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Abstract

The aim of this research is to compare the differences between the objectives, distribution assumptions, sample sizes,
parameters, fit indices, and measurement models of the covariance-based structural equation model (CB-SEM) and
the partial and consistent partial least squares structural equation models (PLS-SEM and PLSc-SEM) to contribute
to future studies. Data from Turkey's Information and Communication (ICT) scale of the Program for International
Student Assessment (PISA) for the year 2018 was used. Exploratory factor analysis (EFA) was initially conducted on
the data from a sample of 5963 individuals, followed by confirmatory factor Analysis (CFA) using CB-SEM, PLS-SEM,
and PLSc-SEM. CFA was performed by obtaining normal and non-normal distributions from the same sample data.
The structure validity and reliability, goodness-of-fit indices, item parameters, and latent variable parameters obtained
using CB-SEM, PLS-SEM, and PLSc-SEM were compared. The CB-SEM model fit indices provide a better method for
explaining how well a hypothetical model fits the experimental data. PLS-SEM and PLSc-SEM, on the other hand, have
sufficient reliability and validity parameters for the weight of the items, while the confidence intervals, estimations,
and variances of the items are insufficient. This study concludes that it is not appropriate to claim that PLS-SEM is
a preferred method when the sample size is small, and the data distributions are non-normal. It is essential for the
observed data to be consistent with the hypothesis and theory; otherwise, the analysis results may lead to errors and

misconceptions.
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1. Introduction

Within the branch of statistics, different analysis methods are
used based on the characteristics of the data and the relationships
between them. Multivariate analysis encompasses methods that
involve the simultaneous analysis of two or more variables [1].
Hair et al. divided these analysis techniques into two groups
(exploratory and confirmatory), and these groups were further
classified as first and second generation [2]. Exploratory first-
generation techniques include cluster analysis, exploratory factor
analysis (EFA), and multidimensional scaling, while second-
generation techniques include partial least squares structural
equation modeling (PLS-SEM). Confirmatory first-generation
techniques consist of analysis of variance (ANOVA), logistic
regression, multiple regression, and confirmatory factor analysis

(CFA), whereas second-generation techniques include covariance-
based structural equation modeling (CB-SEM).

Multivariate analysis techniques vary based on the number
of variables in the data, the distribution of the variables, the
relationships between the variables, the ranking and grouping
characteristics of the data, and the hypotheses and estimations
determined.

Although first-generation multivariate data analysis techniques
are widely used by many researchers, they have three common
limitations:

1) The assumption of a regression-based simple model structure
2) The assumption that all variables are observable

3) The assumption that all variables are measured without error[3].
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Considering the first limitation, it is misleading to examine each
structure as a simple model of cause-and-effect relationships. For
example, multiple regression analysis should be examined as a
complex structure that includes both dependent and independent
variables and can be predicted in fragments. Regarding the second
limitation, when factor analysis is performed, unobservable
qualities of an abstract feature may emerge. The third limitation
involves a systematic or random error in each measurement.
Owing to the three limitations mentioned above, first-generation
techniques are considered inadequate in social sciences and many
scientific research fields, as they include unobservable variables,
such as attitudes, intentions, and self-efficacy [4]. To overcome
these limitations, researchers have turned to second-generation
methods, referred to as structural equation modeling (SEM). The
fundamental reason researchers are drawn to SEM is its ability
to model the relationships between multiple dependent and
independent variables simultaneously.

The relationship between the hypothesis and the variables
established while constructing the SEM is crucial. Because when
determining the model, the relationships between dependent
(endogenous) and independent (exogenous) variables should be
examined. Another factor to be considered when establishing a
model in SEM is determining whether the measurement model is
reflective or formative. The structure of the relationship between
the latent variable and observed variables should be determined.
If the latent variable is the cause of the measurement statements,
it results in a reflective measurement model, whereas if the latent
variable is a consequence of the measurement statements, it leads
to a formative measurement model.

