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�is study explores the impact of electronic payment systems on Saudi Arabia’s customer satisfaction during the COVID-19
pandemic. Descriptive analytical approach of a sample of 1,025 people living in Saudi Arabia was used to answer the study
questions and test its hypotheses. �en, a new hybrid fuzzy inference system (HyFIS) is proposed to predict customer satisfaction
during COVID-19 pandemic. �e proposed system contemplates customer resistance (CR), access to technology (AT), privacy
(PV), costs (CT), and speed of e�ciency (SE) as the input variables and customer satisfaction (CS) as the output variable. Various
statistical tests are utilized to determine the e�ciency of input variables in the obtained data. �e statistical tests are multi-
collinearity tests, reliability and validity, ordinal least square (OLS), �xed e�ect, and random development. As a result, we can
determine each input variable’s direct and indirect impact on the CS. Under OLS, �xed e�ect, and unexpected e�ect, the SE, CT,
PV, AT, and CR considerably impact EP. �e EP has been shown to have substantial positive indirect implications. Under OLS,
�xed e�ect, and random e�ect, the CT, PV, and CR are found to have a signi�cant positive impact on CS. In addition, the AT has a
substantial impact on CS in a �xed e�ect indirect e�ect. �e results of HyFIS were compared to those of the adaptive network-
based fuzzy inference system (ANFIS). �e results reveal that HyFIS outperforms ANFIS in predicting CS based on the
error criterion.

1. Introduction

All countries of the world have been negatively a�ected
economically and healthily by the COVID-19 pandemic.
Among these countries is Saudi Arabia, where Saudi
Arabia recorded more than 751,000 con�rmed cases with
more than nine thousand deaths as of April 1, 2022 [1]. It
was reported that the negative impact on Saudi Arabia’s
main gross domestic product (GDP) in 2020 was esti-
mated to range between 4.8% and 9.8% compared to the
baseline level, while the Saudi government’s �scal

countermeasures resulted in a positive impact of 2.5% in
real GDP [2]. Note that, more reliance has been placed on
e-commerce (electronic commerce) and online banking
services, as they are new ways of developing technology. It
is worth noting that during the COVID-19 pandemic,
global reliance on electronic payment expanded rapidly
[3, 4]. According to a study from China banking and
insurance news (2020), the number of transactions done
via mobile payment, a sort of e-payment system, increased
by 187% in the �rst quarter of 2020 in China compared to
the previous year [5].

Hindawi
Journal of Mathematics
Volume 2022, Article ID 1599785, 12 pages
https://doi.org/10.1155/2022/1599785

mailto:nwwaf977@gmail.com
https://orcid.org/0000-0001-7590-7887
https://orcid.org/0000-0002-2170-2074
https://orcid.org/0000-0002-7361-5490
https://orcid.org/0000-0002-8328-850X
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/1599785


E-commerce has recently emerged as a connector be-
tween buyers and sellers or between producers and con-
sumers. It allows for selling and buying different products
based on transactions effectively made via various Internet
services and performing EP through e-banking and mobile
banking [6]. *e banking industry is a significant industry
that involves EP in different financial transactions. *is
allows for many transactions to occur easily and rapidly [7].
Consequently, EP is considered a significant pillar of
e-commerce. Services of flexible payment are developed by
banking systems such that these services can be exploited
ubiquitously anytime (e.g., e-banking, mobile banking, and
so on). Several clients are using these provided services with
no restrictions on timing. In contrast, noncash payments are
also practiced by them [8]. Furthermore, many e-commerce
sites have been collaborating with banks to offer online
payments with several security layers, particularly for global
cross-currency transactions [9]. Additionally, banking ser-
vices can support e-commerce when conducting different
types of transactions. E-commerce should cooperate with
banks to enhance the payment services within various online
transactions to make it convenient for consumers when
proceeding with their down payments, including several
different choices of online payment [10].

*e prominent theory in obtaining information is ac-
quired from the Trust *eory Consumers’ satisfaction can
increasingly rely on reliability while making additional
purchases as assumed by consumers’ [11]. Trust is the major
driving factor for customer loyalty [12]. In addition, EP
systems should pay great attention to the security factor [13].
*e protection and security systems within the EP system
represent the primary focus for consumers in performing
their transactions. When these two actions are applied,
consumers can immediately conduct their payments. *e
entire risk should be avoided as they influence the lack of
confidence in an institution. In addition, CS compares
different services or goods purchased in line with the
“customers” expectations. It causes a feeling of happiness
because it matches their expectations [14].*e satisfaction of
consumers possesses a significant impact on consumers’
loyalty and repurchases of products and services [15].

Masudin et al. [16] examined the influence of the
traceability system on Indonesia’s food cold chain perfor-
mance during the COVID-19 epidemic and defined the
demands of cold food consumers in Indonesia regarding the
traceability system. Indeed, the previous literature used OLS
and structural equation models to predict CS. Al-Hashem
et al [17] investigated the role of e-personalization and
e-customization in achieving e-customer satisfaction in the
case of COVID-19. Nasereddin et al. [18] studied the ac-
ceptance of mobile payments in Jordan, especially some
factors that affect the acceptance of mobile payments in
Jordan, such as PV, cost, and security. Neger and Uddin [19]
investigated the factors affecting consumers’ Internet
shopping behavior during the COVID-19 pandemic in
Bangladesh. *is article measures variables such as price,
product influence, payment, time-saving, security, psycho-
logical, and organizational factors that affect consumers’
Internet shopping behavior during the COVID-19

