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AN ALGORITHM FOR CAUSAL MODELING
IN EPIDEMIOLOGICAL STUDIES

Hirofumi Takagi*

By extending the path analytic method, a new algorithm for causal modeling in
epidemiological etiologies is developed, which is based mainly on simple correlation
coefficients.

The utility of the proposed analysis is assessed, relative to cluster analysis, factor
analysis, and multiple regression analysis. As the result of this evaluation, it is
suggested that multivariate analysis should be used together with causal modeling,
since multivariate analysis, especially factor analysis, appears to be a useful tool of
confirming the estimated causal model.

1. Introduction

The establishment of causal relationships is extremely important in the field of
epidemiology, as it is in other fields of science. As a result of many recent advances
(Blalock, 1964; Heise, 1975; Kenney, 1979), path analysis has become a very effective
procedure for developing such causal models. However, in dealing with epidemiolo-
gical data (as opposed to data generated for a controlled animal experiment), the
investigator must incorporate his own personal knowledge of the various relatlonshlps
that exist among the variables under study in order to develop a causal model. At
the outset of an observational study, one may have trouble with the selection of
items for research; that is, one may not be able to assume a priori what variables
cause the effect of interest. For example, in the case of most of chronic diseases such
as cancer, there may be many factors which potentiall yplay a causal role in the onset
of the disease — a role which cannot be evaluated until the data analysis is completed.
Of course, sometimes one may obtain information about the target disease from other
studies. However, even if one could obtain some information about the disease of
interest, the problem of developing a causal model still remains.

We have no systematic method for model development and must rely on our own '
intuition and the limited information available from other studies. Therefore, one
must frequently select the items for study in the absence of a model, and then develop
suggested causal relationships through the data analysis.

On the other hand, one could use the more sophisticated methods of multivariate
analysis. However, only a few researchers have applied them to causal analysis, even
though multivariate analysis potentially seems to be a very powerful tool for epidemio-
logical studies.

In general, it has been often said that no correlational method can establish causal
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relations (Cohen and Cohen, 1975). and that correlation does not imply causation
(Kenney, 1979). However, correlation can be used in constructing the model since
correlational analysis can suggest the relationship between the two variables under
study. Thus it seems reasonable to employ correlation coefficient in causal modeling.

Even though one may not necessarily elucidate the true structural model, mech-
anistic or biological, through the use of correlation, causal modeling can assist in the
development, modification, and extension of measurement and substantive theory
(Kenney, 1979).

As Blalock has stated, causal laws are the working hypothesis of a scientist
(Blalock, 1964). Therefore, this paper presents a new algorithm for causal modeling
in the fields of nonexperimental sciences, especially epidemiology, for someone who has
sufficient knowledge in the field.

2. Methods

First of all, we shall define the word “causation’ or “causality’’ used in this paper,
in a particular way to be, although many people have already tried to define it from
philosophical as well as statistical views. In common use of the terms, if and only if
the occurence of some event always produces a specific phenomenon after a while, the
former is called “‘cause”, and the latter “effect’”. However, it is not easy to find
and confirm such a relationship through écological studies because many systematic
investigations repeated over a long time are essentially required to confirm the relation-
ship called “causation”.

Since the effect, like cancer mortality, is always fixed, our interest is mainly
directed toward the discovery of potential variables of causes. As mentioned above,
one will be unable to confirm them through statistical analysis. Therefore, in this
paper, we shall use correlation instead of causation, and shall be satisfied with interpret-
ing such correlations as “causality’” not in a strict philosophical sense, but only in a
statistical sense.

Now, let us assume (a) that correlation indicates causality. In addition to as-
sumption (a), let us assume as well (b) that the direction of the influence of each variable
is always pointed to a specific effect variable, usually some disease, and (c) that there is
no feedback loop in the model.

Although these three assumptions may not be correct and may be too simple,
when one tries to analyze some actual data statistically, one can obtain a useful
algorithm for causal modeling by imposing them, as the first approximation, as shall
be described later.