1.1. Factor Analysis

One of the reasons researchers prefer SEM is its efficiency in
studies involving latent variables. Factor analysis is a useful
statistical method that can explain the covariance between observed
variables and latent variables. In general, factor analysis assumes
that the common variance is due to the factors, and the number of
factors is assumed to be less than the number of variables. Total
variance is the sum of the common variance with other variables
and the variance of the variable itself or the variance arising from
measurement errors [5]. In factor analysis, the dataset is reduced
in size to reduce the dimensions of the model. With the help of
the computer program used for EFA, researchers can produce as
many factors as they want, or they can also produce a single factor
structure. The factors generated in EFA are specified in CFA.
CFA is the part of SEM that deals with measurement models of
relationships between latent and observed variables. Therefore,
EFA is also referred to as an unrestricted measurement model,
while CFA is referred to as restricted measurement models.
Different rotation techniques are used in EFA, while rotation
cannot be performed in CFA. The purpose of rotation in EFA is
to reduce unexplained variance by shifting factor axes. The most
significant difference between EFA and CFA is that, in EFA, it is
assumed that the variance of each variable is not shared with other
variables, while CFA allows the calculation of shared variance
among some variables.

In 1973, after Karl Joreskog developed the CB-SEM and, later,
Wold developed the variance-based structural equation model,
both methods began to be used [6]. While the main purpose of
both methods is to estimate relationships between structures
and indicators, they differ fundamentally in their statistical
understandings and especially in how they handle the measurement
models of structures [7]. CB-SEM aims to maximize the explained
variance using the maximum likelihood (ML) method to minimize
the difference between the observed and predicted covariance
matrices. CB-SEM initially calculates the covariances of variables,
and only this variance is included in the derived solutions. CB-
SEM attempts to explain the variance of variables with a latent
variable (common factor) and the presence of individual errors for
each variable. Therefore, CB-SEM is a highly suitable method for
finding common factors—that is, reflective models [8]. CB-SEM
formative measurements can also be used, but certain restrictions
need to be applied. PLS-SEM, which is used in different disciplines,
was developed by Lohmoller as an alternative method to CB-SEM
[9]. PLS-SEM estimates the parameters of a set of equations in
a structural equation model by combining principal component
analysis with regression-based path analysis. In PLS-SEM, the
model is examined as a composite structure. PLS-SEM has three
basic features.

The first is to examine the model as an internal and external
measurement model. In the internal measurement model, the
linear relationship between the latent variable and its indicators,
as well as the covariances between the latent variables, are
calculated. On the other hand, in the external measurement model,
the linear relationship between latent variables and observed
variables is examined. The second feature of PLS-SEM is that,
while examining external measurement models, a causal and
predictive approach is used by separating the latent variables into
formative and reflective. The third feature is the examination of the
relationship between the formative and reflective latent variables
and indicators of the created structure. For this reason, both a
causal and predictive approach are generally adopted. Unlike CB-
SEM, PLS-SEM does not examine variances separately. In PLS-
SEM, not only the correlations between the indicators but also
the total variance in the observed variables (indicators) are taken
into account. Therefore, when estimating model relationships in
the PLS-SEM approach, all variances where external variables are
common with internal variables should be included [9].

Bentler and Huang, Dijkstra, and Dijkstra and Henseler discovered
the "consistent PLS-SEM (PLSc-SEM)" method by using the
PLS-SEM approach and some features of the CB-SEM approach
[10,11]. PLS-SEM is used in studies for exploring and predicting
the structure, while CB-SEM is used in studies that aim to test
structures used in testing the structure.