pandemic. Hashem [20] discussed the factors that influenced
change in customer behavior during the COVID-19 pan-
demic toward e-shopping. *ese factors include prices,
necessity, payment method, frequencies, and availability of
products. Note that, a variety of machine learning models
have recently been applied for detecting COVID-19 pan-
demic [21–23]. *e study by [24] aims to reveal the factors
that impact EP acceptance based on different views derived
from Saudi consumers. *e link between the actual usage of
an EP and the decision of an EP is afterward studied. Based
on study’s regression findings, the subjective standard, usage
simplicity, gains, and self-efficiency influence Saudi con-
sumers’ EP systems’ perceptions. Note that, there is no
relevant research in the HyFIS and ANFIS model to predict
CS based on the EP system’s behavior. In this study, we have
investigated the relationship between CR, AT, PV, CT, and
SE with CS during COVID-19 by statistical approaches in
Section 5. To do that, we created a questionnaire to measure
the effects of e-payment systems and customer satisfaction in
Saudi Arabia.*en, a newHyFIS and ANFIS are proposed to
predict CS during COVID-19 pandemic. Note that, HyFIS
method uses heuristic fuzzy logic rules and input-output
fuzzy membership functions that can be optimally tuned
from training examples by a hybrid learning scheme. In
Section 2, we discussed the concept models for this study,
whereas Section 3 discussed the research technique with
details.*emathematical models we employed are described
in Section 4, while the experimental results are reported in
Section 5. Section 6 ended with the conclusion.

2. The Conceptual Model

*e conceptual framework represents the assembled theo-
ries and the relationship between variables [25], describing
the examined region. *e structural model displays the
relationship between the EP system on CS under COVID-19.
Furthermore, it demonstrates the direct and indirect rela-
tionship between the independent variables (CR to change,
AT, CT, SE, and PV concerns) on the dependent variable
(EP customer satisfaction) at the significance level. *is
model is constructed on prior academics’ theories published
in peer-reviewed journals. Hypothesis testing aims to de-
termine the impact of exogenous, endogenous, and mod-
erating variables. If (P-value < chosen significance level),
then we reject the null hypothesis [26]. *e hypotheses were
derived from the conceptual model described below in
section 3.

(1) CS and performance have long been crucial factors in
surviving and succeeding in today’s competitive
business [27]. It has received significant attention in
the business literature due to its importance in de-
termining customers’ actions and purchasing be-
havior [28]. According to [29], customer satisfaction
is a rating given by customers on how well an item or
service meets their needs. *e entrepreneur and
stakeholders could use the impact of CS on e-money
payment applications, such as convenience, time
efficiency, and ease of operation, which are
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indicators to measure the success of CS [30].
According to [31], CS is a mental state in which
clients compare their prepurchase expectations
against their postpurchase impression of product
performance. *is evaluation is determined by the
product’s availability, the availability of information,
and the demand for the product. Based on these
three variables, customers will compare their ex-
pectations and views. Personnel service quality sig-
nificantly impacts CS, while CS impacts customer
loyalty. Technical service quality also significantly
affects customer loyalty [32].

(2) EP has attracted academicians and policymakers’
attention as a significant new business model inno-
vation in business and economic life [33]. Payment is
a complex process with multiple stages and many
parties involved. In the last few years, there has been
significant growth in electronic payment services to
make payments more efficient and convenient for
consumers [16]. At the same time, technology has also
impacted the scope of fraud in e-payment systems.
One way to minimize this risk is by using biometric
data like fingerprints or facial recognition as identi-
fication verification at each stage of processing pay-
ments. However, these systems are costly and
cumbersome to run. *e much-hyped “biometric
ATM card” has failed to materialize due to the high
cost ofmaintaining a network of biometric scanners at
each ATM. *e new idea of using a blockchain for
payment seems simple enough and faster for the
transaction [34]. Blockchain may increase product
safety, security, and quality control. Adopting
blockchain technology in supply chain operations and
management may also minimize fraudulent coun-
terfeiting, enhance sustainable supply chain man-
agement, and reduce the need for intermediaries. EP
plays a role inmaking life easier for customers to solve
their payment problems and increase their satisfac-
tion. EP services refer to electronic payment instead of
the traditional method in which the customers use
cash on hand in the specified place. EP does not
require more expenses, time, effort, and specific place
than a traditional payment.*e benefits of EP include
its convenience, ease of use, quick transaction times,
speedier payment, and simplicity of the payment
transaction to increase CS [35].

(3) CR refers to the customer’s unwillingness to switch
from conventional paying bills to electronic. CR was
thought to be one of the critical reasons for the
failure/success of innovations on the market [36].
Companies must understand CR and the variables
that contribute to it to be more efficient in enhancing
productivity, competitiveness, and profitability [37].
According to [38], this study was about consumers
who are resistant to changing their way of paying
their bills or replacing the traditional approach that
relies on paper and factors that influence customers’
attitudes about EP.

(4) AT refers to a customer’s ability to access technol-
ogies and use them. According to [39], AT and PV
play an essential role in the EP. Social media may be a
marketing strategy that allows users to connect,
consume, collaborate, and achieve business-end
goals [40]. Furthermore, one of the advantages of
using social media as a communication platform is
the ease of two-way contact between a company and
its stakeholders. Followers’ belief in influencers’
sponsored postings is influenced by the informa-
tional value of influencer-generated material and the
influencer’s trustworthiness, attractiveness, and
similarity to the followers [41]. Financial technology
availability, accessibility, simplicity of use and per-
formance, transaction costs, and service security
positively and significantly impact bank client sat-
isfaction [42].

(5) PV determines the dangers of utilizing personal
information and financial information online. [43]
stated that customer service, trust issues, learning,
and PV are some of the variables influencing EP.
Security and PV are two of the many variables that
are significant solid elements of satisfaction toward
Fintech mobile payment, which is a component of
EP systems [18, 44].

(6) CT refers to customers willing to pay a low service
charge to buy services and products [45] studied the
effects of electronic banking services on client satis-
faction using survey questions given to 175 Jorda-
nians. *e results show that the impact of these
characteristics (convenience, cost, simplicity of use,
personalization and customization, and security) on
client satisfaction in the banking industry is favorable.
Because the privacy indicator is linked with the other
variables, it is removed from the model. Only PV has
been found not to influence client satisfaction.

