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Abstract In this paper, robust procedures for estimating path coefficients in the modeling framework of structural equations
are proposed based on robust correlation coefficients. These are two estimates: robust correlation coefficients and Pearson
correlation coefficients. The traditional approach performs better than the robust approach using real data of the researcher’s
collected through the questionnaire. To find out factors contributing to success in electronic tests, students were sampled
using the questionnaire from postgraduate applicants at the University of Mosul. Following the collection of data, 205 valid
responses were obtained that contained six independent variables that represented factors which affect electronic tests. The
proposed biweight midcorrelation method produced more stable path estimates and improved model fit in the presence of
outliers. The results indicate that self-efficacy, quality of use, and user satisfaction are the most influential factors affecting
the success of electronic examinations.
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1. Introduction

SEM is an analytical technique that is relatively recently applied across the disciplines of science. It offers
significant advantages and great flexibility compared to other statistical techniques. The method of SEM is based
on establishing of a graphical model that allows an accurate and systematic evaluation of the complex theoretical
structure as well as the hypothesized relationships between variables. It also allows for simultaneous analysis of
interrelationships among multiple variables rather than analyzing isolated relationships alone. It is also noteworthy
that structural equation modeling has gained traction due to the strong theoretical foundation and the ability to
combine measurements and structural relationships in a single analytical framework. This interaction allows for
better interpretation of the findings through the use of latent variables and complex causal mechanisms. SEM
therefore is of tremendous importance to empirical research and allows for more confident and more robust
conclusions.The motivation for this study stems from the increasing use of electronic examination systems, which
often generate questionnaire data containing outliers that may affect the accuracy of conventional statistical
analyses. The comparison of Pearson correlation to biweight midcorrelation in estimating path coefficients in a
path-analysis context is the major contribution of this study, particularly in addressing the issue of robust correlation
techniques for enhancing the reliability of parameter estimates when influential observations are present.The fact
that in higher education, there are more and more electronic examination systems, where the information obtained
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from questionnaires often contains outliers which could negatively impact on the accuracy of traditional statistical
analysis methods, is the motivation for this research. Although the path analysis technique is widely used in social
sciences and has been applied to educational studies, little research has focused on assessing the influence of
powerful correlation methods on path coefficient estimates for educational research. Accordingly, the determinants
of electronic examination success have been investigated by using the conventional Pearson approach and the
biweight midcorrelation approach in a path analysis framework. The most significant finding of this study is that
strong correlation estimation yields more accurate path coefficients and higher model fit in the face of influential
cases, and thus more reliable grounds for decision-making in educational testing.

2. Structural Equation Modeling

Structural Equation Modeling describes the comprehensive statistical estimate, analysis and testing approach of
describing and explaining relationships between observed variables and latent variables. It allows for multiple
relationships estimation and characterization within a single analysis framework. SEM therefore is a large-scale
statistical testing strategy for hypotheses about the relationship between independent variables and observed and
latent dependent variables. It provides an explicitly defined means for describing, estimating and verifying linear
networks relationships in direct and indirect effects of variables [1]. A structural equation model is a hypothetical
or conceptual representation of direct and indirect linear relations between a set of latent variables. It can also be
considered as a unified path model representing the relationships of variables in a path diagram illustrating the
structure and nature of relationships. In this sense SEM is an extension of the standard linear model that contains
several equations and latent constructs in one model [2]. Multiple regression, path analysis, and CFA are also
part of the SEM, with many of these being SEM specific. This versatility also leads to more complex research
questions, e.g., measurement error, latent constructs, and hierarchical relations, which contribute to robustness and
explainability of empirical results, in SEM.

2.1. Steps for Modeling Using Structural Equation Modeling

SEM is a multi-step process that will enable you to better understand the proposed research model and for
accurate modeling. Each step is based on the first step and maintains the logical and methodological consistency by
analysis. The basic components of SEM that are required to design and test structural models have been described
by [3]. These involve data characteristics analysis, reliability and validity analysis, general fit analysis, model
respecification, model reanalysis, similar model analysis, and report of results. First of all, the testing takes into
account the sample size, normality and outliers that directly affect the use of SEM technique. Next, the model is
tested for reliability and validity in order to verify that the observed measures represent accurate latent constructs.
The model fit indices are then used to determine the applicability of the hypothesized model to the observed
data. If the model is not strong enough, it is possible to resituate the model with theoretical justification. Finally,
other comparable models are considered to assure reliability of the results and regularly published findings to aid
comprehension and empirical reproducibility

