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ABSTRACT

priority and importance.

Legal analysis is one of the important methods to study the interrelationships between two types of variables.
An important use of this analysis is to reduce the data. Many studies use this analysis as a way to study the
interrelationships between two types of variables. There have been no empirical studies of the use of legal analysis
as a method. From my point of view, this study aims to shed light on how to use legal analysis as a means of factor
analysis, and to show how to apply it in this field by dealing with a practical problem in the active field. The applied
problem includes the study of factorial analysis, the principal-components method, the path-analysis method, and the
compatibility between them on two types of data, represented by identifying the factors associated with diabetes and
then identifying the variables that affect the rise in the measurement of sugar two hours after eating, according to
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1. INTRODUCTION

When studying any phenomenon, the relationship between the
variables that control its formation can be expressed through
multiple statistical measures. Some depend on simple meth-
ods, including the correlation coefficient, which determines
the degree and nature of the relationship between variables.
Despite the importance of correlation coefficients, the pres-
ence of a large number of variables affecting or involved in
the formation of a phenomenon makes these coefficients dif-
ficult to interpret efficiently and easily. First, there are many
coefficients; second, each coefficient measures the degree and
type of relationship between only two variables, which conse-
quently creates interrelationships with other variables [1, 2].
Hence, statistical methods are needed to enable researchers
to solve this problem, the most prominent of which is factor
analysis. Owing to researchers’ interest in factor analysis,
several definitions have been proposed. It may be defined as:

* astatistical method that helps the researcher study different
variables (complex phenomena) after referring them to the
most important factors that affected them;

* a statistical method that aims to study complex phenomena
and extract the most important factors linked by analysing
the correlation coefficients among the variables of the stud-
ied phenomenon,;

e a multivariate method used to analyse a correlation-
coefficient matrix or covariance matrix to obtain an accu-
rate interpretation of relationships among variables through
common factors, which are also variables but are fewer
than the original variables; and

* a branch of applied statistics that seeks a linear solution for
a set of variables in a small number of factors.

1.1 Research Objective

This research mainly aims to demonstrate how path analysis
and principal components can be used to reduce data while
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considering several independent variables (Xs) in addition to
a number of variables (Y's). The implementation mechanism
and its steps are presented through a practical application that
studies the most important factors affecting diabetes.

2. PRINCIPAL COMPONENTS ANALYSIS: PCA

This analysis is based on reducing a large number of ex-
planatory variables, Xs, to a smaller number of unrelated
theoretical compounds called “principal compounds,” while
ensuring the lowest possible loss of information [3, 4, 5].
The principal components are linear combinations of these
Xs. It is important that the units of measurement are equal;
otherwise, standard values must be used to transform the
matrix X of order n x k, where X = [X;;], i=1,2,...,n and
j=1,2,...,k, to the standard-value matrix Z = [Z;;] of the
same order:

Zij= = (D

K n
Y Y7z =k
j=li=1

Thus, Z'Z is the matrix of simple correlations R among the
explanatory variables X1, X>,...,X; thatis, R = Z/Z.

The eigenvalues are denoted by A4; and the eigenvectors by
aj, where a’; = [a1 azj azj -+ a;]. The values of A; are the
solutions of

R — A1 =0,gquadA; > Ar > --- > Ag > 0. 2
Each eigenvalue A, is associated with an eigenvector a; satis-
fying

(R—ADa; =0, j=123,...,k 3)

with the condition a’ja ;= 1. The vectors a; are then used
to re-express the principal components F; in terms of the
standard variables Z;:

Fj:aljZI—|—a2ng+---+aijk:a;-Z. @)

The Fj corresponding to the largest eigenvalue A; is called
the first principal component, and it explains the largest pro-
portion of the total variance in the standard data set Z;. The
total variance is Zj-(z 1A =K.

Not all principal components need to be used to explain the
studied phenomenon. Several selection rules may be applied,
although there is no general agreement on one method. Some
researchers retain eigenvalues greater than one. Others sug-
gest that the selected components should explain at least 70%
of the total variance. In other words, the first four or five prin-
cipal components with the greatest contribution are selected
subject to

YA

Another proposal requires the cumulative proportion of total
variance for the first five or six principal components to be
between 75% and 80%.

2.1 Characterization of a Principal Component for Projec-
tion Pursuit

2.1.1 Projection Pursuit

Friedman and Tukey used the term appropriate projection
for a technique in multivariate-data analysis. This statistical
method addresses the problem of diagnosing the structure of
high-dimensional data by projecting the data onto a lower-
dimensional subspace, searching for orthogonal projections,
and selecting the best one [6, 7].