(7) SE refers to customers unwilling to wait any longer
than they have to for service or to buy the product. In
our constantly evolving digital society, the options
expanding every day, customers are more willing
than ever to take their business elsewhere if they do
not get what they want when they want it. According
to [28], consumer satisfaction or dissatisfaction with
electronic banking services results from constant
assessment and monitoring. It is the most robust
criterion for evaluating the bank’s services. Cus-
tomer satisfaction assessment assists the bank in
enriching and adjusting the electronic banking
services given in terms of convenience, flexibility,
and SE, as well as the low CT of services.

3. Research Methodology

3.1. $e Methodology of $is Work Is Summarized as Follows

(1) In this study, we created a questionnaire to measure
the effects of e-payment systems and customer sat-
isfaction in Saudi Arabia. Figure 1 shows the selected
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elements, where the ingredients are chosen based on
some statistical tests. �ese tests are multicollinearity
tests showing reliability and validity, OLS, �xed ef-
fect, and random e�ect. �e direct and indirect re-
lationship of independent factors (CR to change, AT,
CT, SE, and PV concerns) on the dependent variable
(EP customer satisfaction) is described in Figure 1
[46]. �e study examined these factors via the fol-
lowing hypothesis tests. �e primary null hypothesis
is H01 (there is no e�ect of the EP system on CS under
COVID-19 at the signi�cance level of less than 5%).
�e sub-null hypotheses are H011, H012, H013,
H014, and H015.

(2) We proposed new forecasting arti�cial neural net-
work models using the HyFIS and ANFIS systems.
�e models are used to predict customer satisfaction
with e-payment systems during the COVID-19
pandemic in Saudi Arabia.

(3) �e results of the proposed models are compared
based on some of the statistical error tests.

4. Mathematical Models

4.1. Multiple Regression Models. A statistical approach that
can be used to analyze the relationship between a single
dependent variable and independent variables is multiple
regression. �e multiple regression analysis is used for the
independent variables known to predict the single depen-
dent value by their values. �e weights are weighed for each
predictor value, which denotes their relative contribution to
the prediction.

Yi � α +∑
n

i�1
βiXi + εi, (1)

where Yi are the dependent variables of the i-the observa-
tions and Xi, i � 1, 2, . . . , n are the independent variables.
�e βi, i � 1, 2, . . . , n are the coe�cients of independent
variables, α is constant, and εi represents unobserved var-
iable (error).

�e direct and indirect e�ects examined in this section
use three di�erent approaches: the ordinary least square
(OLS), the �xed e�ects, and the random e�ects. In statistics,
OLS is a kind of linear least squares method for estimating
the unknown parameters in a linear regression model. In
addition, OLS selects the parameters of a linear function of a
set of explanatory variables according to the principle of least
square: minimizing the sum of the squares of the di�erences
between the observed dependent variable in the speci�ed
dataset and those predicted by the linear function of the
independent variable. �e OLS estimator is consistent when
the regressors are exogenous. When the errors have �nite
variances, the OLS method provides minimum-variance
mean-unbiased estimate under the Gauss–Markov theorem.

�e �xed e�ect is typically used in regression, assuming
the independent variable is �xed. �e random e�ects model
is called a variance component model. Contrary to the �xed
e�ects model, in the random e�ects model, the individual-
speci�c e�ect is a random variable that is uncorrelated with
the explanatory variables [47].

4.2. ANFIS Model. �e ANFIS consists of both fuzzy logic
and an arti�cial neural network. For ANFIS training, neural
network learning algorithms will use [48]. Two processes,
the forward and the backward step, consist of the “ANFIS”
learning algorithm. �e forward process goes via the �ve
layers [49]. �e fuzzy inference system under consideration
should have two inputs (x and y) and one output (z) to
simplify the explanations. A standard rule set of base fuzzy
if-then rules for the �rst order of the Sugeno fuzzy model can
be expressed as follows: if x is A1 and y is B1, then
f1 � p1x + q1y + r1; here, p, r, and q are linear output
parameters. �e “ANFIS” architecture with two inputs and
one output is shown in Figure 2 [48, 49].

4.2.1. Layer 1. Every node i in this layer is a square node with
a node function.

O1,i � μAi(x) for, i � 1, 2, 3,

O1,i � μBi− 3(y) for i � 4, 5, 6,
(2)

where x andy are inputs to node i, andAi andBi are linguistic
labels for inputs. In other words, O1,i is the membership
function of Ai and Bi. Typically, μAi(x) and μBi(y) are se-
lected to be bell-shaped with a maximum of 1 and minimum
of 0, such as μAi(x), μBi− 3(y) � exp[− (xi − ci)

2/ai], where
the set of the parameter is ai, ci. �ese parameters are referred
to as premise parameters in this layer. Indeed, using the
Gaussian function as the shape of the membership function,

Customer
resistance

Access to
technology 

Privacy
(security and

trust)

Costs

Speed and
efficiency

E-Payment

e1 e2

Customer
satisfaction

Figure 1: Research structural model. H01: �ere is no e�ect of the
EP system on CS under COVID-19 at the level of signi�cance
(α≤ 0.05). H011:�ere is no e�ect of CR on CS under COVID-19 at
the level of signi�cance (α≤ 0.05). H012: �ere is no e�ect of ATon
CS under COVID-19 at the level of signi�cance (α≤ 0.05). H013:
�ere is no e�ect of PV concerns on CS under COVID-19 at the
level of signi�cance (α≤ 0.05). H014: �ere is no e�ect of CT
concerns on CS under COVID-19 at the level of signi�cance
(α≤ 0.05). H015: �ere is no e�ect of SE on CS under COVID-19 at
the level of signi�cance (α≤ 0.05).
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the fuzzification process transforms crisp into linguistic
values.