The fit indices obtained in SEM are crucial for the evaluation of the
analysis. Absolute fit indices determine how well the covariance
matrix data obtained from the tested model fit the existing
sample covariance matrix data [12]. However, since there is no
single statistical significance test that defines the correct model,
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it is necessary to consider multiple criteria and evaluate model fit
simultaneously based on various criteria [13]. The fit indices vary
depending on the calculation method used in the data analysis and
the type of data used. In general, the compliance criteria show the
extent to which the specified SEM fits the data used. Chi-square
(¥»), RMSEA, GFI, SRMR, CFI, TLI, etc. fit indices are used in data
analysis. Chi-square (y?): The y? test statistic is used for hypothesis
testing to assess the goodness-of-fit of a structural equation model.
The 2 value tests whether the covariance matrix (X) obtained
from the model is equal to the sample covariance matrix X(0) of
the data. Root Mean Square Error of Approximation (RMSEA):
RMSEA fit index determines how well the covariance matrix data
obtained from the tested model, using error squares, fit the data in
the existing sample covariance matrix. The RMSEA value ranges
from 0 to 1. An RMSEA value less than or equal to 0.08 indicates
that it is acceptable [14]. Standardized Root Mean Square Residual
(SRMR): When calculating SRMR, the inconsistency between the
model and the data is measured. For a good fit, the SRMR value
should be less than or equal to 0.08 [12].

Normed Fit Index and Tucker Lewis Index (NFI and TLI): NFI
compares the chi-square value of the zero model, which suggests
that the measured variables are not related to the chi-square value
obtained from the prediction model [12]. In fact, it compares the
values of the model that is assumed to exist among the variables
with the values of the model that is claimed to be unrelated.
Therefore, the NFI value ranges from 0 to 1, and a value greater
than 0.90 indicates a good fit. When the degree of freedom is taken
into account while calculating the NFI value, the non-NFI (NNFI)
value is obtained. NNFTI is also known as the Tucker Lewis Index
(TLI) [5]. Comparative Fit Index (CFI): The CFI value assumes
that all latent variables are uncorrelated and compares the sample
covariance matrix with the value produced by this unrelated
assumed model [15]. The CFI value lies between 0 and 1, and a
value greater than 0.90 indicates a good fit [12]. In cases where the
fit indices are not acceptable in CFA, it may be difficult to redefine
the model or create a new model. Therefore, it may be necessary
to make adjustments (modifications) based on the results obtained
because of CFA. These indices suggest detailed modifications to
the researcher by examining the covariances between variables
and latent variables [16].

1.2. Relevant Publications and Research

PLS-SEM has been widely used as a statistical modeling technique
inrecent years. In the past few decades, numerous studies have been
conducted across different disciplines, comparing CB-SEM, PLS-
SEM, and PLSc-SEM methods. When these studies are examined,
it is evident that they primarily focus on method comparisons,
the separate application of methods, and the determination of the
reliability and validity of scales. In their study, Hair et al. examined
the CCFA approach, which they referred to as the composite CFA
[17]. They used the CFA method to validate both reflective and
formative measurement models while employing the PLS-SEM
approach. In this study, they stated that the CCFA method consists
of linear composite structures and has advantages in validating the
measurement model.

In their study on customer satisfaction and purchase intention,
Dash, and Paul investigated the differences between the two
methods using experimental data, without considering the
problems related to sample size and distribution [18]. They
concluded that PLS-SEM should be referred in composite-based
models, while CB-SEM or PLSc-SEM should be used in factor-
based models. Many studies have been published on the use of
the PLS-SEM method and the discovery of its infrastructure. Hair
et al. also examined different SEMs related to the method in their
book on PLS-SEM [4,17]. When the field literature in Turkey was
examined, it was found that Civelek conducted separate analyzes
using the CB-SEM and PLS-SEM methods on a small and non-
normal data group [19]. The analyses performed in this study were
compared and, although PLS-SEM is the most preferred method
for small sample sizes and non-normal data distribution, the data
obtained through both methods were found to be compatible. Polat
also investigated the validity and reliability of the scale applied
to teachers using PLS-SEM [20]. In the study, the 29-item scale
was applied to 98 individuals, and the reliability and validity of
the scale were examined using the PLS-SEM approach. The study
concluded that, in the field of Educational Sciences, PLS-SEM can
be an alternative method in cases where the assumption of normal
distribution is not fulfilled.