To clarify the projection-vector concept, assume that Z and V

are vectors and that Z is projected onto the non-zero vector
V. If the angle between them is 0, the projection vector W is

v
W= [|W]- < Q)
IV
When W points in the direction opposite to V,
A%
W:—HWIIM, Wl = lIZ][[cos 6] (6)

For linearly independent vectors (V1,V2,..., V), the orthog-
onal vectors (hy,hy,... h,) are obtained by

V' h,_, V' hy
h =V, —— 2P p .2 7
14 p h;_lhpfl p—1 h/lh1 1 @)

The corresponding orthogonal projections are

lel, 2:£’ . Wp:hip.
([ ] [[ha| [y |
In 1985, Guoying and Zhonglian considered PCA a special
case of projection pursuit. The first eigenvector correspond-
ing to the first characteristic root is the best suitable projection
for revealing the structure of multivariate data while reducing
the range of its variables. Accordingly, the appropriate pro-
jection is the first eigenvector a), whose component has the
largest variance ratio among the principal components.

2.1.2 Importance of PCA in Determining Projection Pursuit

The appropriate projection can be determined through PCA
because it has the lowest maximum-likelihood function under
the assumption that the matrix X has a normal distribution.
Let the likelihood of X be L(X;U,X,b), with normal dis-
tribution N(bU,bXb’). Here, U is the vector of population
means for the explanatory variables, X is the population co-
variance matrix, and by, € R? is a projection vector. The
maximum-likelihood estimators are

The maximum-likelihood function for b is

L(b) = max L(x; U, Z,b),
(b) rgleX(XU )

which can be found from the following development:
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_ 1 a1
f(x“-n,xp)—(ZE)p/z‘i‘l/zexp[ Jx-0E (-0,
] ]l‘L ~1
Le(xy,....x)) = —————exp|—= Y (x;—U)T (x,—U)|,
)= e p[ Y -0E -

logL = —%log(Zn) — glog|f| - %,

n 27n n
logL(b) = —3 {p—i—plog(mﬂ - Elog|bSb'|7

L(b) = —g {ﬁ;ﬂog(%)} - g10g|bSb’|.
(3)
Thus, if [bSb’| increases, the maximum-likelihood function
for b decreases. Assuming that the appropriate projection ex-
tracted from PCA is V, it has the lowest maximum-likelihood
function where

V= ml?x{bSb'}.

Hence, V is equal to the first eigenvector because its compo-
nent has the largest variance ratio among all principal compo-
nents.

2.2 Choosing the Number of Principal Components

Several methods determine the number of principal compo-
nents included in the analysis; the most important are as
follows [8, 9].

2.2.1 Jolliffe Method

Jolliffe (1972) discussed four rules for determining the prin-
cipal components retained in the analysis: Bl BACKWARD,
B1 FORWARD, B2, and B4. Both B1 rules start by choosing
a value Ay and determining the characteristic roots greater
than Ag. Under B1 BACKWARD, the process starts by enter-
ing the last principal component corresponding to the smallest
characteristic root greater than Ag. Under Bl FORWARD,
the principal component corresponding to the largest charac-
teristic root greater than Ay is entered. For both rules, PCA
is repeated and roots greater than Ay are extracted until no
such root remains. The B2 rule specifies a one-time PCA
procedure in which the components corresponding to roots
greater than A are selected and the remaining components
are neglected.

Jolliffe criticised Bl BACKWARD and B1 FORWARD be-
cause they take a long time to apply, and emphasised that B2
and B4 are suitable methods. In 1958, Kaiser set A9 = 1, but
Jolliffe argued that this value often neglects many important
variables and leaves a small explained-variance proportion
that does not reflect the studied phenomenon. Jolliffe there-
fore suggested A9 = 0.7: principal components corresponding
to characteristic roots greater than 0.7 enter the analysis, and
the rest are neglected.

2.2.2 Scree Diagram Method

Cattell (1965) proposed this method and called it SCREE
because of the shape produced by plotting the characteristic-
root values on the vertical axis against the root number on
the horizontal axis. The upper part of the “rock” represents
the important characteristic roots, whereas the lower surface
rests on unimportant roots.

Jolliffe (1986) developed the method by plotting the loga-

rithm of each characteristic root against its number i. The
number of principal components selected equals the value of
i corresponding to an elbow in the curve. The elbow marks
the point at which large characteristic roots end and small
roots begin; the components of the latter are excluded.

2.2.3 Bartlett Method

Bartlett developed a formula in 1951 to test the equality of
the last p — k characteristic roots extracted from the variance
matrix:

2% =(n—1)(p—k)log (Zz) ©

where p is the number of explanatory variables, k is the
number of the last distinct root entering the analysis, ag is the
arithmetic mean of all characteristic roots excluded from the
analysis, and gy is their geometric mean.