Note that the terminology used in this paper is originally derived from path analysis
(Blalock, 1964; Heise 1975; Kenney, 1979).

The following two concepts are valuable for causal modeling.

I. Correlation and Causal Chain

Let us consider a causal chain of three variables; that is, variable X, causes variable
X, that causes variable X; in turn. This causal chain can be expressed as follows:
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X, %5 X, %5 X,

where 2 and b on the lines are called ‘“‘path coefficients’” or “structure coefficients’” in
terms of path analysis, and they are in fact theoretical regression coefficients (Heise,
1975; Kenney, 1979).

Since it is rare that all the causes of a variable can be found, another cause must
be added that represents all the unspecified causes of the endogenous variable, and this
residual term is called the “disturbance” (Kenney, 1979). '

Let us express variables X, and X; by linear regression equations respectively.
However, in order to suggest that these equations represent the causal relations, we use
the term ‘‘structure equation’ instead of regression equation (Kenney, 1979).

Structure equations of X, and X are given by

Xy =0aX;+cU (1)
and
Xy =bX,+dV 2)
where U and V are disturbances of X, and X, respectively, and ¢ and 4 represent
their coefficients. We assume that Cov (X;, U)=Cov (X;, V)=Cov(X,, V)=0.
For the sake of convenience, let us assume (e) that all variables including
disturbances are standardized, so they have zero means and unit variances.
Now, we can obtain correlations between each pair of variables.

739 = Cov(X1,X,) = Cov(Xy, aX,+cU)
= Cov(X;,aX,) +Cov(X,, cU)
= a Cov(Xy, X;)+c¢ Cov(Xy, U)
=a

since X; is a standardized random variable with unit variance, and X; and U have no
correlation because we have assumed that no systematic equation is obtained that
indicates the relationship between them.

Similarly,

Vo5 =0, 713 =ab.
Then,
V13 = V1g¥33 < 715 ANA[OT 743 3)

since correlation is less than or equal to one. Therefore, the variable put on the nearest
position in the causal chain to a specific variable should be most highly correlated with
it. By the way, those correlations are not independent of each other theoretically
because of the structure of the model. For example, the relation that 7,;=7;,7,5 is ex-
pected theoretically in the three variable causal chain. This kind of relations among
correlation coefficients is called the “restriction” in terms of path analysis (Blalock, 1964).
In general, when looking for models, all restrictions in the model should correspond to
the values obtained by the actual data, and if some discrepancies exist, the model should
be modified to correct such discrepancies.
It is easy to extend this result to more than three variables (Blalock, 1964).
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Conversely, given 7,3<<#;, and/or #,,, how could one express the causal chain ? In
this case, the casual chain cannot be determined uniquely. However, if variable X,
is the effect like cancer death, one can determine it by using assumptions (b) and (c);
that is, X; causes X, that causes X, Nevertheless, this model has a restriction as
mentioned above. If actual correlations obtained by data indicate that 7,4 is not equal
to 71974, One needs to modify the causal chain.

In general, whenever one manages more than three variables, this kind of
discrepancy must occur in the actual case.

For the modification of such a discrepancy, one should consider the addition of a
path between two variables. In this paper, we pay special attention to the path be-
tween the effect, like cancer incidence, and each variable.

II. Direct Effect

When variable Z is linked to variable W in the process of causal modeling, we need
to estimate the direct effect of Z on Y.

Let us assume that p variables, say X;, X,,...., X,, cause Y directly, and that all
variables are standardized as mentioned in assumption (e). Whether variable W is
included in these p variables or not does not influence the result, although W should
be at least linked directly to one of these p variables or Y. Thus, there are $+1 vari-
ables that are assumed to cause Y directly; that is, X;, X,,- -, X,, and Z.

Therefore, the structure equation of Y is given by

Y — :’ZIDka-I-D,Z—{—eU (4)

where Dy and D, represent direct effects of X, (=1, 2,--, ) and Z respectively, and
U is a disturbance influencing Y.