1.3. Purpose of the Study

In today's world, advancements in technology necessitate the
adaptation of education policies to this change. International exams
and practices conducted globally have become important in order
for countries to assess their own levels and guide their education
policies. One of these practices is the Program for International
Student Assessment (PISA), implemented by the Organization
for Economic Co-operation and Development (OECD), which
aims to measure the ability of 15-year-old students to use their
reading comprehension, mathematics, and science knowledge to
cope with real-life problems. Therefore, the structural validity
and qualifications of the scales used in the PISA application are
crucial for comparing the data. In these applications, there are
inconsistencies regarding whether there is a relationship between
student achievement and achievements in information and
communication technologies (ICT). Two fundamental issues were
identified in these studies. The first issue relates to the difficulty of
observing student achievement and the lack of a clear definition of
the same. The second issue is that ICT are rapidly evolving, making
it challenging to separate their effects from the environment [21].
In light of this information, it is believed that conducting factor
analyses using two different approaches, EFA (Exploratory
Factor Analysis) and CFA (Confirmatory Factor Analysis), on the
data from the PISA 2018 ICT scale for the Turkish sample will
contribute to the field literature.

The aim of this study is to determine the structural validity of the
exams in which the validity and reliability of the internationally used
scales—such as the PISA exam—are determined by using PLS-
SEM, PLSc-SEM and CB-SEM. Upon examining the literature on
the field, new features related to approaches have been discovered
in recent years in studies conducted using PLS-SEM and PLSc-
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SEM. In their study, Hair et al. examined the CCFA approach,
which they called combined CFA [17]. The CCFA method is used
to confirm both reflective and formative measurement models
when using PLS-SEM. In the study, they stated that the CCFA
method consists of linear composite structures and has advantages
in confirming the measurement model. However, it is necessary
to expand and update the developments in the field of PLS-SEM
in light of new studies and research. The purpose of this study is
to contribute to the literature by comparing the three approaches
using the same sample in sub-data groups with different distribution
characteristics.

In this study, three problems have been presented:

- Do fit indices, item parameters, and latent variable parameters
differ when CB-SEM, PLS-SEM, and PLSc-SEM are applied to
the PISA 2018 ICT Scale Turkey sample in different sample sizes?
- Does the validity and reliability of the scale differ when CB-SEM,
PLS-SEM, and PLSc-SEM are applied to the Turkish sample of
the PISA 2018 ICT Scale?

- Do fit indices, item parameters, and latent variable parameters
differ when CB-SEM, PLS-SEM, and PLSc-SEM are applied to
the PISA 2018 ICT Scale Turkey sample under the assumption of
normal distribution and right or left skewed distribution?

In addition, since each of the three different methods has its
limitations, it is believed that investigating the advantages and
disadvantages of using them under which distribution and in
solving which problems will contribute to the literature.

1.4. Limitations of the Study

In this study, the ICT014 and ICTO15 coded subtests of the
application of the PISA 2018 ICT scale were examined. Both
sub-scales use a 4-point Likert-type scale with responses being
"Strongly Disagree," "Disagree," "Agree," and "Strongly Agree."
Both scales consisted of five items. While the normal and non-
normal distributions were obtained in the same sample, a new
variable consisting of the total score was added. For different
distribution assumptions, data were selected using the R program.
All variables of the selected data were organized using Microsoft
Excel. One of the most important limitations of this study is
that, although the results obtained are similar to that of previous
studies, comparing both methods might have been affected by the
characteristics of the dataset used. In fact, the results obtained for
another SEM with a small sample size or different distribution

characteristics may differ. The ICT014 and ICTO15 coded tests of
the application of the PISA 2018 ICT scale used in this study were
examined using the SmartPLS program. The analysis revealed
the reflective nature of SEM and the relatively low number of
latent variables as another limitation. Having different fit indices
associated with the software programs used in this study posed
some challenges in comparing the two approaches. Additionally,
changing the calculation methods used may cause differences in
the obtained results.