The preceding statistic was assumed to have an approximate
xz distribution. In 1979, K. V. Mardia showed that it did not,
and corrected it by adjusting n. Based on the roots extracted
from the covariance matrix, the corrected formula is

X2 =n'(p—k)log (ao) (10)
80
It is used to test

The calculated value is

x> =n'(p—k)log (“0) , (11)
80
where

2l
6 )

g0 = (AkH---lp)l/("‘k).

Ay +--+4,
aqp=—--——=
p—k

)

If the calculated 2 is less than the tabulated value with %( p—
k+2)(p —k—1) degrees of freedom, Hy is accepted. The
principal components corresponding to those roots are then
equal in their proportions of total variance and are neglected.

3. PATH ANALYSIS

Path analysis is a method for analysing relationships by mea-
suring the degree of interdependence among variables and
decomposing it into direct and indirect effects. It relies mainly
on analysing relationships among variables in causal models
based on scientific theories or logical foundations. This does
not mean that the researcher proves cause and effect between
the variables; the existence of a relationship between two
variables does not imply that the independent variable causes
the dependent variable or that the dependent variable is a
consequence of the independent variable [10, 11].

Path analysis of causal models does not depart from this logic.
It does not attempt to prove a cause or effect among variables,
although it allows the researcher to think causally. As Blalock
(1961) stated, causal thinking belongs at theoretical levels
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where causal laws cannot be translated experimentally, but
researchers may still think causally and build causal models
that allow relationships to be understood and tested indirectly.
Wright likewise stated that path analysis does not derive a
causal relationship among a group of variables from correla-
tion coefficients; instead, it applies a data-analysis method to
a causal model assumed on a specific theoretical basis.

The analysis helps determine whether relationships among
variables are causal or spurious by dividing the correlation
coefficient into its primary components, revealing indirect
effects and the proportion of spurious effects in total effects
(direct and indirect). The method has the basic assumptions of
ordinary least squares (OLS), but uses correlations instead of
covariances. All estimated coefficients are therefore standard
regression coefficients [12, 13].

The assumptions of path analysis are:

1. relationships among variables are linear;

2. relationships are additive, with no interaction among vari-
ables;

3. residual variables are unrelated to one another or to other
variables in the assumed model, so correlations between
residuals and all external variables equal zero;

4. causal relationships are unidirectional and reciprocal rela-
tionships are excluded;

5. time sequence is considered when arranging variables
according to causal priority; and

6. all changes in the model are numerical.

3.1 General Concepts Used in Path Analysis

The following concepts are used in the path-analysis
model [14, 15]:

* Endogenous variable: a variable whose differences are
determined by causes (variables) located outside or within
the causal model.

* Exogenous variable: a variable whose differences are
determined by variables outside the scope of the causal
mathematical model. No attempt is made to identify ex-
ternal variables or clarify their relationships with the other
variables in the model.

* Internal variable: a variable treated as dependent for one
group of variables and appearing as an explanatory (in-
dependent) variable in another group; the model includes
internal and external variables simultaneously.

* Measured variable: an internal or external variable appear-
ing in the causal model. Random error is an unmeasured
variable appended to an internal variable in the path di-
agram to account for changes not explained by external
variables; it is commonly called a latent variable.

* Direct effect: part of the total effect expressing the direct
influence of a group of causal variables on the affected
variable while intermediate variables are held constant.

* Indirect effect: part of the total effect expressing the in-
fluence of causal variables through a group of intermediate
variables.

* Path coefficient: the standard regression coefficient, or
beta weight, indicating the direct impact of external variable
Jj as a cause on internal variable 7 as a result. It expresses
the expected change in one variable resulting from a one-
standard-deviation change in another variable after all other
variables are held constant.

The path coefficient is usually denoted by p with two lower-
case letters or two numbers. The first identifies the internal
variable (result), and the second identifies the external vari-
able (cause), so it is written P;.

3.2 Applied Part

Factor analysis, the principal-components method, and path
analysis were applied and matched to the data to identify
factors associated with diabetes and then identify variables
affecting increases in blood-sugar levels.

3.2.1 Population Frame and Data-Collection Method

The population frame comprised diabetic patients attending
Al-Kindi Hospital/Specialized Center for Endocrinology and
Diabetes. Data were collected through personal interviews
and recorded in a patient-information form containing the
following variables:

Y blood-sugar measurement two hours after eating;
X sex;
X> age;

X3 body mass index (weight divided by the square of
height in metres);

X4 profession;

X5 marital status;

X6 years since diabetes was diagnosed;

X7 blood-sugar level when diabetes was first diagnosed;

X3 whether any family member has diabetes;

Xo description of health status;

Xio  whether a doctor is consulted to monitor diabetes;

Xi1  method used to control diabetes;
X12  whether the patient exercises after developing dia-
betes;

X3 the most difficult diabetes treatment to follow;

X124 whether sugar is measured at the specified times;