Using equation (4), one can obtain correlations of Y with W and Z. Since the
distrubance of Y is assumed to have no correlation with any variable except Y,

\ »
Yy = Cov(Y, W) = Cov (’EleXk—{—D,Z-l—eU, W)

Dy, Cov(Xy, W)+D, Cov(Z, W) +e Cov(U, W)
1

T

Dy 14 +D, 7y, (5)

I
M-

k=1

and similarly

b
Vyy = EIDI: The+ D, (6)

On the other hand, since Z can be related to X; (k=1, 2,---, p) only through W,
we can use the concept of a three-variable causal chain. Therefore, the following
equation holds,

Yex=Vbw Vwz (k=1, 2, 9) (7)
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By substituting equation (7) into equation (6),
2
, Yye = Yws (kz_lle 7’kw) +Dx (8)

Using equations (5) and (8), the direct effect of Z is given by

D 7yx’—"yw Vws
2

T ¥

After all, equation (9) corresponds to the standard partial regression coefficient of
Z in the case of multiple regression analysis of ¥ on two variables W and Z. Note
that the direct effect of each variable may be changed after a new variable is included
in the model, so that one needs to estimate all coefficients when the causal model under
study is finally obtained. ‘ ‘

To test whether the direct effect of Z is nonzero, one can apply the method for
testing a partial regression coefficient. Therefore, one computes,

V'n—3 (ryz“”'yw Twz)

b=
v 12— 2Ty 2+ 2 oy Vs Vs

(10)

and refer ¢ to a Student’s ¢ distribution with #-3 degrees of freedom, where # is the
sample size. Alternatively, equation (10) can be easily obtained from the formula for a
test of the first order partial correlation between Y and Z holding W fixed.

If the value for ¢ is less than a given significance level, one can neglect the direct
path from Z to Y.

Now, applying the above concepts, the algorithm for causal modeling shall be
described in the following section.

III.  Algorithm for Causal M oieling

The algorithm for causal modeling is described here, and an example is worked
simultanously, using the data in Table 1, in which correlations are calculated by the
use of some model that is presumed artificially in order to check the algorithm and

Table 1

Correlation matrix
X .180 i
X, .40 .025
X, .439 .300 .061
X, . 042 .008 .300 .018
X5 .324 . 200 . 045 . 060 .014
X .185 .000 . 026 . 200 . 008 . 000
X, .019 .003 . 138 . 008 . 405 . 006 004
Xs .374 . 000 . 052 . 060 .016 . 000 . 300 . 007
X, .028 .005 . 200 .012 . 060 .009 . 005 .114 .010

X1 .008 .001 . 060 . 004 .018 . 003 . 001 .307 . 003 . 300
Y X1 Xg Xs X4 Xa Xq X7 XB -X9

* Sample size is assumed to be 100
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compare the result with other methods of multivariate analysis.
Step T Select the variable most highly correlated with Y.

This step is directly derived from the concept of a causal chain. Thus, variable X,
can be selected because of its highest correlation with ¥. This step is shown in Table
2 and Figure 1-a. In this example, the statistical significance level is set at 0.05.

(a) (b) (e)

Xs
X
3 ~ i .
Xg=———>Y < / Y Xg —————>
8
Xs
(d) (e)
Xs Xs
i \ \
X Xs /Y X Xs /Y
Xs Xs

Fig. 1 The process of causal modeling

Step 2 Select the variable most highly correlated with ¥ or one of the variables
already selected. If the new variable is not linked directly to Y, then compute
the direct effect on Y by equation (9) and test the effect by equation (10); if the
direct effect is significant, draw the path from the variable to Y.

This step consists of two parts; one concerns the selection of a variable by using

the concept of causal chain, and the other is about the direct effect of the variable on Y.
Variable X, for example, can be selected as shown in Table 2, and one does not

need to calculate the direct effect because of its direct linkage to Y.