2.2. Variables in Structural Equation Modeling

SEM addresses the causal relationship among variables that can be identified using an equation system of structural
equations that are analogous to multiregression equations. These structural relationships are defined and modelled
for a better, more complete understanding of the phenomenon being investigated. The hypothesized model can
be tested statistically by simultaneously analyzing the entire system of variables to determine the fit with the
observed data [4]. In the SEM framework, these variables are typically categorized into observed variables and
latent variables, but they are all significant elements of the modeling process. The observed variables are measured
directly; latent variables are subsets of constructs that can’t be measured directly, but can be inferred from a variety
of indicators. This difference allows SEM to capture measurement error and deliver more accurate estimates of the
relationship between constructs. So, inclusion and careful formulation of variables will enable the structural model
to be more predictable and stable, thereby allowing for accurate causal inferences
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2.3. Types of Variables in Structural Equation Modeling

Variables in SEM are categorized into different types based on their role and role within the model. This division
helps us understand the construction of this model and explain the relationships among variables.
First: Latent versus Observed Variables
Researchers from other disciplines are often interested in finding ideas that are not immediately apparent or
quantifiable. These types of constructs are called latent variables, also known as theoretical variables or structural
variables. Latent variables are not directly measured, but are inferred indirectly from a set of observable indicators
developed with measurement equipment or other data collection tools. Rather, observed variables are directly
quantifiable and act as a measure of latent constructs. In this framework, variables can also function as independent,
dependent, or mediating variables depending on the position and role in the structural model.
Second: Exogenous versus Endogenous Latent Variables
In SEM latent variables are also classified into exogenous and endogenous. These exogenous latent variables are
conceptually equivalent to independent variables because they are responsible for other variables in the model.
Variations in exogenous variables are not at all explained in the model, but are assumed to be due to other factors
that are not considered in the analysis. In contrast, endogenous latent variables are those that are explained by
relationships within the model as they directly or indirectly affect exogenous variables [4, 17].
It also improves SEM applications by providing a more comprehensive structure of variables with both direct and
indirect effects of observed and latent constructs, and allows researchers to model complex causal chains.
Recent studies have emphasized the importance of robust statistical methods in educational and behavioral
research, particularly when questionnaire data contain outliers or violate normality assumptions. These studies
have shown that robust correlation techniques improve parameter stability and provide more reliable estimates than
conventional correlation methods, thereby enhancing the validity of path analysis and structural modeling results.
Recent studies have emphasized that robust estimation techniques improve the stability and reliability of structural
equation modeling, particularly when the data contain outliers or violate normality assumptions [13, 24, 25].

3. Outliers

Outliers are values in a set of data that are very different from the rest of the data, and are not what you would
expect. These values can be out of the ordinary or even conflicting with the rest of the sample and may be caused
by measurement error, data entry error or true but extreme variation of the phenomenon being measured. However,
most observations do not include such observations and, as noted by [5, 27], can lead to distortions in statistical
statements and analyses if not dealt with correctly. Initial examination of the data set is important to any empirical
study, since it will provide a basis for identifying values that deviate from the rest of the observations. The goal of
this step is to identify possible outliers and avoid performing formal statistical analyses on them. Data screening and
cleaning processes are designed to exclude or appropriately deal with abnormal data points, extreme data points or
stray values, which can be significant deviations from the data structure. The presence of outliers is known to have a
significant effect on parameter estimation and hypothesis testing, so detecting and dealing with outliers is crucial to
the validity and reliability of the statistical results, as noted in [6]. Furthermore, in higher-order statistical analysis
methods like Structural Equation Modeling, outliers can significantly affect the degrees of the correlations, model-
fitting indices, and parameter estimates. Therefore, employing robust statistical methods or appropriate diagnostic
tools to manage outliers enhances the accuracy and robustness of analytical outcomes and supports more credible
research findings.

3.1. Detection of Outliers

Many researchers have investigated outliers and how they may affect the validity of empirical research. Outlier
detection is commonly performed in regressions, experimental designs, and multivariate datasets, primarily by the
assessment of observations as partial or complete. There are several approaches to finding outliers that are generally
classified into two subclasses: univariate and multivariate. Univariate methods assess each variable individually for
extreme values and multivariate methods investigate the correlations among variables in a dataset for information
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about observations that are out of step with the multivariate pattern [7]. Outlines the various methods used to detect
outliers including, standard deviation, z-scores, modified z-scores, Tukey’s method, boxplot, adjusted boxplot,
binary boxplot, and interquartile range-based methods. Each of these methods has advantages as determined by
the nature of the data and the analysis’s objectives [8]. On top of that, outliers are useful to ensure the reliability
of statistical analysis as well as in identifying and resolving them. Outliers may influence parameter estimates,
correlations, and model fit in multivariate analyses, such as SEM. Thus, I am giving in to that fact. combining
multiple detection methods and applying robust statistical techniques can improve the reliability and robustness of
research findings, particularly in complex datasets where extreme values may obscure underlying relationships, as
seen in the following figure.

Figure 1. Shows the binary box diagram.