X5  whether sugar is measured before or after food;

Xi¢  duration of adherence to the diet;

X17  whether eating habits changed after diabetes;

Xj3  numbness and pain in the lower extremities;

X19  type of bread eaten;

Xp0  getting up at night to urinate more than three times;

X1  thirst;

Xy poor appetite;

X»3  weight loss or gain since diabetes;

X»4  occurrence of hypoglycaemia;

X»s  eye diseases during diabetes;

X6 vascular sclerosis;

X7 weak sexual ability;

Xpg  stroke;

Xo9  excess fat;

X3p  reason for hospital admission;

X31  number of hospital admissions;

X3>  diagnosis of high blood pressure;

X33 kidney problems after diabetes;

X34  amputation;

X35 ideal blood-sugar percentage before food;

X36  ideal blood-sugar percentage two hours after eating;
and
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X37  whether doctors explained signs of increased sugar
(frequent urination and dry mouth) or decreased sugar
(palpitations, tremor, sweating, loss of concentration,
and fainting).

Patients with diabetes were selected completely at random.
Each patient attending the specialised centre during data col-
lection from 4/12/2023 to 11/1/2024 was within the popula-
tion frame, without restricting the sample to a specific group
of females or males. The study included 315 patients.

4. RESULTS OF THE PRINCIPAL COMPONENTS
ANALYSIS AND THEIR INTERPRETATION

Table 1. Communalities of the explanatory variables in the principal
components.

Variable Communality Variable = Communality
Xi .890 Xi7 .867
Xz 157 Xis .665
X3 .600 Xi9 .555
Xy 515 Xa0 571
Xs 741 X> 716
Xe 723 X 442
X7 462 Xa3 612
Xg .530 Xo4 .656
Xo .685 Xos 486
X0 .568 Xa6 .532
X1 .640 Xa7 901
X2 525 X8 533
Xi3 .539 Xa9 .676
X4 702 X30 .868
Xis .605 X3 .832
Xl6 845 X32 .636
X33 .664

Table 2. Characteristic roots and variance ratios for each component.

Component Cumulative Variance (%) Root
1 12.959 12.959 4.795
2 20.822 7.863 2.909
3 27.331 6.510 2.409
4 33.063 5.732 2.121
5 37.507 4.443 1.644
6 41.805 4.298 1.590
7 45.906 4.101 1.517
8 49.591 3.685 1.363
9 53.078 3.487 1.290
10 56.448 3.370 1.247
11 59.595 3.147 1.164
12 62.533 2.938 1.087
13 65.368 2.835 1.049

After analysing the simple correlation matrix, thirteen princi-
pal components were distinguished by retaining characteristic
roots greater than one. Together, they explain 65.368% of the
total variance. Variables affecting each component were dis-
tinguished through the rotated-factor matrix; loadings greater
than or equal to 0.5 were treated as significant. The factors
are interpreted as follows:

* First factor (12.959%): includes X3 (reason for hospital
admission) and X3; (number of hospital admissions), and
is called the hospitalisation factor.

* Second factor (7.863%): includes significant effects for Xg
(years since diabetes diagnosis) and Xg (health-condition
description), with an opposite significant effect for X;g

(numbness and pain in the lower extremities). It is called
the health-condition factor.

* Third factor (6.510%): includes four variables, with sig-
nificant effects for X4 (occupation) and X5 (marital status),
as well as the variable concerning whether signs of in-
creased or decreased diabetes were explained. It is called
the psychological-state factor.

¢ Fourth factor (5.732%): includes X (sex), X, (exercise
after diabetes), and X7 (poor sexual ability). It is called
the gender factor.

¢ Fifth factor (4.443%): includes X4 (duration of the diet)
and X7 (change in eating habits after diabetes). It is called
the diet factor.

* Sixth factor (4.298%): includes X35 (ideal sugar level
before food) and X3¢ (ideal sugar level two hours after
eating). It is called the ideal-sugar-percentage factor.

* Seventh factor (4.101%): includes X7 (sugar level at first
diagnosis), X3, (diagnosis of blood pressure), and X33 (kid-
ney problems after diabetes). It is called the diabetes-
associated-diseases factor.

* Eighth factor (3.487%): includes X4 (measuring sugar
at specified times) and an inverse significant effect for X5
(measuring sugar before or after food). It is called the
sugar-measurement factor.

* Ninth factor (3.370%): includes X5 (getting up at night to
urinate more than three times) and X; (thirst). It is called
the high-blood-sugar-symptoms factor.

¢ Tenth factor (3.685 % ): includes X,¢ (vascular sclerosis),
Xpg (stroke), and X34 (amputation). It is called the arterial-
disease factor.

¢ Eleventh factor (3.147%): includes X4 (hypoglycaemia)
and an opposite significant effect for X;; (method used to
control diabetes). It is called the treatment-type factor.