2. Methodology

The aim of this research is to investigate an existing situation
in detail. Additionally, the purpose of the study is to present the
data obtained through interviews and observations to the reader
in an organized and interpreted way. In descriptive analyses,
a cause—effect relationship is established between the findings
and, if necessary, comparisons are made between the cases [22].
Therefore, the descriptive analysis method was used in this study.
In PISA applications, the school sample is determined using the
two-layer random sampling method. One of the innovations made
in the PISA 2018 application is the addition of the ICT survey.
Research data were obtained from the official website of the OECD,
which prepared the PISA 2018 assessment. In the PISA 2018
application, the ICT questionnaire evaluates students’ thoughts
regarding the use of digital media and digital tools with 20 items
rated on a 4-point Likert-type scale. The data of students who did
not answer any of the items of the questionnaire were excluded
from the dataset to avoid the formation of normal, right, and left
skewed sub datasets within the dataset. In this study, the data of
5963 students who answered the 10 items in the Turkey ICT014
and ICTO15 scales were used. Descriptive statistics for both tests
were calculated. It was observed that the group is heterogeneous,
the distribution has a kurtosis (0.502), and the skewness (-0.371)
is close to zero. Based on this information, it can be inferred that
the distribution is normal.

Before conducting EFA using IBM SPSS25, the Kaiser-Meyer-
Olkin (KMO) test and Bartlett's Test of Sphericity were performed.
With a KMO value of 0.908, the sample size can be considered
excellent, and factor analysis can be conducted. According to
Bartlett's Test of Sphericity, it can be concluded that the test data
is derived from a multivariate normal distribution. EFA was then
performed using IBM SPSS25.

Item Load Value After Rotation
Factor Common Variance Factor 1 Factor 2
I.1 0,538 0,805 0,296
1.2 0,711 0,804 0,295
1.3 0,683 0,803 0,257
L4 0,736 0,798 0,215
L5 0,733 0,700 0,219
1.6 0,745 0,186 0,843
1.7 0,687 0,212 0,828

Gen Surgery Clin Med, 2025

Volume 3 | Issue 2 | 4



1.8 0,576 0,248 0,791
1.9 0,689 0,351 0,752
I.10 0,730 0,366 0,665

Table 1: EFA (Rotated Principal Components Analysis) Results

Upon examining the eigenvalues of the factor structure of the
ICTO014 and ICTO15 scales, it was calculated with IBM SPSS25
that the scales were a two-factor structure, and the eigenvalues of
each factor were greater than one. This two-factor structure explains
68.270% of the total variance. The factor loads that provided
the item load values of 0.30 were not considered, and items that
loaded onto the same factors were determined. Additionally, it was
observed that the difference between the factor loadings of items
was greater than 0.29. Therefore, no items were removed from the
scales. The factors with the highest factor loading were examined
based on the condition that there was no overlap; the factor loadings
of the items based on rotated principal components analysis results
are presented in Table 1. The two-factor structure was determined
after the graph of the factor loads was examined. In this study, two-
factor CFA was conducted using PLS-SEM and PLSc-SEM method
with SmartPLS software. Additionally, the two-factor CFA was
conducted using the CB-SEM method and ML estimation in Mplus
software. The ML method is based on the principle of maximizing
the probability of obtaining the covariances of the observed data.
At the same time, in the ML method, the sum of the squares of
the differences between the sample covariance and the elements
of the researcher's predicted covariance matrix is minimized. The

ML method has some limitations, such as being inefficient in small
samples, having variables with normal distribution, no missing
data, and independence of exogenous variables [5].