4. Robust Correlation

This is one of the most basic statistics whose coefficient of correlation indicates the degree and direction of the
relationship between two random variables, ranging in strength from + to -1. The most widely used test is the
Pearson correlation coefficient, which is highly sensitive to anomalous values or outliers that are significantly
different from the larger distribution of data. Such outliers can compromise the interpretation of the correlation and
lead to false assumptions. There has been a need to enhance robust correlation techniques that are less sensitive
to anomalous data as due to the limitations of traditional correlation techniques. This concept of robustness was
first discussed by Box [9] who argued that statistical methods are robust if the performance is stable even with
a large deviation or unusual observation in the data. Next research further developed this idea, with examples
such as [10] demonstrating robust approaches in the presence of observations that can affect correlate strongly
estimates through simulation experiments. Moreover, the more powerful correlation techniques are more accurate
and stable estimates in the presence of outliers and/or non-normal distributions. Not to mention, these techniques
help minimize the effect of outlier observations, and thereby enhance the accuracy of future models, like regressions
or SEMs, where having a precise estimation of the correlation is essential to make valid inferences about the
parameters and hypothesis. Thus, strong correlation is an integral part of improving the reliability and interpretation
of statistics in empirical research.

5. Methods for Estimating Path Coefficients Using the Correlation Matrix

Path coefficients can be estimated in many ways depending on the analytical framework and the nature of the data.
Path coefficient estimates are considered in this paper in the following two main ways:

Stat., Optim. Inf. Comput. Vol. x, Month 202x



4 DETERMINANTS OF ELECTRONIC EXAMINATION SUCCESS

5.1. Estimation of Path Coefficients Using the Simple Correlation Coefficient

In most cases, the simple correlation coefficient indicates that two random variables are linearly related. This
coefficient indicates the direction and strength of the relationship between variables and is determined using
the standard formula [11]. This measure is used in classical path analysis, which allows you to make a start on
estimating the direct effects of variables in a causal model.
Moreover, the easy-correlation method is simple and widely used, but it is vulnerable to data outliers and deviations
in data distribution from normality. Therefore, this approach can give inaccurate or unstable estimates of path
coefficients in data sets with abnormal or extreme values. In order to overcome such drawbacks, strong correlations
can be used to more precisely and robustly estimate path coefficients, which represent the true relationships among
variables.
Such powerful techniques are particularly valuable when modelling the direct and indirect effects that are needed
to validate and interpret the model in structural equation studies.

rx,y =
Cov(x, y)

σxσy
=

E(x− µx)(y − µy)

σxσy
(1)

Cov(x, y): The covariance between x, y and x, y is represented by the standard deviation of the y and x variables
respectively.
The simple correlation coefficient, also known as the Pearson correlation coefficient, is sensitive to anomalous
or extreme values in the dataset. Such outliers can be highly confounding on the intensity and direction of the
correlation leading to misleading conclusions about the relationships between variables.
In order to overcome these limitations, multiple more robust approaches have been proposed. These methods
aim to provide more precise and reliable estimates of correlation that are not too sensitive to extreme values or
deviations from normality. Strong correlation provides stability and guarantees validity in subsequent procedures
such as regressions, path analyses, and Structural Equation Modeling for which precise estimation of relationships
is necessary in order to make valid judgments.

5.2. Correlation: Biweight Miscorrelation (Robust)

The robust correlation measure biweight midcorrelation is constructed from two vectors of data. This method
weights the observations in each vector to minimize the effects of extreme or outlying values. By doing so, it
provides a more reliable estimate of the correlation between these two variables, particularly in data with anomalies
or non-normal distributions.
follows (xi, yi , i = 1, 2, 3, . . . ,m [12]:

x =
[
x1 x2 . . . xm

]
y =

[
y1 y2 . . . ym

]
The components of these vectors are defined as follows:

ui =
xi −Med(x)

9Mad(x)
(2)

vi =
yi −Med(y)

9Mad(y)
(3)

Med(x): represents the magnitude of the mean vector x
Med(y) : represents the magnitude of the mean vector y
Mad(x): represents the average absolute deviation of the x
Mad(y)vector: represents the average absolute deviation of the y-vector.
The defined weights will be used as follows:

w
(x)
i =

(
1− u2

i

)2
I (1− |ui|) (4)
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w
(y)
i =

(
1− v2i

)2
I (1− |vi|) (5)

Since:
I : represents a single function defined as:

I (x) =

{
1 , if x > 0

0 , otherwise

That is, I1-ui equals 1 if (1− ui) > 0, which is zero otherwise, and the wi(x) weights are about 1 if the x vector
is equal to the x vector’s mean value, and it is about zero if the x vector’s magnitude of the x vector’s media is
approaching 9 Mad(x).
Thus, the weighted binomial for both x and y vectors (x, y), can be defined as follows:

xi =
(xi −Med(x))w

(x)
i√∑m

j=1

[
(xj −Med(x))w

(x)
j

]2 (6)

yi =
(yi −Med(y))w

(y)
i√∑m

j=1

[
(yj −Med(y))w

(y)
j

]2 (7)

bicor (x, y) =

m∑
i=1

xiyi (8)