¢ Twelfth factor (2.938%): includes X9 (increase in fats).
It is called the increased-fats factor.

 Thirteenth factor (2.835%): includes X3 (weight gain or
loss since diabetes). It is called the weight factor.
4.1 Path Model

Based on logical relationships and medical theory concerning
diabetes, the following equations were specified to determine
relationships among the variables:

Xi6 = Pi6,13X13 + P16,17X17 + Pi6,19X19

(12)
+ P1631X31 + Pl u 16
X183 = Pig,6Xe + P13 9X9 + P1g,14X14 (13)
+ P18 17X17 + Pig.u g U1s-
X51 = Po1,14X14 + Po1 17X17 + P21 20X00 (14)

+ P11 37X37 + Po1uy U21 -

X11 = Pi1pXo + P11 3X3+ Pi16Xe + Pr1,12X12
+ Pi1,19X19 + P11,20X20 + P11,23X23 (15)
+ P11,30X30 + Pi1,u; U11-
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Y =P X1 +ProXo + Pr3Xs + PraXy + Py sXs + Py g Xe

+ Py 7X7 + PrgXs + ProXo + Py 10X10 + Pr,11X11 + Pr12X12

+ Pyr13X13 + Pr1aX14 + Py 15X15 + Pri6Xi6 + Pra7X17 + Pr18Xis

+ Py19X19 + Pr20X20 + Py 21X01 + Py 22X20 + Py 23X03 + Py paXo4

+ Py 25X25 + Py p6X26 + Pr27X07 + Py 28 X028 + Py 29X29 + Py 30X30

+ Py 31X31 + Py 32X32 + Py 33X33 + Py 34X34 + Py 35X35 + Py 36 X36

+ Py 37X37 + Pruy uy .

(16)

For each of the first three equations, the assumed causal model
is a one-time just-identified model because the number of cor-
relations among the five measured variables is n(n —1)/2 =
10. This equals the four path coefficients plus six complete
correlations among the external variables. For the fourth equa-
tion, the number of correlations is 9(9 — 1)/2 = 36, equal to
eight path coefficients plus 28 complete correlations among
the external variables. Finally, for the internal variable Y, the
number of correlations is 38(38 — 1) /2 = 703, with 37 path
coefficients in addition to the complete external correlations.

After studying the identification conditions for each equation,
maximum-likelihood path analysis in Amos 21 was used to
estimate the path coefficients. The results were:

Xi6 = 0.0975X13 4 0.7913X;7 — 0.0349X9

(17)
—0.0732X31 4+ 0.2434u,5.

X3 = —0.2273Xs — 0.4078X9 — 0.1723X 4 (18)
+00936X17 -1-0.12781418.

X721 =0.0244X14 +0.1071X17 + 0.4140X59 (19)

—0.1197X37 +0.1874uy; .

X171 = —0.2895X, —0.2550X3 +0.3161X +0.1114X4»
—0.1510X19 +0.0529X59 — 0.1397 X33

—0.2550X30 +0.2254u1; .
(20

Y = —0.2023X; — 0.0382X, — 0.0536X3 — 0.0211X, +0.1320Xs -+ 0.2595X,
—0.0437X7 — 0.0387Xs + 0.2065Xy — 0.0016X0 — 0.0104X; | -+0.0049X,,
—0.0297X13 +0.0149X14 +0.0702X;5 +0.1545X16 +0.1071X17 — 0.1367X;5
—0.0516X;0 — 0.0475X20 — 0.1564X5| — 0.0698X2; — 0.0405X53 +0.1130X54
+0.0814X55 — 0.0320X56 +0.1067X27 — 0.1076Xa5 + 0.0906 X9 — 0.0751X30
+0.0333X3; — 0.1045X3, +0.0115X33 +0.1333X34 — 0.0558X35 + 0.0943X36
—0.0215X37 +0.5748uy .

21

5. INTERPRETATION OF THE PATH-ANALYSIS RE-
SULTS

Based on the Amos 21 statistical program, the following
path-analysis results were obtained.

5.1 Internal Variable Equation X¢

Xi6 = 0.0975X3 4+ 0.7913X,7 — 0.0349X9

(22)
—0.0732X3; +0.2434u6.

This equation gives the direct effects of the external variables
X3, X17, X19, and X3; on the internal variable X;¢. According

to relative importance, the important variables are X;7 and
X13. The change in eating habits after diabetes, X;7, ranks
first and has a significant direct effect of 0.7913, showing that
changing dietary habits increases the duration of the patient’s
diet. This is followed by X;3, with a significant direct effect
of 0.0975; 59% of patients considered diet the most difficult
item in diabetes treatment. The type of bread, X;9, and the
number of hospital admissions, X31, had no significant direct
effect on Xj¢.