Table 2
Process of causal linkage

Correlation [ b Direct t »

Step  Linkage fhcient (df—98)

1 XY 0.439 4.837 <0.001 — — —
2 XY 0.374 3.992 <0.001 — — —
3 Xs—>Y 0.324 3.390 0.001 - - —
4 XX, 0. 300 3.113 0.002 0.053 0.556 0. 580
5 X, X 0.300 3.113 0.002 - 0.080 0.813 0.418*
6 X,—~Y 0. 140 1.400 0. 165**

* No direct path exists.
** X, can be excluded from the model.

Step 3 Repeat Step 2 until a given significance level is unsatisfied with respect to the
correlation coefficient between two variables.
This step is for the continuation and stopping of the selection of a variable.
We would continue the selection of variables and develop the model. Variable X
has the highest correlation with Y, 0.324, therefore, X is selected and added into the
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model as shown in Figure 1-c. Next, one needs to find the variable that is most
highly correlated with Y, X,, Xg, or Xj. Variable X, can be found since it has the
highest correlation with X, 0.300. In this case, one needs to compute the direct
effect of X, because it is linked to X, but not to Y. As shown in Table 2, the direct
effect is not statistically significant (the probability is greater than 0.05). So, one can
neglect the direct path from X; to Y. This means that X, causes Y indirectly only
through variable X;. It can be shown that the situation of variable X is exactly the
same as that of X;, as shown in Table 2.

Finally, variable X, is selected, but its correlation with Y, 0.140, does not satisty
the statistical significance level. Therefore, X, is excluded from the model, and the
procedure of selection is stopped.

These processes are shown in Table 2, and causal models at each step are also

shown in Figure 1.

Step 4 Solve all path coefficients in the obtained model mathematically, and examine
the restrictions of correlations conditioned by the estimated model. If one finds
any discrepancies of the restrictions, modify the model to correct the
discrepancies. :

For instance, let us consider the model shown in Figure 2-a, which is derived from

the model shown in Figure 1-e by adding the disturbances of Y, Xj, and X

(a) Xx'——'——> Xs U

//

W
Fig. 2 Estimated causal models
* U,V, and W express disturbances influencing Y, X,

’

and X, respectively

Structure equations are given by
Y =bXgtcX;teXs+gU (11)
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Xg=aX+fV (12)
and
Xg=dX;+hW (13)

By using equations (11), (12), and (13), all of the possible correlations between each
pair of variables can be expressed by path coefficients and correlation coefficients.
However, some correlations can not be expressed by using the equations. These cor-
relations are assumed to be zero, and also called ‘restrictions”. For example, the
correlation between X, and X, cannot be expressed because there is no equation that
indicates the relationship between them. Therefore, it is presumed that #,,=0.
Similarly, seven other simple correlations are expected to be zero as shown in Table 3.
Moreover, relations among some correlations may show the other types of restrictions
like that a first order partial correlation being equal to zero. For instance, by using
equation (11), it is shown that #,,=b 745, and that 7,=>0. These relations indicate
that #,,=7,5 715, 7.¢., #;.3=0. Similarly, one finds as well that 7,,,;=0 as shown in
Table 3.

Table 3
Restrictions of correlation coefficients concerning two models
Model (a) Model (b)
Expected  Real Expected Real
ris =0  0,200% 7165 =0 —0.064
Yig = 0.000 ¥18.6 =() 0. 000
713 =0  0.000 ¥a5r1 =0 0.000
Ygs = 0.060 738.6 =0 0. 000
s =0  0.200% 7565 =0 —0.012
¥ — 0. 060 V58.6 =0 0. 000
Vs — 0. 000 7y1.35 =0 —0. 008
758 =0 0.000 "’ys-ss =0 —0.004

7y1s=0  0.056
7y.s=0  0.082

* $<0.05

In comparison with actual correlations, one finds that two discrepancies of restric-
~ tions occur; that is, 7340, and 740 as shown in Table 3.

Therefore, one should assume correlations between X; and X;, and X, and X,
respectively, so that the model should be modified as shown in Figure 2-b, where
double arrowhead curves indicate correlations between two variables.