It can be formulated as follows:

bicor (x, y) =

∑m
i=1 (xi −Med (x))w

(x)
j (yi −Med (y))w

(y)
j√∑m

j=1

[
(xj −Med (x))w

(x)
j

]2 ∑m
j=1

[
(yj −Med (y))w

(y)
j

]2 (9)

The biweight midcorrelation was chosen because it is robust and has the ability to minimize the impact of
outliers on the correlation structure. This property renders it especially appropriate to use for questionnaire data
where the extreme answers might introduce an error into the estimation of conventional Pearson correlation. It
should be noted that the proposed approach does not constitute a full likelihood-based robust Structural Equation
Modeling estimator. Instead, this study adopts a path-analytic framework in which path coefficients are derived
from correlation matrices and compared using both Pearson and biweight miscorrelation coefficients. Therefore,
the methodological contribution of this study lies in evaluating the influence of robust correlation estimation on
path coefficient estimation rather than proposing a new robust SEM estimation procedure [16].

6. Criteria for Choosing the Best Model

There is a set of statistical criteria that will be covered in this study for choosing the best models:

6.1. Akaike’s Information Criteria

This can be expressed mathematically as follows [13]:

AIC = 2k − 2lnL (10)

Since:- AIC: Stands for the Akakie criterion of information, L: stands for the maximum possible function.
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6 DETERMINANTS OF ELECTRONIC EXAMINATION SUCCESS

6.2. Bayesian Information Criteria

The formula can be explained as follows [14]:

BIC (k) = nlogσ2
a − (n− k) ln

(
1− k

n

)
+ klnn+ kln

[(
σ2
Y

σ2
a

− 1

)
/k

]
(11)

Since:- σ2
Y : represents the amount of variance, as the model that corresponds to the lowest value for this criterion

is chosen.

6.3. Chi Square Standard(
χ2

)
The suitability of a model for the observed data is often evaluated using the chi-square (χ) criterion. A model

is considered less appropriate when the ratio of the calculated chi-square value to the tabular chi-square value is
high, indicating a poor fit between the hypothesized model and the data. Conversely, a smaller ratio suggests that
the model adequately represents the underlying data structure [15, 18, 19].
a) Root Mean Square Error of Approximation (RMSEA): If the RMSEA value is less than or equal to 0.05, the
model is considered to fit the data very well. Values between 0.05 and 0.08 indicate an acceptable or reasonably
good fit, while values exceeding 0.08 suggest a poor fit, leading to the rejection of the model [20, 21, 26].
b) Root Mean Square Residual (RMSR): An RMSR value of between 0 and 1 means that it is a better fit. In
particular, the best model corresponds to the lowest RMSR (which should be kept between 0 and 0.1). Furthermore,
the use of several model fit measures, instead of only one, contributes to the robustness of the model evaluation. A
chi-square, RMSEA, RMSR, and other fit indices (Comparative Fit Index/CFI and Tucker-Lewis Index/TLI) give a
thorough idea of model’s ability to explain the observed relationships between the variables. This multidimensional
assessment is very important to draw valid and reliable conclusions from structural equation modeling [22, 23].

6.4. Incremental Fit Criterion (IFC)

a) Normal Fit Criterion (NFC) The value of this standard is between (0-1) and a high value indicates the model’s
conformity to the data.
b) Non-Normal Fit Criterion (NNFC) value is between (0-1) and the model is identical to the data when its value
is greater than or equal to 0.95.

6.5. Root Mean Square Error (RMSE)

This represents the square root of the average of the error squares, because the root is measured in the original units
of the same values for the variables and calculated by the formula:

RMSE =
√
MSE =

√∑n
i=1 e

2
i

n
(12)

6.6. Application Aspect

This research was applied to real data collected by the researchers through a questionnaire that was distributed
to a sample of students applying for postgraduate studies. The questionnaire deals with the factors affecting
the success of electronic tests at the University of Mosul. After that, the data gathered were processed. The
number of data reached 205 observations, The sample size of 205 observations is considered adequate for
the proposed structural model. This satisfies the commonly recommended rule of at least 10 observations per
estimated parameter in Path Analysis within the SEM Framework, ensuring sufficient statistical power and
stable parameter estimation, The sample comprised 205 postgraduate applicants, which is considered sufficient
for the proposed analytical framework. According to the widely accepted guideline in path analysis and
Structural Equation Modeling, a minimum of ten observations per estimated parameter is generally adequate
to obtain stable parameter estimates and sufficient statistical power. Therefore, the sample size used in this
study is appropriate for the complexity of the proposed model and supports the reliability of the estimated
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path coefficients, and it includes 6 independent factors of the variables that represent the factors affecting these
tests. These run as follows: X1: is Self-Efficacy, X2: Represents The System Quality, X3 : Represents the
Information, X4: Represents How to Use X5: Represents User Satisfaction, Y : Represents net benefits or what the
result is. The proposed structural model was developed based on previous studies on information systems success
and electronic learning environments. Self-efficacy, system quality, information quality, quality of use, and user
satisfaction have consistently been identified as key determinants influencing users’ acceptance and successful
utilization of electronic systems. Therefore, these constructs were adopted to examine their direct and indirect
effects on the success of electronic examinations. The relationship between these variables can be illustrated by the
following figure:

Figure 2. Shows a model for measuring the success of the electronic test system.