3. Findings

A two-factor CFA was conducted using the PLS-SEM and PLSc-
SEM methods with the SmartPLS software, utilizing data from
5963 students who completed the ICT014 and ICTO15 scales
in Turkey. The latent variable for the ICT014 scale was named
"Comfort," while the latent variable for the ICT015 scale was
named "Self-Efficacy.” The relationship between the implicit
structure and the variables was found to be reflective. In the CFA
analysis conducted using CB-SEM, PLS-SEM, and PLSc-SEM,
the factor loads of the items were examined; the lower values in the
0.5% confidence interval are given in Table 2. The Mplus software
took ML estimation as 1000 iterations and convergence criteria as
0.500D-04. When the factor loads of the items were examined, the
factor loads of the PLS-SEM are higher than the factor loads of
the CB-SEM and that the factor loads are reduced when the PLSc-
SEM is used. Further, the path coefficients (the coefficient between
the latent variables) are larger in CB-SEM when compared to the
other two methods.

n =5963 Comfort Self-Efficacy
Item Factor Loads Item Factor Loads

CB PLS PLSc CB PLS PLSc
I.1 0,616 0,719 0,674 1.6 0,762 0,812 0,711
1.2 0,769 0,839 0,787 1.7 0,775 0,826 0,751
L3 0,764 0,822 0,746 1.8 0,735 0,802 0,816
1.4 0,864 0,872 0,839 1.9 0,820 0,858 0,858
L5 0,854 0,867 0,833 I.10 0,787 0,828 0,730

Table 2: Factor Loads of CB-SEM, PLS-SEM and PLSc-SEM

The fit indices, NFI, TLI, SRMR, validity, and reliability values of
the three methods compared were examined and are given in Table

3. It was found that the method with the largest NFI value and the
smallest SRMR value was the CB-SEM method.

n =5963 P, AVE
NFI /TLI SRMR R? Comfort Self-Efficacy Comfort Self-Efficacy
CB 0,934 0,034 0,415 0,913 0,920 0,666 0,679
PLS 0,909 0,060 0,365 0,914 0,914 0,682 0,681
PLSc 0,934 0,040 0,464 0,884 0,882 0,605 0,601

Table 3: Fit, Reliability, and Validity Indices for CB-SEM, PLS-SEM and PLSc-SEM
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When the NFI and TLI values were examined, it was seen that the
values of CB-SEM and PLSc-SEM were equal and greater than the
value of PLS-SEM. 1t is thus evident that CB-SEM provides more
stable results in establishing the relationship between the estimated
model and the initially given model. Therefore, this indicates that
the SEM structure obtained with CB-SEM and PLSc-SEM is more
compatible.

With regard to the SRMR values, PLS-SEM values were greater
than the CB-SEM and PLSc-SEM values. The is because, in the
Lohméoller algorithm used in PLS-SEM, the errors are ignored
when examining the weights of variables.

When examining the studies conducted, it was noted using the
ML estimation used in CB-SEM in the normal distribution posed
a limitation. To compare CB-SEM, PLS-SEM, and PLSc-SEM
in samples with different distributions based on sample size,
skewness, and kurtosis coefficients, the R program was used. When
the CFA results conducted using CB-SEM, PLS-SEM, and PLSc-
SEM were examined, it was observed that the linear relationship

between the latent variables was positive. The data of 3000, 2500,
2000, 1500, 1000, 750, 500, 250, and 100 students among the data
of 5963 students in the PISA 2018 ICT Scale Turkey sample were
selected in the appropriate kurtosis range using the R program as
normal, right, and left skewed distribution. EFA was conducted
using CB-SEM, PLS-SEM, and PLSc-SEM with the obtained
data. The findings of NFI/TLI, SRMR values obtained because of
the analysis are given in Table 4. When PLS-SEM and PLSc-SEM
were used, for data groups that meet the assumptions of normal
and non-normal distributions, no suitable solution could be found.
When examining other parameters of the conducted analyses, it
was found that AVE and p, values were below the acceptable limit
(p, <0.70 and AVE < 0.50). At the same time, there was a negative
correlation between latent variables. The biggest disadvantage
of PLS-SEM and PLSc-SEM is that the relationship established
between latent variables is unidirectional. Since the algorithm used
in PLSc-SEM starts with the value of p, as 1 at the beginning, p,
and AVE values decrease as the NFI value decreases in the data
group. In Table 4, if there is no suitable solution, it was determined
as n/a.