4.2.2. Layer 2. Each node in this layer is a circle node labeled
Π that multiplies the incoming signals and sends out the
product. For example,

O2,i � wi � μAi(x) · μBi− 3(y), i � 1, 2, 3, . . . , 9. (3)

Each node output describes the firing strength of a rule.
*e inference stage uses this layer’s t-norm operator (the
AND operator).

4.2.3. Layer 3. Each node in this layer is a circle node called
N. *e ith node measures the ratio of the ith rules firing
strength to the sum of all rule’s firing strengths:

O3,i � wi �
wi

w1 + w2 + . . . + w9( 
, i � 1, 2, 3, . . . , 9. (4)

In short, the ratio of the strengths of the rules is cal-
culated in this layer.

4.2.4. Layer 4. Each i node in this layer is a square node with
a node function

O4,i � wi · fi � wi · pix + qiy + ri( , i � 1, 2, 3, . . . , 9,

(5)

where wi is the output of layer three and pi, qi, ri  is the
parameter set. Parameters in this layer will be referred to as
consequent parameters. In short, the parameters for the
resulting parts are evaluated in this layer.

4.2.5. Layer 5. A circle node called 
 is the single node in

this layer that calculates the overall output as the summation
of all incoming signals:

O5,i � overall output � 
i

wi · fi �
iwi · fi

iwi

. (6)

Indeed, the overall output as the sum of all incoming
signals is determined in this layer. *e backward step is a
database estimation method consisting of the membership
function parameters in the antecedent part and the linear
equation coefficients in the consequent domain. Since the
Gaussian function is used as themembership function in this
process, two parameters of this function are optimized:
mean and variance. *e least squares method is employed to
perform the parameter learning in this step.

Fuzzy inference systems (FIS) can solve regression prob-
lems in several domains. *ese systems utilize the fuzzy logic
that maps input data to output data. A set of if-then fuzzy rules
is generated for the input data during the mapping’s fuzzifi-
cation process. A membership function converts the inputs
into normalized values and creates. *e fuzzy if-then rules aim
to perform pattern identification and decision support which
leads to help in solving real-world problems. *e FIS converts
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Figure 2: ANFIS architecture of two inputs and one output with four rules.
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the fuzzy sets into output values. *ese paradigms are efficient
tools used in several scientific and engineering applications
(e.g., forecasting) where these paradigms are developed to
handle many environmental variables [50]. *e hybrid neural
fuzzy inference system (HyFIS), which was proposed by Kim
and Kasabov [51], is a paradigm based on the FIS with the
advantage of merging both fuzzy concepts with artificial neural
networks (ANNs) [52] and, therefore, optimizing the learning
process. *e HyFIS improves on the FIS by using heuristic
fuzzy logic rules and input-output fuzzymembership functions
that are customized using a hybrid learning method that
consists of two steps: rule generation and rule tuning [51].
When the errors have finite variances, the OLS approach yields
minimum-variance mean-unbiased estimation. *e HyFIS is
being applied in different areas and used as a basis for de-
veloping other systems due to its capacity in enabling the neural
network to learn fast and more accurately.

5. Experimental Results

5.1. Population and Sampling. *is study has followed a
questionnaire survey approach and extension of historical em-
pirical studies consisting of CR, AT, PV, CT, SE, EP, and CS.*e
questionnaire contains two parts: the first part presents the de-
mographic profile of the respondents, and the other part presents
the study variable items depending on a 5-point Likert scale
starting from (1) for “strongly disagree” to (5) for “strongly agree.”

In the beginning, the pilot study was conducted to enhance
the quality of the questionnaire. *e 30 questionnaires were
sent by e-mail to study the population, to make sure that
respondents from the clear population understood the para-
graphs of the questionnaire. A total of 23 questionnaires were
collected, yielding a response rate of 77 percent, a reasonable
response rate. Furthermore, the respondents within the pilot
study were given some minor corrections to improve the
quality of the questionnaire. *is study’s dataset consists of
persons who lived in Saudi Arabia during COVID-19. A total

of 983 out of 1025 questionnaires were used in the study. In this
study, 96 percent of respondents were adopted. Forty-two
questionnaires are also eliminated, such as partial replies or
missing values. As a result, sample size plays a critical role in
evaluating and explaining findings.

5.2. Descriptive Statistics. Table 1 shows the sample’s de-
mographic information. *is table presents the respondent’s
profile for the present research. *e percentage of respon-
dents’ gender is 47.8% male and 52.2% female. In addition,
54.9% of respondents are aged less than 30 years old, 35.7%
are between 30 and 40 years old, and 9.3% are above 40 years
old.*e table also shows that a bachelor’s degree percentage is
65.9%, and a postgraduate degree is 19.5%. *e profile table
explains that managers are 8.3% of respondents, employees
are 43.3%, students are 40.5%, and unemployees are 7.8%.

Table 2 shows all research variables’ mean and standard
deviation (SD). *e comparison indicates that EP has the
highest mean and the lowest SD values.

5.3. SelectingVariables. In this section, the selected variables
are based on a multicollinearity test depending on the
correlation coefficients and variables’ indirect and direct

Table 1: Sample profile.

Variables Categories Frequency Percentage Cumulative
percentage

Gender
Male 470 47.8 47.8
Female 513 52.2 100
Total 983 100

Age

<30 540 54.9 54.9
30–40 351 35.7 90.6
41–50 68 6.9 97.6
>50 24 2.4 100
Total 983 100

Education

Postgraduate 192 19.5 19.5
Bachelor 648 65.9 85.5
Others 143 14.5 100
Total 983 100

Work

Manager 82 8.3 8.3
Employee 426 43.3 51.7
Student 398 40.5 92.2

Unemployed 77 7.8 100
Total 983 100

Table 2: Descriptive statistics of variables.