Table 3. Significance tests for path coefficients in the X4 equation.

Path Estimate S.E. C.R. P
Xi6 < X13 1474 .0579 2.5444 0109
X6 < Xi9 -.0881 .0949 -.9284 3532
Xi6 < X31 -.0669 .0350 -1.9102 .0561
X6 + X17 1.4922  .0715 20.8557 wkK

The P-value is less than o = 0.05 for X3 and X7, so they
have significant effects on X|¢; the effects of X9 and X3; are
not significant.

Table 4. Direct effects on the internal variable Xi¢.

Internal  External Direct/overall Correlation
X6 X7 0.7913 0.799
X3 0.0975 0.208

The difference between the simple and total correlations for
each variable results from bilateral correlations among the
external variables. The value of R” for the X4 equation is
0.68.

5.2 Internal Variable Equation Xg

Xi5 = —0.2273Xg — 0.4078Xo — 0.1723X 4

(23)
+ 00936X17 +0. 1278u13.

This equation gives the direct effects of X, X9, X4, and X7
on Xj3. According to relative importance, X4 has a direct
inverse significant effect of 0.1723. Some patients measure
sugar every two months at the Endocrine and Diabetes Center
but not at home; consequently, they may not notice increased
sugar, which can damage lower-extremity nerves and cause
numbness and pain. Variable Xg has a direct inverse signifi-
cant effect of 0.2273, because pain and numbness in the lower
extremities usually occur after ten years or more; 67% of the
sample reported these symptoms for a period of less than ten
years. Variable Xg has a direct negative significant effect of
0.4078. Most patients described their health as weak (72%),
which affects their psychological state and raises sugar, caus-
ing peripheral-nerve damage. Variable X7 has no significant
direct effect on Xig.

Table 5. Significance tests for path coefficients in the X;g equation.

Path Estimate S.E. C.R. P
Xig < X7 0882  .0522 1.6902  .0910
Xig  Xia -.0883 .0285 -3.0963 .0020
X3 < Xo -.3974 0557 -7.1405 R
Xis + X¢ - 1153 .0286 -4.0257 ook

The P-values show significant effects on X;g for Xj4, X9, and
X, while X7 has a non-significant effect.
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Table 6. Direct effects on the internal variable Xig.

Internal  External Direct/overall Correlation
X3 Xe -0.2273 -0.357
X -0.4078 -0.501

Xia -0.1723 -0.212

The difference between the simple and total correlations re-
sults from bilateral correlations among external variables.
The R? value for the X5 equation is 0.33.

5.3 Internal Variable Equation X;

X51 =0.0244X14 +0.1071X;7 4 0.4140X>

24
—0.1 197X37 + 0.1874u21 .

This equation gives the direct effects of X4, X17, X0, and X37
on X3 . Frequent night-time urination, X5, ranks first and has
a significant direct effect of 0.4140, showing that high sugar
increases urination and thirst. This is followed by X37, which
has a direct inverse significant effect of 0.1197: some doctors
do not inform patients about the symptoms of high and low
blood sugar, so patients may not know that thirst is caused by
high sugar.

Table 7. Significance tests for path coefficients in the X equation.

Path Estimate S.E. C.R. P
Xa1 < Xap 4095  .0590  6.9384 D
X1 < X37 -.1180 .0593 -1.9912  .0465
Xo1 < Xi17 1114 .0630 1.7692  .0769
X1 X4 0138 .0346 3987 6901

At a = 0.05, Xp9 and X37 have significant effects on X,
whereas X4 and X;7 do not.

Table 8. Direct effects on the internal variable X»;.

Internal  External Direct/overall Correlation
X1 X0 0.4140 0.415
X37 -0.1197 -0.126

The difference between the simple and total correlations re-
sults from bilateral correlations among external variables.
The R? value for the X5, equation is 0.20.

5.4 Internal Variable Equation X7

X171 = —0.2895X, —0.0697X3 +0.3161X +0.1114X4»
—0.1510X19 +0.0529X59 — 0.1397 X33

—0.2550X30 4 0.2254u1; .

(25)
This equation gives the direct effects of X», X3, X4, X12, X19,
X0, X203, and X3p on X|;. According to relative importance,
the influential variables are Xg, Xi2, Xj9, X23, X30, and X5.
Variable X ranks first, with a significant direct effect of
0.3161, showing that over the years the patient is converted
to insulin use. Variable X1, has a significant direct effect of
0.1114, because exercise reduces blood sugar. Variable X;g
has a direct inverse significant effect of 0.1510; 86% of the
sample used natural bread, one of the causes of high sugar,
and treatment changed from pills to insulin or to a higher
insulin dose over time. Variable X3 has a direct inverse
significant effect of 0.1397, as insulin stimulates appetite
and thus increases weight. Variable X3 has a direct inverse
significant effect of 0.2550; some patients do not follow the

diet or measure blood sugar after taking insulin and therefore
require hospital admission for high sugar. Finally, X, has a
direct inverse significant effect of 0.2895, as diabetes affects
all age groups. Body mass index, X3, and getting up at night
to urinate, X0, have no significant direct effects on Xj;.