Also, these variables are divided by the figure above into separate variables, or what are called external variables.
These are X1, X2, X3 and X4, X5 are intermediate variables for the external variables and at the same time
external variables for the y variable, the internal variable is represented by the y variable, after which the abnormal
data (outliers) are revealed using the boxplot and as shown in the following figure:

Figure 3. Boxplot to detect outliers in the internal, external, and intermediate variables.

Outlier detection using the bivariate boxplot revealed the presence of a limited number of influential observations.
Visual inspection indicated that these observations were genuine extreme responses rather than data entry errors.
Therefore, they were retained in the dataset, and robust correlation estimation was employed to minimize their
influence instead of excluding them from the analysis. We notice from the above figure that there are outliers
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8 DETERMINANTS OF ELECTRONIC EXAMINATION SUCCESS

between the external variables and the internal and median variables, and because the correlation relationship is a
binary relationship between two variables, the outliers will be found through the bivariate box graph. A bivariate
boxplot that depends on the ranks as the box moves from observations with rank 3n/4 to observations with rank
3n/4, where the central box of the box is drawn in the middle. In general, the concept of a bi-variate boxplot
expresses what the scientist Tukey (1975) described as Biplot and as shown in the following figure:

Figure 4. Boxplot for Bivariate data.

The bivariate boxplot revealed the presence of influential observations in the dataset. A visual inspection confirmed
that these observations represented genuine extreme responses rather than data entry errors. Consequently, they
were retained in the analysis, and the biweight midcorrelation was employed to reduce their influence instead of
removing them, thereby preserving the integrity of the original data. We also note from Figure (4) the presence of
clear outliers between the study variables, and to find out the relationship between the variables, the correlation
matrix between the external, internal and intermediate variables was found using the program R. The results are
shown in the following table:

Table 1. Shows the Correlation Coefficients between the study variables

Variables X1 X2 X3 X4 X5 Y

X1 1 0.36 0.18 0.51 0.38 0.62
X2 0.36 1 0.52 0.42 0.52 0.33
X3 0.18 0.52 1 0.44 0.36 0.44
X4 0.52 0.42 0.44 1 0.51 0.42
X5 0.38 0.52 0.36 0.51 1 0.43
Y 0.62 0.33 0.44 0.42 0.43 1

We note from the above table that there are significant differences at the level 0.05 and at the level of 0.01. This
is evidenced by the presence of differences between the values of the correlation coefficients resulting from other
side effects. These can be direct and indirect effects between the variables. Therefore, we can also note that the
analysis of the correlation between the variables is insufficient to study the effects of direct and indirect variables.
It is also insufficient for analyzing the factors affecting the success of electronic tests, as the relationship between
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two variables does not mean that the first variable has a direct effect on the second variable. It also means that the
existence of the relationship or not between the two variables may be due to other factors and side effects.
Because of the importance of studying the relationship between independent variables and studying their impact
on the dependent variable, it is necessary to choose an appropriate statistical method that takes into account these
relationships. The independent variables and their effect on the dependent variable, which are the intermediate
variables.
In this research, we will rely on the path analysis method that depends on simple correlation analysis and the robust
correlation in calculating the path coefficients to study the factors affecting the success of electronic tests at the
University of Mosul. We first start using the traditional correlation matrix (Pearson correlation) to find the path
coefficients and the results can be presented as follows:

P12 = r12 = 0.36,P13 = r13 = 0.18,P23 = r23 = 0.52

From the correlation matrix in Table Eq. (1) and by applying Eq. (9), we notice that the correlation coefficients
between the external variables are equal to the path coefficients (Direct Effect) between them, which are as follows:
As for the rest of the path coefficients, they are calculated using the simple correlation coefficients calculated in
Table (1). If the X4 variable represents the internal variable, the results are as follows:

r14 = P41r11 + P42r12 + P43r13

r24 = P41r21 + P42r22 + P43r23

r34 = P41r31 + P42r32 + P43r33

According to the internal variable, the path coefficient (Direct Effect) is calculated using matrices as follows: P41

P42

P43

 =

 r11 r12 r13
r21 r22 r23
r31 r23 r33

−1  r14
r24
r34

=

 0.414
0.110
0.305


But if X5 represents the internal variable, the correlation coefficients are calculated as follows:

r15 = P51r11 + P52r12 + P53r13 + P54r14

r25 = P51r21 + P52r22 + P53r23 + P54r24

r35 = P51r31 + P52r32 + P53r33 + P54r34

r45 = P51r41 + P52r42 + P53r43 + P54r44

According to the internal variable, the path coefficient (Direct Effect) is calculated using matrices as follows:
P51