Variables N Mean SD
CS 983 4.102 0.645
EP 983 4.495 0.468
CR 983 3.952 0.727
AT 983 4.333 0.622
PV 983 3.751 0.786
CT 983 4.128 0.708
SE 983 4.248 0.632

Table 3: Correlation coefficients.

CS EP CR At PV CT SE
CS 1 0.509 0.528 0.581 0.213 0.318 0.68
EP 1 0.568 0.626 0.487 0.616 0.506
CR 1 0.498 0.275 0.337 0.47
AT 1 0.281 0.353 0.493
PV 1 0.47 0.184
CT 1 0.307
SE 1

Table 4: Exploratory factor analysis.

Items α CR∗ AVE
CS 8 0.908 0.927 0.616
EP 5 0.751 0.923 0.572
CR 4 0.709 0.839 0.567
AT 5 0.840 0.889 0.618
PV 5 0.771 0.844 0.525
CT 5 0.807 0.866 0.570
SE 4 0.831 0.890 0.671
AVE: average variance extracted, CR∗: composite reliability, α: Cronbach’s
alpha coefficient.
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effects on ordinary least squares (OLS), fixed effect, and
random effect.

*e correlation coefficients are reported in Table 3.*ere
is a strong correlation between variables if the absolute value
of the correlation coefficient is equal and greater than 50%.
Still, there is a weak correlation if the total value of the
correlation coefficient is less than 50%. It shows a strong
positive correlation coefficient between the dependent
variable (CS) and other variables except PV and CT. It is
important to note a strong positive correlation between the
mediate variable (EP) and other variables excluding PV.
Furthermore, there is a weak correlation between CR, AT,
PV, CT, and SE. Indeed, there is no multicollinearity be-
tween these variables.

Table 4 shows the results of exploratory factor analysis
(EFA) for reliability and validity items in the questionnaire.
*e results illustrate that the CS has the highest number of
items, where Cronbach’s alpha (α) is 0.908, composite re-
liability (CR∗) equals 0.927, and average variance extracted
(AVE) equals 0.616. In addition, the EP has five items, with α
being 0.751, CR∗ equals 0.923, and AVE equals 0.572.
Furthermore, the CR has four items where α equals 0.609,
CR∗ equals 0.839, and AVE equals 0.567. Moreover, the AT
has five items, where α is 0.840, CR∗ equals 0.889, and AVE
equals 0.618. Next, the PV has five items where α is 0.771,
CR∗ equals 0.844, and AVE equals 0.525. Also, the CT has
five items where α is 0.807, CR∗ equals 0.866, and AVE
equals 0.570. Furthermore, the SE has four items, where α is
0.831, CR∗ equals 0.890, and AVE equals 0.671. In terms of
validity and reliability, the values of factor loadings are

acceptable because all of them are above. Furthermore, the
results indicate that AVE results are above .50 while CR
results are above .70, and alpha coefficients are no less than
0.7.

*e first plot in Figure 3, “residuals vs. fitted,” is useful
for evaluating linearity and homoscedasticity: if the residuals
(points on the plot) are primarily spread around the zero
line, linearity is present. Homoscedasticity refers to the
absence of a clear pattern in the residuals. *is is also re-
ferred to as a residual distribution. *e second plot, often
known as the QQ-plot, is used to evaluate the assumption of
normality: the closer the residual points are to the dotted 45-
degree line, the more likely the normality assumption is
satisfied.*e third plot is crucial for testing the hypothesis of
homoscedasticity.

*e last plot, often known as residuals vs. leverage
plot, is a form of diagnostic graphic that identifies in-
fluential observations in a regression model. Each ob-
servation from the dataset is represented as a single point
within the plot. *e x-axis represents each point’s le-
verage, while the y-axis represents each point’s stan-
dardized residual. *e degree to which the coefficients in
the regression model would differ is referred to as le-
verage. Observations with high leverage influence the
coefficients in the regression model. If we eliminate these
observations, the model’s coefficients will change signif-
icantly. *e standardized difference between predicted
and actual values is referred to as the residual. Any lo-
cation in this plot that is outside of Cook’s distance (the
red dashed lines) is considered an important observation.
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In our model, there are not any influential points. In the end,
the least squares estimation is significantly based on previous
assumptions.

Table 5 explains the indirect and direct effect of inde-
pendent variables (SE, CT, PV, AT, and CR) on the de-
pendent variable (CS) based on OLS, fixed effect, and
random effect. In the OLS-indirect effect, the independent
variables (SE, CT, PV, AT, and CR) have positive effect
(BSE � 0.082, BCT � 0.135, BPV � 0.230, BAT � 0.210, and
BCR � 0.097) on mediate variable (EP) with significant level
less than 1%. *e R-square equals 64%, and the F-stat is
significant at 1%. So, we reject the null hypothesis (H011,
H012, H013, and H014) at a significant level of 1%. Further-
more, the EP has a positive effect (BEP � 0.082) with a sig-
nificance level of less than 1%.*e R-square equals 26%, and
F-stat is significant at 1%. So, we reject null hypothesis H01 at
a significant level of 1%. In the fixed-indirect effect, the
independent variables (SE, CT, PV, AT, and CR) have
positive effect (BSE � 0.119, BCT � 0.158, BPV � 0.274,
BAT � 0.132, and BCR � 0.115) on mediate variable (EP) with
significant level less than 1%. *e R-square equals 73%, and
F-stat is significant at 1%. So, we reject the null hypothesis
(H011, H012, H013, and H014) at a significant level of 1%.
Furthermore, the EP has a positive effect (BEP � 0.63) with a
significance level of less than 1%. *e R-square equals 20%,
and F-stat is significant at 1%. So, we reject null hypothesis
H01 at a significant level of 1%. In random-indirect effect, the
independent variables (SE, CT, PV, AT, and CR) have
positive effect (BSE � 0.089, BCT � 0.131, BPV � 0.221,
BAT � 0.221, and BCR � 0.101) on mediate variable (EP) with
significant level less than 1%. *e R-square equals 71%, and
F-stat is significant at 1%. So, we reject the null hypothesis

(H011, H012, H013, and H014) at a significant level of 1%.
Furthermore, the EP has a positive effect (BEP � 0.702) with a
significance level of less than 1%. *e R-square equals 26%,
and F-stat is significant at 1%. So, we reject null hypothesis
H01 at a significant level of 1%.