Again, one should examine all of the restrictions in the new model, considering the
conditions that 7;;==0, and that 7g=0. In this case, three structure equations are
not changed, but since two correlations are assumed nonzero as mentioned above, it
may be difficult to obtain all of the restrictions but not impossible.

Alternatively, one can assume directions for each path between causal variables,
and examine the restrictions in each model. If one prefers this method, one obtains
four different models and may find the most suitable model through examining the
restrictions. Probably this method is better than only assuming correlations., How-
ever, one needs to examine each model one by one, so that we decide to analyze the first
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model as shown in Figure 2-b because of the limitation of the space of this paper.

To find all of the restrictions, it may be necessary to solve some complicated
equations. However, if one knows the method of path analysis, it is easy to obtain
them at a glance. Therefore, the references concerning path analysis are recommended
(Blalock, 1964; Heise, 1975; Kenney, 1979).

As a result, the restrictions in the model are obtained as shown in Table 3, and
are almost satisfactory in statistical sense.

What remains is to estimate all of the path coefficients in the model. By using
equations (11), (12), and (13), and considering that 7,520, and that 750, all solu-
tions can be obtained mathematically as shown in Table 4.

Table 4
Solutions of path coefficients

@ = 13 = ¥10/738 = Ya5/715 = 50/ 715730 = "18/7ae¥s8
= ¥5/715"36¥ 68 = "18/7s8 = V5a/¥ 15738
d = V45 = Yaa/¥s5 = ¥18/713%36 = 58/ "15715¥ 36 = "18/718 = V58/ 756

= V5a/715716 = V15"18/ V35736 = V58/7as"s6 = Y1516/ 750

7y3(1'7§8) ¥ys”35 Tys¥as ’ya(l“"’iﬁ) Y9113 7y6¥38
T (k) 1-rds 1 (—ria) (k) 1-7ds 17
- ”ys(l—ﬁa) _ Tythis  Tydss ___”y1(1—f'§e)—1’ys"15(1—'7§6)_ Yye¥3e
(1-1fs) (1—rfs)  1—1%s = 173 715(1—7%5) (1-736) 1—r3,
_ "yl(l""%s) —7'y57'15(1—7?8) _ Vyde ys(l—f'is) —73/87'6&(1“'7%6) _ T"1s
T (e (1=vks) 1rds  rye(1=rka) (1—73e) 1—r2s
7y3(l—7§e) _ Yyt Yye¥36 - ”ye(l""'ga) ‘Vys"os(l"""ge) _ Vysss
(13 (1=#3s)  1-vks  1-73s 730 (1—755) (1—7%s) 1—73s
Yys—Vya¥ss _ Yy1—Tyl1s Vs V91¥1s
- 175 B 715(1—”%3) - 1""%5
_ Yy1 _ has ”ye(l""’ga) —”ys"es(l—f’ge)
#35(1—71s) *15%368 (1—713) (1—78s)
. Tys  7gs "ys(l-"%s) ""Vys’ss(l—f'gs)
S 1 re (1=rde) (1-vhe)
o= Yya—Vys¥ss _ Tye~Tydfus 7y6 _ Tse ."y1(1’“”285) "‘"ys”u(l—’%s)
1-73s Yoa(l—78s)  7es(1=786) 71 (1~#%5) (1~735)
_ Fys e 'yyl(l"”gﬁ)—7y57'15(1'“47%8) _ Yys—¥ye’es
T 1o (1—#%5) (1—73s) T 1k
fi=1-a? = 1—brys—Crys—eyg B2 = 1—drg
a = 0,227 b=0,393 ¢ = 0,296 d=0,326 e=0,348
f=10,974 g=0776 1 =0950

Because there are many different estimates for a path coefficient, one might
compute the mean value of the estimates for each path coefficient. This method is
applied to the estimates of coefficients b, ¢, and ¢. However, if denominator in a
solution includes a zero correlation, or if the numerator has a zero correlation, the
estimate will be erroneous, that is, no solution or substantial underestimate. To avoid
these problems, one should calculate a ratio of the sum of all numerators and the sum
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of all denominators in the solutions to obtain a combined estimate of each path
coefficient (Kenney, 1979). This method is applied to the estimates of coefficients
@ and 4.