P52

P53

P54

 =


r11 r12
r21 r22

r13 r14
r23 r24

r31 r32
r41 r42

r33 r34
r43 r44


−1 

r15
r25
r35
r45

=


0.102
0.334
0.034
0.307


Whereas if the internal variable is:Y

rY 4 = PY 4Y44 + PY 5Y45, rY 5 = PY 4Y54 + PY 5Y55

Using arrays, the paths can be obtained as follows:[
PY 4

PY 5

]
=

[
r44 r45
r54 r55

]−1 [
rY 4

rY 5

]
=

[
0.269
0.293

]
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10 DETERMINANTS OF ELECTRONIC EXAMINATION SUCCESS

Figure 5. The path coefficients computed by simple correlation analysis.

Table 2. The Robust Correlation Coefficients between the study variables

Variables X1 X2 X3 X4 X5 Y

X1 1 0.46 0.33 0.53 0.36 0.76
X2 0.46 1 0.46 -0.15 -0.19 0.52
X3 0.33 0.46 1 0.25 0.16 0.36
X4 0.53 -0.15 0.25 1 0.76 0.35
X5 0.36 -0.19 0.16 0.76 1 0.57
Y 0.76 0.52 0.36 0.35 0.57 1

The Simple Correlations and paths between the variables can be illustrated by the following figure:
In the same way, the following robust correlation matrix is used:

This negative coefficient for System Quality in the robust model is a result of the outliers being eliminated from
the analysis as well as controlling for the other variables, meaning it is not possible to directly conclude that ease
of use will increase if system quality is improved. This discovery suggests that user training and simplicity of the
system are also crucial for successful electronic examination systems. Note that some path coefficients from the
fortified correlation matrix (Table (2) ) are not only different in value but even in direction from those estimated
from the Pearson correlation matrix. One of the most interesting cases is that of System Quality and How to
Use, which is positively associated in the classical analysis but negatively directly associated in the robust model.
This change is not a contradiction, it means that the statistical properties of the robust estimation are different.
Unlike Pearson correlation, robust correlation minimizes the influence of outlying observations that may distort
conventional estimates. Moreover, path coefficients in Structural Equation Modeling represent conditional direct
effects after simultaneously controlling for the remaining predictors. Consequently, when the influence of extreme
observations is reduced and shared variance among the exogenous variables is properly accounted for, the net
direct contribution of System Quality may change direction because of suppression effects and multicollinearity
among the predictors. Therefore, the robust model is considered to provide a more realistic representation of the
underlying structural relationships, particularly in datasets containing influential observations, and its estimates
should be interpreted as the net effects after controlling for the remaining variables rather than as simple bivariate
associations, and by using Eq. (9) to get from it the fortified path coefficients as follows:

RP12=r12 = 0.454,RP13=r13 = 0.327, RP23=r23 = 0.454

The remaining path coefficients are calculated using the robust correlation coefficients in Table (2), if X4 represents
the internal variable and calculates the path coefficient (Direct Effect) using matrices, the results are as follows:

r14 = P41r11 + P42r12 + P43r13

r24 = P41r21 + P42r22 + P43r23

r34 = P41r31 + P42r32 + P43r33
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 RP 41

RP 42

RP 43

 =

 0.716
−0.617
0.299


But if X5 represents the internal variable, the path coefficient (Direct Effect) is calculated as follows:

RP 51

RP52

RP 53

RP 54

=


−0.014
−0.067
0.006
0.753


If Y is the internal variable, the results are: [

RPY 4

RPY 5

]
=

[
−0.184
0.708

]

Figure 6. The path Coefficients Computed by Robust Correlation Analysis.

Then, using the simple correlation and the robust correlation, the indirect effect of the external variables on the
internal variable was estimated. The paths represented by dynamic paths and the value of the complex path were
calculated from the outcome of all the direct path coefficients that make up the complex path, which is divided into
Three types of indirect path (I), unanalyzed path U and imaginary path S.
First, the indirect effects of the external variables on the internal variable that represents the user’s satisfaction
were calculated. In this regard, we can note that there are no (Indirect Effects) of the independent variables on the
internal variable using the simple correlation matrix and the robust correlation as follows: X1, X2, X3, X4 to the
input variable X5:

Table 3. Indirect Effect on the variable X5

Path I Using the Simple Correlation
Matrix

I Using the Robust Correlation
Matrix

Effect through X1X4 P14 ∗ P45= 0.127 RP 14 ∗RP 45 = 0.539
Effect through X2X4 P24 ∗ P45 = 0.033 RP 24 ∗RP45= 0.464
Effect through X3X4 P34 ∗ P45 = 0.093 RP 34 ∗RP 45 = 0.225
Effect through X4X4 I = 0 I = 0