Table 5 illustrates the direct effect. In OLS-direct effect,
the CT, PV, and CR have significant positive direct effect
(BCT � 0.157, BPV � 0.261, and BCR � 0.471) on CS at 1%
significant level. So, we reject the null hypothesis (H011, H013,
and H014) at a significant level of 1%. However, SE and ATdo
not have a significant direct effect on CS. So, we accept the
null hypothesis (H012 and H015) at a significant level of 5%.
*e R-square equals 56%, and F-stat is significant at 1%. In
fixed-direct effect, the CT, PV, and CR have significant
positive direct effect (BCT � 0.175, BPV � 0.260, and
BCR � 0.514) on CS at 1% significant level. So, we reject the
null hypothesis (H011, H013, and H014) at a significant level of
1%. Moreover, the AT has a significant positive direct effect
(BAT � 0.081) on CS at a 10% significant level. In other
words, we reject null hypothesis H012 at a significant level of
10%. However, the SE does not directly affect CS at a sig-
nificant level of 5%. *e R-square equals 56%, and F-stat is
significant at 1%. In random-direct effect, the CT, PV, and
CR have significant positive direct effect (BCT � 0.157,
BPV � 0.261, and BCR � 0.471) on CS at 1% significant level.
So, we reject the null hypothesis (H011, H013, and H014) at a
significant level of 1%. However, SE and AT do not have a
significant direct effect on CS. So, we accept the null hy-
pothesis (H012 and H015) at a significant level of 5%. *e
R-square equals 56%, and F-stat is significant at 1%.

Improving the customer’s ability to get AT will increase
the customer’s willingness to switch from the conventional

Table 5: *e OLS, fixed effect, and random effect.

Effects Dep. var. Indep. var.
OLS Fixed effect Random effect

B S.E t-stat B S.E Z B S.E Z

Indirect

Intercept 1.380 0.078 17.74∗∗∗ 0.115 0.020 5.637∗∗∗ 1.347 0.077 17.522∗∗∗
SE 0.082 0.014 5.861∗∗∗ 0.119 0.022 5.509∗∗∗ 0.089 0.014 6.449∗∗∗
CT 0.135 0.015 8.895∗∗∗ 0.158 0.028 5.621∗∗∗ 0.131 0.015 8.802∗∗∗

EP PV 0.230 0.018 12.65∗∗∗ 0.274 0.024 11.58∗∗∗ 0.221 0.018 12.245∗∗∗
AT 0.210 0.016 12.98∗∗∗ 0.132 0.023 5.669∗∗∗ 0.221 0.016 13.917∗∗∗
CR 0.097 0.017 5.572∗∗∗ 0.115 0.020 5.637∗∗∗ 0.101 0.017 6.034∗∗∗

R-square 0.639 0.731 0.714
F-stat. 346.5∗∗∗ 204.6∗∗∗ 1845.7∗∗∗

Intercept 0.945 0.171 5.518∗∗∗ 0.945 0.171 5.518∗∗∗
CS EP 0.702 0.038 18.54∗∗∗ 0.630 0.065 9.764∗∗∗ 0.702 0.038 18.540∗∗∗

R-square 0.260 0.201 0.260
F-stat. 343.7∗∗∗ 95.3∗∗∗ 343.7∗∗∗

Direct

Intercept 0.253 0.118 2.138∗∗∗ 0.253 0.118 2.138∗∗∗
SE − 0.009 0.021 − 0.408 − 0.054 0.037 − 1.471 − 0.009 0.021 − 0.408
CT 0.157 0.023 6.818∗∗∗ 0.175 0.039 4.523∗∗∗ 0.157 0.023 6.818∗∗∗

CS PV 0.261 0.028 9.471∗∗∗ 0.260 0.050 5.169∗∗∗ 0.261 0.028 9.471∗∗∗
AT 0.031 0.025 1.265 0.081 0.042 1.919∗ 0.031 0.025 1.265
CR 0.471 0.026 17.85∗∗∗ 0.514 0.042 12.32∗∗∗ 0.471 0.026 17.850∗∗∗

R-square 0.562 0.563 0.562
F-stat. 250.5∗∗∗ 96.9∗∗∗ 1252.4∗∗∗

Signif. codes: “∗∗∗” 0.01 “∗∗∗” 0.05 “∗” 0.1.

8 Journal of Mathematics



method of paying bills to the electronic method based on the
effect of AT on EP in OLS method. Furthermore, the en-
hancing PV to use personal information and financial in-
formation in pay bills online will increase from the customer’s
willingness to EP as mentioned in OLS. Moreover, improving
competitive CT to buy services or product online will con-
tribute for the customer’s willingness to EP. *e policymaker
in government and private organizations should also get
attention on CR because it affects around (β � 10%) on EP
and (β � 47%) direct on CS. In addition, the reducing waiting
time to have online service or product (SE) will give indicator
to increase customer’s willingness to EP.