Distribution TLI/NFI SRMR

Normal N CB PLS PLSc CB PLS PLSc
5963 0,934 0,909 0,934 0,034 0,060 0,040
3000 0,848 0,755 0,722 0,048 0,090 0,088
2500 0,862 0,802 0,794 0,049 0,085 0,078
2000 0,820 0,747 0,757 0,051 0,090 0,087
1500 0,849 0,763 0,710 0,049 0,086 0,082
1000 0,865 0,772 0,689 0,051 0,087 0,102
750 0,877 0,823 0,826 0,052 0,083 0,070
500 0,865 0,810 0,837 0,048 0,082 0,067
250 0,896 0,832 0,777 0,055 0,081 0,088
100 0,853 0,787 0,777 0,058 0,083 0,071

Right skewed | N CB PLS PLSc CB PLS PLSc
3000 0,889 0,854 0,860 0,047 0,077 0,061
2500 0,718 0,144 n/a 0,071 0,193 n/a
2000 0,720 0,564 0,437 0,071 0,106 0,131
1500 0,879 0,839 0,821 0,053 0,081 0,074
1000 0,806 0,668 0,326 0,060 0,085 0,140
750 0,879 0,839 0,830 0,052 0,081 0,065
500 0,848 0,347 n/a 0,058 0,218 n/a
250 0,802 0,669 0,267 0,065 0,100 0,197
100 0,815 0,118 n/a 0,072 0,285 n/a

Left-skewed N CB PLS PLSc CB PLS PLSc
3000 0,930 0,886 0,927 0,035 0,070 0,041
2500 0,890 0,738 0,655 0,049 0,085 0,114
2000 0,936 0,887 0,934 0,034 0,070 0,038
1500 0,940 0,896 0,937 0,031 0,067 0,037
1000 0,851 0,357 n/a 0,058 0,171 n/a
750 0,917 0,877 0,906 0,042 0,068 0,043
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500 0,810 0,347 n/a 0,065 0,183 n/a
250 0,772 0,105 0,102 0,080 0,656 0,642
100 0,933 0,840 0,716 0,059 0,085 0,082

Table 4: Fit Indices for CB-SEM, PLS-SEM and PLSc-SEM

4. Results and Discussion

In this study, data from 5963 students who answered the ICT014
and ICTO15 scales in Turkey were used. Using the same sample
data, CFA and EFA were conducted on data with sample sizes
of 3000, 2500, 2000, 1500, 1000, 750, 500, 250, and 100, both
with normal and non-normal distributions. The results obtained
using CB-SEM, PLS-SEM, and PLSc-SEM can be summarized
as follows:

1) When CB-SEM, PLS-SEM, and PLSc-SEM were used, for data
groups that met the assumption of normal distribution, the method
with the highest NFI/TLI value and the smallest SRMR value was
found to be CB-SEM. The main reason for this is that the ML
estimation used in CB-SEM minimizes the sum of the squares of
the differences between the sample covariance and the researcher's
predicted covariance matrix elements. Therefore, the resulting TLI
value is higher. When trying to make the PLSc-SEM factor loads
consistent, there is no definitive evidence regarding whether the
distribution assumption of NFI values is effective. However, when
other parameters of the analysis are examined, it is seen that the
correlation between latent variables is negative in data groups with
very low NFI values. When examining the correlation between
latent variables in PLSc-SEM, it can be said that it is insufficient
in the case of PLS-SEM.