Table 9. Significance tests for path coefficients in the X;; equation.

Path Estimate S.E. C.R. 2
X+ X3 -.0390 .0352 -1.1069 .2683
X1+ X9 -2519  .0914  -2.7551 .0059
X1 X1 0843 .0429 1.9630  .0496
X1 Xz -.1948 0490 -3.9750 ok
X1 < X3 -.1066 .0421 -2.5309 0114
X1+ X0 0626 .0662 9466 3439
X1 < Xo 2121 0417  5.0878 R
X1 X3 -.1432 0338 -4.2327 kh

At a = 0.05, all listed effects on Xj; are significant except
those of X3 and X».

Table 10. Direct effects on the internal variable X .

Internal  External Direct/overall Correlation
X1 X -0.2895 -0.352
X 0.3161 0.138
X1z 0.1114 0.194
Xi9 -0.1510 -0.160
Xo3 -0.1397 -0.115
X30 -0.2550 -0.415

The difference between the simple and total correlations re-
sults from bilateral correlations among the external variables.
The R? value for the X, equation is 0.33.

5.5 Internal Variable Equation Y

Y = —0.2023X; —0.0382X, — 0.0536X3 — 0.0211X, +0.1320Xs +0.2595Xs
—0.0437X7 — 0.0387Xs +0.2065Xy — 0.0016X10 — 0.0104X1 +0.0049X1>
—0.0297X,3 +0.0149X 4 + 0.0702X5 +0.1545X 16 +0.1071X17 — 0.1367X ;5
—0.0516X19 — 0.0475X20 — 0.1564X2; — 0.0698X2 — 0.0405X>3 +0.1130X4
+0.0814X35 — 0.0320X36 4 0.1067X27 — 0.1076Xa5 +0.0906X29 — 0.0751X30
+0.0333X3; —0.1045X3; +0.0115X33 +0.1333X34 — 0.0558 X35 +0.0943X3
—0.0215X37 +0.5748uy.

(26)

This equation gives the direct effects of the external variables

on Y. According to relative importance, the principal vari-

ables are X»;, X3, X24, X34, X9, and Xg. Variable X4 ranks
first and has a significant direct effect of 0.2595, indicating
that over the years a person may become unable to control
the sugar level. Variable Xg has a significant direct effect of

0.2065; 72% of the sample described their health condition

as weak. Diabetes is closely linked to the patient’s psycho-

logical state, which can cause high blood sugar. Variable X34
has a significant direct effect of 0.1333, showing that amputa-
tion occurs when the patient does not control the sugar level.

Variable X»4 has a significant direct effect of 0.1130, showing

that hypoglycaemia may occur because of malnutrition after

insulin use. Insulin users are therefore advised to measure
sugar before and after food. Variable X;g has a direct inverse
significant effect of 0.1367, showing that numbness and pain
in the lower extremities can occur after a short period of dia-
betes because of non-compliance with the diet. Variable X3
has a direct inverse significant effect of 0.1564, indicating
that high sugar need not always be associated with thirst. Indi-
rect effects of X4, X9, and X¢ act through X;g, while indirect
effects of X37 and X»q act through X5 .
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Table 11. Significance tests for path coefficients in the ¥ equation.

Path Estimate S.E. C.R. 2
Y+ X; -.3933 2710 -1.4514 1467
Y+ Xy -.0206 .0481  -4275 .6690
Y < Xs 1395 .0973  1.4343 1515
Y+ X; -.0318 .0438  -.7250 .4685
Y < X3 -.0712 1112 -.6404 .5219
Y « X0 .0001 .1111 0012 .9991
Y+ Xis .0770 .0682  1.1288 .2590
Y + X537 -.0437 1123 -3892 .6971
Y + Xy -.0888 .1229  -7227 4699
Y X7 2353 1959  1.2012 2297
Y < Xo 4206 .1493  2.8179 .0048
Y+ X¢ 2811 .0796  3.5293 ok
Y+ X3 -.0443 1018  -4353 .6633
Y + X3 0517 .1340 3861 .6994
Y < X9 -.1191 1608  -7409 .4588
Y X34 2607 1158 2.2515  .0244
Y+ Xy .0199 .0743 2683 7885
Y + X36 .0498 .0421 1.1843 2363
Y X4 2111 1115 1.8931 .0498