5.4.PredictionResults. In this section, the dataset is split into
90% (886 respondents) for training and 10% (98 respon-
dents) for test prediction. After that, the five independent
variables (SE, CT, PV, AT, and CR) were investigated to
predict CS based on the adaptive ANFIS and HyFIS models
with fifty iterations and the step size 0.01. Table 6 shows the
predicting 10% of CS based on ANFIS and HyFIS. *e
predicting ANFIS and HyFIS are compared in mean with the
original CS in this table. Independent t-test showed dif-
ferences in means between ANFIS and original CS based on
a significant level of less than 5% (reject H0: there are no
differences in a mean between ANFIS and original CS). Also,
there is a difference in means between HyFIS and original CS
based on a significant level of less than 5% (reject H0: there is
no difference in a mean between HyFIS and original CS).
Indeed, the mean of HyFIS is closer to the original CS than
ANFIS [48, 51].

However, the predicting ANFIS and HyFIS are com-
pared in error criteria with original CS in this table also. *e
mean error (ME), the mean percentage error (MPE), and the
mean absolute percentage error (MAPE) for predicting
ANFIS with original CS are 0.7435, 19.882, and 19.882,
respectively. Furthermore, the ME, MPE, and MAPE for
predicting HyFIS with original CS are 0.354, 8.212, and
19.781, respectively. Indeed, the HyFIS is better than ANFIS
in predicting CS for 10% of the dataset based on ME, MPE,
and MAPE.

Table 6 shows the independent t-test, also referred to as
the two t-test samples, the independent t-test samples, or the
t-test of the student, is an inferential statistical test that tests
if, in two unrelated groups (original CS and predicting CS),
there is a statistically significant difference between the
means. *e null hypothesis of the independent t-test is
(H0: μ1 � μ2) and alternative hypothesis (H0: μ1 ≠ μ2),
where μ1 is the mean of group one (original CS) and μ2 is
mean of group two (predicting CS). We reject the null
hypothesis because the significant level is less than 5%.

5.5. Managerial Implication. *is section consists of the
analysis results and managerial implications for enhancing
the predicted CS with the EP system. Managerial implica-
tions for enhancing business policies are expected to con-
tribute to management policies. *is study asks
governments and private institutions to take the indicator
results to improve their service performance. Our recom-
mendations can be summarized as follows:

(1) Improving the customer’s ability to get AT will in-
crease the customer’s willingness to switch from the
conventional method of paying bills to the electronic
method approximately (β � 21%), as mentioned in
OLS in Table 5. Moreover, this result is consistent
with [39] the important role of AT in enhancing EP.
Furthermore, the increase in EP will increase
(β � 70%) CS, as mentioned too in OLS in Table 5.
*ese results are also consistent with [42], who said
that financial technology availability has a significant
positive effect on CS.

(2) Enhancing security and trust (PV) to use personal
information and financial information to pay bills
online will increase approximately (β � 23%) the
customer’s willingness to EP, as mentioned in OLS in
Table 5. Moreover, the strong significant effect of PV
on EP consists of [44]. Furthermore, the PV affects
approximately (β � 26%) CS as the direct effect that
is also mentioned in OLS in Table 5.

(3) Improving competitive CT to buy services or
products online will contribute about (β � 13.5%) to
the customer’s willingness to EP. In addition, the
reduced CT online will increase (β � 15%) CS di-
rectly, as mentioned in Table 5. *is result is con-
sistent with [45], who said that CT has an effect on
client satisfaction in Jordanian banks. *e policy-
maker in government and private organizations
should also pay attention to CR because it affects
around (β � 10%) EP and (β � 47%) direct CS, as
mentioned in Table 5. *e CR effect on customers’
attitudes about EP is consistent with [38]. Further-
more, reducing the waiting time to have an online
service or product (SE) will give an indicator to
increase customers’ willingness to EP about (β � 8%)
(see Table 5).

6. Conclusion

*e effect of the EP system on CS under COVID-19 was
proposed successfully based on OLS, fixed effect, and random
effect in this study. Moreover, the predicting of CS was also
found to be successfully dependent on ANFIS and HyFIS. *e

Table 6: ANFIS and HyFIS for predicting 10% of CS.

Tests Mean
Independent t-test with original CS Error criteria compared with original CS

T-test Df Sig. ME MPE MAPE
ANFIS 5 − 12.405 95 <2.2e-16 0.7435 19.8823 19.8823
HyFIS 3.903 2.770 144.64 0.00634 0.3539 8.2118 19.7814
Original CS 4.257
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questionnaire was collected from 1025 samples who lived in
Saudi Arabia during COVID-19. *e output variable is deter-
mined asCS, but the SE, CT, PV,AT, andCR are input variables.
In the results, we found nomulticollinearity between variables in
the beginning. *ere were strong positive correlations between
output (CS) and input variables except for PV and CT.

Furthermore, there were weak correlations between input
variables (CR, AT, PV, CT, and SE). *e results also indicate
that AVE is above 50%, while CR results are above 70%, and
Cronbach’s alpha is no less than 70% invalidity and reliability
tests consistent with [53, 54]. After that, the OLS, fixed effect,
and random effect are used to select significant input vari-
ables. In the OLS-indirect effect, the input variables have a
significant positive effect on EP with R-square equal to 64%.
In addition, the EP has a positive effect where R-square equals
26%. In the OLS-direct effect, the CT, PV, and CR have a
significant positive effect on CS, but the SE and AT have no
substantial direct effect on CS, where R-square equals to 56%.
In the fixed-indirect effect, the input variables have a sig-
nificant positive effect on EP where R-square equals 73%.

Furthermore, the EP positively affects CS with R-square
equal to 20%. *e CT, PV, AT, and CR have substantial
positive effects on CS, where R-square equals to 56% in fixed-
direct effect. In the random-indirect effect, the input variables
have a significant positive impact on EP where R-square
equals 71%. In addition, the EP has a significant positive effect
on CS, where R-square equals to 26%. In random-direct effect,
the CT, PV, and CR have a significant positive effect on CS
where R-square equals to 56%. Finally, 10% of CS was pre-
dicted after splitting the questionnaires into 90% and 10%.
*eHyFISmodel is better than ANFIS to predict the CS based
on lower error criteria ME, MPE, and MAPE.

