaqp|ly) JO uswopm asauedep 4oy “a0LAeydg
aAaL1onpouaday pue AJL|LIA84 1O |9pOW SALIRLISNLL] UE A0 XLJAIBW 84N12NALS  ~2°y d[qel xlpuaddy

- 30 -



*ubis Buo4m pey uoLlR{asu0d pai|du

1£20°0  0900°0  80S0°0- BT00°0  @¥00'0  95b0°0- BOZ0'O-  £S00°0- 221070~ IBIOCO  9550°C  2TI0°0- 26l0‘D  ZTI00°0  S000°D- (¥ =} 3pmt3ay uoi3soqy
«8E05 0 2200°0  fl00°0-  BOOG'O-  5200°0- 6920°0  00Z0°0  ZIS0T0  TE0C°O-  €PIOTO-  ZET0O-  8190°0  ££00°0  BI00°0- GEL0°O (3 =) wdog 1243 waupLyd
1281°0  4BL170 €000°0  pT00°0  £S0G°0  tvOCTO-  ZBTOCO-  EESD'O-  §20070- §¥00°O- ®/E0TO 09SC'0-  0DOOTD /12070 §S0°Q (8 =) suopaoqy o Jaquay
#5820°0~  S090°0-  9590°0 010070~  #100°0  §S00°0-  £600°0  I000'0  +200°0 €000  Ep2QTO-  TT00'0  $900°0C 020070~  2620°0 (§ =) suoi3.ogqy snowuziucdg
81170 O0[Z°D  bShE'0 T£26°0 1200°0 121070  €¢00°0  2S00°C  §200°0- OTTO'O-  pL{00°0  gp0OO0  S¥00'0  9Il0‘0  £120°0 {d =) sataueubadd 40 saquny
£250°Q-  960F°0 645070 S£90°0  #0IL'D T100°0 010070  O%IC°0  ¥E0O'O~ ©620°0- 6£€0°0  6910°0  1ES0°0  SI+0°0 TG0 {0 =) us4p|Ly) padtsag
TE0'0-  QLT'0 (0¥0°0  §I20°0  EIsl‘D  10BE°D £200°0  BEDO"D  06DO°O-  ESZR'O- 200070~ {00000} OT00'O-  £200°0- (000O'Q-) {4 =) azig Aprwey (esp]
00Z0°0-  £9T1'0  50¥0°0  «BSDO'O-  bS6G°C  SEBOTD  S2L0°0 €000°0= 0000 £000°0-  £500°0- (T0O0'O-) ©S20°0-  2640°0- (T000°0) (¥ =) aouapisay (Bo0(Ld1eyg
01£070-  1€9£°0  9STET0  EISC'0~  RTOP'O0  S/90°0  00ROC0  22LlU0 (1000°0) 210070~ §000°0  {0000°0)  £026°0- ©0OCO'D  (1000'0} {X =} vot3esng teypaey
PET0°0-  8LvZT0~  $BL0CO-  GOVOTO  £8B1°0-  v6OT'0-  2800°C-  9/60°0- (#16Z°0-) 6200°0  EL0O0- {DO0O°Q) 26¥0°0 0000 (0000°0) (z =) aby (e3pdey
0SE0*@-  9LET°0 961070~  [900°0- 11£0°0 «0#I0°0  BYEO"D  999T°0  2/81°C  8iL0°0 (1000°0-} (0O0O'O-} 620070~  6BI0°0  {0000TC-} {W =) abeladey jo adi)
€L10°0  Z0I"0~  €980°0- «£610°0- E2E1°0- «6020°0- $i00°0-  (€60°0- [0ZE'0- {2510  (2981'0- (0ogo'0-} 9E00°0  Smope~ {000DT0-) {( =) sJuarazdx3 yaom
BIE0°0-  6992°0  pI62°0  ESEOTO-  9ZEETO  2220°0  (060°0) (2S€T70) (2606°0) (BELI'0) (89Z2°0) {sp9Z°0-) (0000°¢) {oooato) {cooo 0} {A =) usuon jo aby
[EP0°0 29570~ wI1°0-  1250°0  BOSTC- w06%0°C- OTOL'0- BPS0°0- SOT2°0- 9SL0°0  60£0°0- 6£:0°0  (£681°0-) {oo0aa) (o000} {H3 =) uot3esnpy s,pueqsny
0E£3°0 989170~ 05170~ 162070 666170~  9E50°D- SDOLI'O~ 6€80°0- 99EC°0- ECTI'0  Sb60°0- 85000  (0862°0-) (210970} (0000°0) (M3 =) uoLieanp3 s,241H
01£0°0  0Lp1°0-  20T0°0-  EE10°0 626070~  0290°0- (0601°0-) (TSBI'0-) (19S1°0-) (92IT°0) ({¥261°0~) (S981°0) ({0211°0-) (§E0Z'0} (2£0z°0} (n =) adusLaadx3 ueqly

v 3 8 H d a 4 Y b z W r A H3 ! | Loquds pue
uo43diLaosag B qriJep
LoquAg algecaep

{apoy [esne) @ ul (|euobieig

"1861 ‘uedep *3by buLueagpiLy) 40 USWOM PALJJETY 40} *SI|QELIRA drydestiomag pue jR100§ palsaLds 40

MO|3g) SUOLIR|34U0) PaL|dUT puR |BAIJY UBEMIAY SB0UBUALALQ Pue ([eucberg BAeqy) SuoL3e|addo] pajlduf

‘'Y 319e] xLpuaddy

- 33 -



References

Asher, Herbert B, 1976, Causal Mgdeling. Bewverly Hills: Sage Publi-
cations.

Blalock, Hubert M., Jr. 1962, "Four Variable Causal Models and Partial
Correlations,”" American Journal of Sociology, 68: 182-154,

. 1964. Causal Inferences in MNonexperimental Research.
Chapel Hi1l: University of North Carolina Press.

Boudon, Raymond. 1965. "A Method of Linear Causal Analysis: Depen-
dence Analysis," American Sociological Review, 30: 365-374.

Costner, Herbert L., and Robert K. Leik. 1964. "Deductions from 'Axio-
matic Theory,'" American Sociological Review, 29: 819-834

Duncan, Otis Dudley. 1963. "Axioms or Correlations,” American Socio-
logical Review, 28: 452,

. 1966. "Path Analysis: Sociological Examples," American
Journal of Sociology, 72: 1-16.

1975. Introduction to Structural Equation Models. New York:
Academic Press.

Goldberger, Arthur S. 1970. "“On Boudon's Method of Linear Causal
Analysis," American Sociological Review, 35: 97-101.

Heise, David R. 1975. Causal Analysis. New York: John Wiley and Sons.

Ogawa, Naohiro, and Robert W. Hodge. 1983. "Towards a Causal Model of
Childbearing and Abortion Attitudes in Contemporary Japan,"
Population Research Leads, Series No. 15. Bangkok: ESCAP, Popu-
Tation Division, 32 pp.

Wright, Sewell. 1921. "Correlation and Causation," dJournal of Agri-
cultural Research, 20: 557-585,

. 1934 "The Method of Path Coefficients," Annals of Maihe-
matical Statistics, 5: 161-215.

1960 "Path Coefficients and Path Regressions: Alternative
or Complementary Concepts?" Biometrics, 16: 189-202.

- 34 -