2) When CB-SEM, PLS-SEM, and PLSc-SEM were used, for
data groups that met the assumptions of normal and non-normal
distributions, CB-SEM was the method with the smallest SRMR
value. This is because the Lohmoller and Dikjstra algorithms used
in PLS-SEM and PLSc-SEM work in the first step of the linear
equation between the latent variables and the observed variables
without considering the error.

3) When CB-SEM, PLS-SEM, and PLSc-SEM were used, for data
groups that met the assumption of normal distribution, the factor
loads of all items were greater in PLS-SEM compared to the factor
loads obtained in CB-SEM. It can thus be stated that, in PLS-
SEM, the convergence is fast, and the errors are not considered
important. Since PLSc-SEM attempts to reduce factor loadings
to be consistent with the correlation matrix, the factor loadings
obtained in PLSc-SEM are smaller than those obtained using PLS-
SEM. However, when the results obtained were examined, for
some items, the factor loadings in PLSc-SEM were greater than
those in PLS-SEM. When the other results of the analyses were
examined, there were items with high weights in the equation
established linearly between the latent variables and the observed
variables.

4) When PLS-SEM and PLSc-SEM were used for data groups
that met the assumptions of normal and non-normal distributions,
different methods were followed when calculating variances. When
the other parameters of the analysis obtained were examined, it
was seen that while CB-SEM examined the variance shared with
other indicators, the item's unique variance and error variances for

each item, PLS-SEM, and PLSc-SEM work on total variance.

5) When CB-SEM is used, model fit indices are a better method
for explaining how well a hypothetical model fits the experimental
data. Based on the analysis results, CB-SEM calculates confidence
intervals, estimations, item variances, and fit indices. However,
CB-SEM is not sufficient for calculating reliability and validity
parameters. PLS-SEM and PLSc-SEM, on the other hand, have
sufficient reliability and validity parameters for the weight of the
items, while their confidence intervals, estimations, and variances
of the items are insufficient. Therefore, PLS-SEM and PLSc-SEM
can be recommended for EFA, while CB-SEM is better suited for
CFA.

6) PLS-SEM and PLSc-SEM estimate the structural model and
evaluate the model's explanatory and predictive power. Therefore,
both methods are more sensitive than CB-SEM regarding
examining the reliability and validity parameters. CB-SEM
focuses on estimations and fit indices.

7) In the existing field literature, there are different opinions
regarding data distribution and sample size. In this study, it was
found that PLS-SEM and PLSc-SEM do not work efficiently in
small sample sizes and non-normal distributions. Additionally,
PLS-SEM and PLSc-SEM offer alternatives for modifying the
structural model. Supporting the studies of Hair et al., it can
be concluded that as the sample size decreases, the statistical
consistency of PLS-SEM and PLSc-SEM decreases [4]. Therefore,
it would be misleading to state that PLS-SEM and PLSc-SEM
work better as the sample size decreases.

5. Suggestions

In future studies, when the sample size is small and in non-normal
distributions using experimental datas (such as PISA), the choice
between these two methods should be made by examining the
assumptions and objectives of both approaches. The observed
dataset should be in accordance with the formulated hypothesis
and theory. Otherwise, the results obtained from the analysis will
contain errors and misconceptions. It has been observed that PLS-
SEM and PLSc-SEM are better suited for determining complex
models in SEM (reflective and formative, internal and external
latent variables) and offer alternatives to researchers. However,
it should not be forgotten that, as the characteristics of the data
distribution and sample size change, values outside limits can be
found in PLS-SEM and PLSc-SEM. If theoretical or conceptual
assumptions support large models and there is sufficient data, PLS-
SEM and PLSc-SEM should be used. In the field of Educational
Sciences and the international exams such as the PISA exam, for
SEM studies with experimental data, it is recommended to use PLS-
SEM and PLSc-SEM in EFA, while CB-SEM is recommended
for CFA. Despite the limitations of CB-SEM in terms of data
distribution and sample size, it offers various estimation methods,
such as GLS and ULS. In future studies, comparisons can be made
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with other estimations of CB-SEM [23-62].
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