Path Estimate S.E. C.R. 2
Y X3 -.0460 .0630 -7308 .4649
Y« Xip .0003 .0783 .0040 .9968
Y < X3 -.0885 .1293  -.6843 4938
Y + X3 -0560 .0731  -7668 .4432
Y «— X2 - 1506 .1181 -1.2754 .2022
Y + X -2931 .1161 -2.5251 .0116
Y + Xig -.3030 .1406 -2.1561 .0311
Y + X6 1563 1019 1.5341 .1250
Y + X1 -0112 1059  -.1057 .9159
Y « Xo6 -.0330 .0542 -.6077 .5434
Y + X7 1297 1660 7809 4348
Y  Xog -4028 2368 -1.7010 .0889
Y X9 .0858 .0603  1.4227 .1548
Y + X3 -.1894 1353 -1.3996 .1616
Y X33 0305 2113 1441 8854
Y + X5 -.0402 .0551 -.7290 .4660
Y + Xos 0865 .0681 1.2703 .2040
Y<X» -.0440 .1046  -4211 .6737

Table 12. Direct and indirect effects on the internal variable Y.

External Direct Indirect (via) Overall Corr.
Xo 0.2607 0.0324 (X;3) 0.2931 0.232
Xo 0.2030 0.0581 (X;3) 0.2611 0.226
Xis -0.1426 -0.1426 -0.202
X1 -0.1523 -0.1523  -0.229
Xo4 0.1130 0.1130 0.107
X34 0.1354 0.1354 0.074
X4 0.0247 (X;3) 0.0247 0.034
X0 0.0631 (X2;) 0.0631 -0.234
X37 0.0182 (X;) 0.0182 0.017

Comparing each P-value with o0 = 0.05 identifies the vari-
ables with significant effects on Y.

The difference between the simple and total correlations for
each variable results from bilateral correlations among exter-

nal variables or from indirect effects. The R? value for the
model is 0.33.

6. HARMONIZATION BETWEEN FACTOR ANALYSIS
AND PATH ANALYSIS

First, the principal components are converted into variables:
the factors obtained from the principal components become
external variables, and their effects on the internal variable Y
are calculated. After the factors influencing Y were obtained,
path analysis was applied. Variables with non-significant
effects were excluded and the significant variables were re-
tained, as shown in Figure 6.

The equation represented by Figure 6 is

Y = 0.3102FAC2 4 0.2353FAC5 + 0.1167FAC6

27
— 0.1655FAC9 + 0.7025uz,c .

This equation gives the direct effects of the external variables
FAC2, FACS, FAC6, and FAC9 on Y. According to relative
importance, FAC2 ranks first and has a significant direct effect
of 0.3102: poor health affects the patient’s psychological state
and thus raises blood sugar. FACS5 has a significant direct
effect of 0.2353, showing that adherence to the diet reduces
blood sugar. FACG6 has a significant direct effect of 0.1167,
showing that almost half of the sample did not know whether

a measured sugar level was high, low, or ideal and therefore
could not take the appropriate action. Finally, FAC9 has
a direct inverse significant effect of 0.1655. This variable
shows that diabetes is not considered a major cause of arterial
diseases but rather a secondary cause.

All P-values are less than oc = 0.05; therefore, all factors have
significant effects on Y.

The difference between the simple and total correlations for
each variable results from bilateral correlations among ex-
ternal variables. The R? value for the proposed model is
0.21.

7. CONCLUSION

* Principal-components factor analysis yielded thirteen fac-
tors explaining 65.368% of total variance. Variables
strongly related to diabetes because of their high loadings
included reason for hospital admission (most patients are
hospitalised because of high blood sugar), poor sexual abil-
ity (a large percentage of male respondents suffered poor
sexual ability because of fluctuating sugar), duration of diet
adherence, changed eating habits after diabetes, knowledge
of the ideal sugar ratio before food (120-140), knowledge
of the ideal sugar ratio two hours after eating (160—180),
and increased fats, which raise blood sugar.

* The following variables were not considered factors asso-
ciated with diabetes: X, (age), because all age groups are
susceptible; Xg (family history), because heredity has be-
come less influential than before; X;o (doctor follow-up),
because some patients cannot afford a consultation or ne-
glect follow-up; X3 (most difficult treatment), because the
patient is required to adhere to and use the treatment regard-
less of its difficulty; X9 (type of bread), because although
barley bread affects sugar, 86% of the sample used natural
bread; X», (poor appetite), because the body needs food to
compensate for weight deficiency among pill users and to
prevent hypoglycaemia among insulin users; and X»5 (eye
disease), because retinal weakness may result from age or
other diseases rather than diabetes.

* Path analysis yielded six variables explaining 0.33 of the
internal variable Y. In order of importance, they are Xg
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Figure 6. Harmonized model combining factor analysis and path analysis.

Table 14. Significance tests for the harmonized model’s path coeffi-
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