All final estimates are shown at the bottom of Table 4. The actual model used
for this example is shown in Figure 3.

/ \ IIJ ]l:‘
0.3 % X 02 X,
7
N 0.3
v — 0.4 \
0.2 0.3 N I,

z / 0’?/
X 04 X,
El E,

Fig. 3 Causal model presumed for example

* Broken line indicates insignificant correlation, and coefficients
of disturbances are omitted

Compared with the model assumed initially, it seems that all of the paths in the
obtained model are corresponding except two paths between X, and X;, and X, and X,
although their correlations can be accounted for the model. Because of these two
uncertainties, we could not obtain precise values for « and d. However, this problem
could be solved by our endeavor to find the most suitable directions of these paths as
explained before, even though we did not try to do it here.

According to the example above, it seems that the algorithm proposed in this
article is useful for building a causal model.

In order to explain these steps, the flow chart of the algorithm for causal model-
ing is shown in Figure 4.

3. Discussion

With respect to the algorithm proposed in this article, two basic assumptions are
essential; one concerns the relationship between correlation and causal chain, and the
other the direct effect of a variable on a specific variable. Although both of the
assumptions appear to be reasonable to develop a causal model, it may be said that no
attention is paid to the various mutual relationships among causal variables. How-
ever, it is possible to modify the discrepancies of correlations assumed by the model
after the first modeling is finished as mentioned before. Alternatively, it may be
thought that all possible combinations of variables should be examined, and that the
most suitable model should be found. Even though one could try this method if the
number of variables is comparatively small, it must be hard work to examine all
correlations and decide on the existence and direction of each path. Nevertheless, this
kind. of method may be necessary for advanced modeling. Also, general problems of
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any
variable
remains

No

select X 4 mel?lns one of find all
i es I ieti
data o =Max (| r,;|)| Yoriavies restrictions
i Y1 included in in the model
collection the model.

l

calculate
correlation
coefficients

j’ modify
select X; the model
fyi?WI?X(Iryj )]
Yes estimate

all path  |e—|
coefficients

significant No L
compute think
direct . a
effect of Xk hypothesis

significant

draw a path
from X
to Y

next study

Fig. 4 Algorithm for causal modeling

causal analysis, like “‘time-lag”, are not considered in this paper; the interested
reader should consult the references (Blalock, 1964; Heise, 1975; Kenney, 1979;
Cohen and Cohen, 1975).

Let us compare some methods related to causal analysis and the algorithm proposed
here.

First of all, it is suggested that the algorithm described may have the same
process as one of the hierarchical methods for cluster analysis, called the single linkage
method (Sneath, 1957; Johnson, 1967). However, the only similarity is to link two
variables together that have the highest correlation at each step. The main purpose
of cluster analysis, of course, is to classify variables or individuals, but that of causal
modeling is to build the causal structure concerning the effect like cancer death.
Not only linking variables but also considering the direction of the influence of each
variable are necessary for causal modeling. Therefore, as explained before, the
procedure is essentially more complicated than the single linkage method. However,
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it is true that cluster analysis could be also useful to detect the potential risk factors
through classifying the variables. In fact, Burbank applied cluster analysis to various
cancer mortality data in the United States, and could suggest some factors as causes of
cancer (Burbank, 1972).

Figure 5 shows the result of cluster analysis applied to the data in Table 1. Even
though five variables X, X, X;, X, and X, related to Y could be selected, it seems to
be difficult to decide the causal linkages.