We can note from the table that there are no indirect effects of the independent variables on the internal variable.
Therefore, through the simple correlation matrix and the Robust matrix .X1, X2, X3, X4X5 and I = 0.
As for the indirect effects of the external variables on the internal variable that represents the result of the applicant
in the test, as there are Indirect Effects for each of the independent variables Y,X1, X2, X3, X4 in the variable
Y through the variable X5. There is also an Indirect Effect to X4 that represents the advanced use method on the
test by X5 representing the user’s satisfaction as shown in the following table:
The Direct and Indirect Effects on X4 are as follows:
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Table 4. Indirect effects in the variable Y using the Simple Correlation Matrix and the Robust Matrix

Using the Simple Correlation Matrix Using the Robust Correlation Matrix

Variables throughX4 throughX5 throughX4, X5 throughX4 throughX5 throughX4, X5

X1

Self-Efficacy
RP 14 ∗
RP4Y =
0.111

RP15 ∗
RP 5Y =
0.029

RP 14 ∗
RP 45 ∗RP 5Y =
0.037

P14 ∗
P4Y =
0.131

P15 ∗
P5Y =
−0.009

P14 ∗
P45 ∗ P 5Y = 0.381

X2

System Qual-
ity

RP 24 ∗
RP4Y =
0.029

RP 25 ∗
RP5Y =
0.097

RP 24 ∗
RP45 ∗RP 5Y =
0.009

P24 ∗
P4Y =
0.113

P25 ∗
P5Y =
−0.047

P24 ∗
P45 ∗ P 5Y =
0.328

X3

Information
Quality

RP 34 ∗
RP 4Y =
0.082

RP 35 ∗
RP 5Y =
0.009

RP34 ∗
RP 45 ∗RP 5Y = 0.027

P34 ∗
P4Y =
0.055

P35 ∗
P5Y =
0.004

P34 ∗
P45 ∗ P 5Y = 0.159

X4

Quality of Use
0 RP 45 ∗

RP5Y =
0.089

0 0 P45 ∗
P5Y =
0.533

0

X5

User Satisfac-
tion

0 0 0 0 0 0

Table 5. The Direct and Indirect Effects on X4 using the Simple Correlation Matrix and the Robust Correlation Matrix

Using the Simple Correlation Matrix Using the Robust Correlation Matrix

Variables DE IE TE DE IE TE
X1 Self-efficacy P14 = 0.414 0 0.414 RP 14 = 0.716 0 0.716
X2 System Quality P24 = 0.110 0 0.11 RP 24 = (−0.617) 0 −0.617
X3 Information Quality P34 = 0.305 0 0.305 RP 34 = 0.299 0 0.299

Table 6. The Direct, Indirect and Total Effects on X5 using the Simple Correlation Matrix and the Robust Correlation Matrix

Using the Simple Correlation Matrix Using the Robust Correlation Matrix

Variables DE IE TE DE IE TE
X1 Self-Efficacy 0.102 0.127 0.229 −0.014 0.539 0.525
X2 System Quality 0.334 0.033 0.367 −0.067 0.464 0.397
X3 Information Quality 0.034 0.093 0.127 0.006 0.225 0.231
X4 Quality of Use 0.307 0 0.307 0.753 0 0.753

Table 7. The Direct and Indirect Effects on Y using the Simple Correlation Matrix and the Robust Correlation

Using the Simple Correlation Matrix Using the Robust Correlation Matrix

Variables DE IE TE DE IE TE
X1 Self-Efficacy 0 0 0.177 0.031 0.177 0.031 0 0 0.503 0.253 0.503 0.253
X2 System Quality 0 0 0.135 0.018 0.135 0.018 0 0 0.394 0.155 0.394 0.155
X3 Inf. Quality 0 0 0.118 0.013 0.118 0.013 0 0 0.218 0.047 0.218 0.047
X4 Quality of Use 0.269 0.072 0.089 0.007 0.358 0.128 -0.184 0.033 0.533 0.284 0.349 0.121
X5 User Satisfaction 0.293 0.085 0 0 0.293 0.085 0.708 0.501 0 0 0.708 0.501

The Direct and Indirect Effects on X5 are as follows:
The Direct and Indirect Effects on Y are as follows:
We can note from the table when using the Simple Correlation Matrix that there are no Direct Effects of the
applicant’s self-efficacy and the quality of the system used as well as the quality of the information provided on the
applicant’s result for electronic tests. On the hand, there are direct effects on the applicant’s result for electronic
tests with a path of (-0.184) which is equivalent to 3.38%. The higher the Quality of Use with a single unit, the
lower the Result by 0.184 unit, and the more satisfied the User is by 1 unit, the more the applicant’s electronic
testing result improved. As for using the robust matrix, we notice from the table also that there are no direct effects
of the applicant’s self-efficacy and the quality of the system used as well as the quality of the information provided
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on the applicant’s result for electronic tests. There are direct effects on the result of the applicant for electronic tests
with a path of 0.269, which is equivalent to 7.23 %. The higher the quality of use by one unit, the better the results,
and also the greater the user’s satisfaction, the better result we will get. In other words, the applicant’s success for
electronic tests, and the external variables can be arranged according to their direct impact on the test taker’s result
through the following table:

Table 8. Ranking of the external variables according to the direct effect on the test-taker’s result

Variable Ratio using Simple Correlation The ratio using the Robust Correlation

Self-Efficacy 0% 0%
System Quality 0% 0%
Information Quality 0% 0%
Quality of Use 7.23% 3.38%
User Satisfaction 8.58% 50.12%

As for the Indirect Effects when using the Robust Simple Correlation Matrix, we can notice from the table that
there is an Indirect Effect of the applicant’s result for electronic tests with a path factor of 0.503, which is equivalent
to 50.3%. The higher the applicant’s self-efficacy, the better his/her result. There is also an indirect effect of the
quality of the system used on the applicant’s result with a path factor of 0.394, which is equivalent to 15.52%,
as well as the quality of information for the applicant, the method of using the system and his/her satisfaction
have Indirect Effects on the result he will reach. Also, when using the Robust matrix, the Indirect Effects on the
score of the applicant for electronic test was 0.177 (equivalent to 3.13%). This is lower than it is when using the
Simple Correlation Matrix. As for the Total Effects, we notice when using the Simple Correlation Matrix that it is
much less for all the independent variables that affect the result of the test taker than it is when using the Robust
Correlation Matrix. The external variables can be arranged according to their Direct impact on the test taker’s result
through the following table:

Table 9. Ranking of the exogenous variables according to the Indirect Effect on the test-taker’s score

Variable Ratio using Simple Correlation The ratio using the Robust Correlation

Quality of Use 0.7% 28.4%
Self-Efficacy 3.13% 25.3%
System Quality 1.82% 15.52%
Information Quality 1.39% 4.75%
User Satisfaction 0% 0%

Thus, the order of the effect of external variables on the result of the applicant for postgraduate studies can be
clarified through the following table:

Table 10. Ranking of the exogenous variables according to the Total Effect on the test-taker’s score

Variable Ratio using Simple Correlation The ratio using the Robust Correlation

Quality of use 12.81% 12.18%
Self-efficacy 3.13% 25.30%
System quality 1.82% 15.52%
Information quality 1.39% 4.75%
User satisfaction 8.58% 50.12%

The criteria values can be clarified by relying on the Simple Correlation Matrix and the Robust Correlation
Matrix through the following table:

The classical model exhibited relatively poor fit because Pearson correlation is sensitive to outliers and deviations
from normality. Although the robust model does not indicate a perfect fit, it provides a substantially better
representation of the observed data according to the adopted fit criteria. We can note from the values of the
information criteria and the statistical criteria used that the robust method is superior in showing the effects of
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Table 11. The statistical Criteria for the methods used in the analysis

Standards Simple Correlation Robust Correlation

AIC 3171.627 2994.037
BIC 3231.439 3053,651
RMSER 0.796 0.382
RMSR 0.200 0.094
Chi− Square 392.599 92,540
CFI 0.569 0.790

the independent variables on the result of the applicant for electronic tests. The observed differences between the
classical and robust estimates further demonstrate the practical importance of adopting robust estimation techniques
in the presence of outliers. The Pearson based model is more sensitive to extreme observations while the robust
method gave more stable estimates of the model parameters and better statistical fit of the model. The strong model
provides therefore a more reliable indication of the factors associated with the success of electronic examinations.
The power of the robust model goes beyond the improvement of statistical fit. The robust method minimizes the
impact of outliers on the parameter estimates, resulting in more representative parameter estimates for the majority
of users and more reliable parameters to use to improve electronic examination systems in practice.

7. Conclusions and Recommendations

The study concluded that robust methods outperform classical approaches in estimating path coefficients when
using correlation matrices. The results demonstrated that robust techniques provide more accurate and reliable
estimates, particularly in the presence of outliers or non-normal data distributions, thereby enhancing the validity
of the structural model. Based on these findings, the researcher recommends exploring additional robust methods
for estimating path coefficients and conducting comparative analyses. Such investigations can further validate the
effectiveness of robust approaches, identify their strengths and limitations, and provide guidance for selecting
the most appropriate method depending on the characteristics of the dataset and research objectives. Employing
multiple estimation techniques can also improve the credibility of results and support more informed decisions
in both theoretical and applied research contexts. University administrators should improve not only the technical
quality of electronic examination systems but also user training, interface simplicity, and technical support. These
measures are expected to enhance user satisfaction and improve examination outcomes. The proposed methodology
should be interpreted as a robust path analysis approach rather than a full robust SEM estimator. Future research
may extend this work by incorporating likelihood-based robust SEM estimation methods, such as robust maximum
likelihood estimators, to further validate the proposed findings.
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