0.140
0.300 0.300
0.324 0.307
0374
0.405
0.439

Y X5 Xe X5 Xi X X Xr Xn Xe Xo

Fig. 5 Cluster analysis of eleven variables by means of single linkage method
# Numerical values indicate correlation coefficients,

Generally speaking, it is difficult to interpret the result of cluster analysis in terms
of causality. Because the purpose is only to combine variables, it may be necessary to
obtain many other information for the interpretétion. On the other hand, the
results of causal modeling like path analysis are straightfoward.

Factor analysis may also be a powerful way to detect risk factors. Some applica-
tions of factor analysis have been reported in the epidemiological field (Howell, 1974;
Inaba et al, 1975; Yanai et al, 1978; Yanai et al, 1979). Even though factor
analysis needs sophisticated techniques and sometimes intuition whenever one tries
to explain the extracted factors, one could obtain significant suggestions. Therefore,
the author compared the results of factor analysis applied to the data in Table 1 with
those of causal modeling. The results of factor analysis are shown in Table 5 and
Figure 6, which are calculated by means of the varimax method with iterations by
the use of SPSS (Nie et al., 1975).

The results seem to obviously correspond to those of the causal model described
before, although the expression of the results of factor analysis is different from the
model presumed. ‘

In Figure 6, one can realize tha{t two factors cause Y; one is related with variables
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Table 5

Factor loadings of eleven variables by means of
Varimax method

Var. F-1% F-2 F-3
Y 0. 655 0.475 0.070
X, 0.541 0.147 0.022
X, 0.433 —0.052 0.004
X, 0. 354 0.012 0.023
X, —0.011 0.771 0.023
X, - 0.085 0.375 0.008
X, —0.028 -0.018 0. 667
X, 0.019 0.009 0.509
X, 0.105 0.068 0.357
X5 —0.019 —0.012 0.354
X, 0.014 0.007 0.296

* T stands for Factor.

Xy

\ X
X -“\

121 : X,

2

\
N4

N Xs

Fig. 6 TFactor analysis model

* F,, F,, and Fy are common factors, and unique factors are
omitted. Broken lines indicate low factor loadings,

X, X, X5, and Y, and the other with variables Xg, X, and Y. Besides, the factor
related with variables X,, X,, X;, X,, and X,, is not connected with ¥. Accordingly,
one can select variables as causes of Y by the use of factor analysis as well as by the
algorithm proposed here, and also could understand that there are two different routes
that influence Y.

It appears to be indicated that factor analysis can help us to detect risk factors and
confirm the estimated causal model. As Howell has stated (Howell, 1974) factor analysis
could prove to be a useful and powerful epidemiological tool, and also Yanai et al.
described its utility in detail from an epidemiological point of view (Yanai et al., 1978).

Therefore, if possible, we might also apply factor analysis to the detection of
causal relations. |

In general, it is said that the method of path analysis is related with multiple
regression analysis to a great extent. As for multiple regression analysis, some resear-
chers have applied it to detecting and evaluating risk factors as causes of cancer
mortality, and could obtain some significant results (Armstrong and Doll, 1975; Hems,
1970; Hogan et al, 1979; Yanai et al, 1979). Accordingly, multiple regression
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analysis should be clearly thought of as one of the powerful epidemiological tools.
For trial, the author applied this method to the data in Table 1 by the use of SPSS
(Nie et al.,, 1975).

‘Whereas variables X3, X, and X could be selected by a stepwise procedure and
their partial regression coefficients could be estimated exactly, variable X; and X,
could not be selected because of their insignificant coefficients.

In the case of multiple regression analysis, despite the fact that direct effects of
independent variables on a dependent variable can be precisely evaluated, variables
that are only indirect cause of the effect through other variables can never be taken
into account theoretically. However, indirect effects have important roles for con-
sidering -causal linkages. Therefore, it is not enough to depend only on multiple
regression analysis with respect to the evaluations of variables as causes of a specific
disease.

As a matter of fact, the algorithm described in this article may have to be thought
of as one of a set of epidemiological tools to build a causal model, and by using other
methods like cluster analysis, factor analysis, and/or multiple regression analysis, one
could confirm and elucidate the estimated causal model.
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