Data Availability

*e data used in this study were collected by the authors
using a questionnaire.

Conflicts of Interest

*e authors declare that they have no conflicts of interest.

Acknowledgments

*e authors extend their appreciation to the Deputyship for
Research and Innovation, Ministry of Education in Saudi
Arabia, for funding this research work through the project no.
7977.

References

[1] https://covid19.moh.gov.sa.
[2] D. Havrlant, A. Darandary, and A. J. A. E. Muhsen, “Early

estimates of the impact of the COVID-19 pandemic on GDP:
a case study of Saudi Arabia,” Applied Economics, vol. 53,
no. 12, pp. 1317–1325, 2021.

[3] C. J. I. J. O.I. S. S. S. Liao, “Do E-business services enhance
bank efficiency in taiwan?” International Journal of Infor-
mation Systems in the Service Sector, vol. 14, pp. 1–17, 2022.

[4] W. Astuti and D. J. R. J. S. P. Diansyah, “*e influence of
E-commerce and E-payment on purchasing decisions: fashion
model as A moderating variable,” Resolusi: Jurnal Sosial
Politik, vol. 5, no. 1, pp. 26–37, 2022.

[5] C. B. IN. Mobile, Payment Transactions Rose 187 Percent Year
on Year, China Banking and Insurance News, Beijing, China,
2020.

[6] P. Kanagaraju, G. J. J. O. C. I. I. B. Balamurugan, and
Government, “Customer satisfaction towards E-banking
services with reference to icici bank,” Journal of Contemporary
Issues in Business Government, vol. 27, 2021.

[7] A. Chavosh, A. B. Halimi, S. J. I. J. o.e.-E. Espahbodi,
e-Management e-Business, and e-Learning, “Comparing the
satisfaction with the banks e-payment services between degree
holder and non-degree holder customers in Penang-Malay-
sia,” International Journal of e-Education, e-Business,
e-Management, e-Learning, vol. 1, pp. 103–109, 2011.

[8] S. Sutia, M. Fahlevi, A. Rabiah, and S. J. I. J. P. R. Adha, “*e
influence of endorsement on instagram toward customer
behavior,” International Journal of Psychosocial Rehabilita-
tion, vol. 24, pp. 6628–6634, 2020.

[9] M. Fahlevi, M. Saparudin, S. Maemunah, D. Irma, and
M. Ekhsan, “Cybercrime business digital in Indonesia,” in
Proceedings of the E3S Web of Conferences, Semarang,
Indonesia, 2019.

[10] O. Usman, “Effect of online ticketing decision using electronic
money with e-payment system on customer satisfaction,”
2021, https://papers.ssrn.com/sol3/papers.cfm?abstract_
id�3768138.

[11] S. Y. Yousafzai, J. G. Pallister, and G. R. J. T. Foxall, “A
proposed model of e-trust for electronic banking,” Tech-
novation, vol. 23, no. 11, pp. 847–860, 2003.

[12] M. Horppu, O. Kuivalainen, A. Tarkiainen, H. K. Ellonen, and
B. Management, “Online satisfaction, trust and loyalty, and
the impact of the offline parent brand,”$e Journal of Product
and Brand Management, vol. 17, no. 6, pp. 403–413, 2008.

[13] K. Linck, K. Pousttchi, and D. G.Wiedemann, “Security issues
in mobile payment from the customer viewpoint,” in Pro-
ceedings of the Fourteenth European Conference on Infor-
mation Systems, Göteborg, Sweden, 2006.

[14] C. Kim, W. Tao, N. Shin, and K.-S. J. E. Kim, “An empirical
study of customers’ perceptions of security and trust in
e-payment systems,” Electronic Commerce Research and
Applications, vol. 9, no. 1, pp. 84–95, 2010.

[15] P. Kotler and K. Keller, “Marketing management global
edition,” 2018, https://www.pearson.com/en-gb/subject-
catalog/p/Kotler-Marketing-Management-Global-Edition-
15th-Edition/P200000004661/9781292358208.

[16] I. Masudin, A. Ramadhani, D. P. Restuputri, and
I. J. G. J. o.F. S. M. Amallynda, “*e effect of traceability
system and managerial initiative on Indonesian food cold
chain performance: a Covid-19 pandemic perspective,”Global
Journal of Flexible Systems Management, vol. 22, no. 4,
pp. 331–356, 2021.

[17] A. O. Al-Hashem, M. M. A. A. Al-Laham, and
A. J. J. J. O. B. A. Almasri, “E-personalization and E-cus-
tomization model for enhancing E-customer satisfaction in
the case of covid-19: empirical evidence from banking sector
in Jordan,” Ordan Journal of Business Administration, vol. 18,
2022.

[18] H. H. Nasereddin, S. Y. J. I. J. R. R. Khazneh, and A. Studies,
“An empirical study of factors affecting the acceptance of
mobile payments in Jordan,” International Journal of Research
and Reviews in Applied Sciences, vol. 29, pp. 110–121, 2016.

10 Journal of Mathematics

https://covid19.moh.gov.sa
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3768138
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3768138
https://www.pearson.com/en-gb/subject-catalog/p/Kotler-Marketing-Management-Global-Edition-15th-Edition/P200000004661/9781292358208
https://www.pearson.com/en-gb/subject-catalog/p/Kotler-Marketing-Management-Global-Edition-15th-Edition/P200000004661/9781292358208
https://www.pearson.com/en-gb/subject-catalog/p/Kotler-Marketing-Management-Global-Edition-15th-Edition/P200000004661/9781292358208


[19] M. Neger and B. Uddin, “Factors affecting consumers’ in-
ternet shopping behavior during the COVID-19 pandemic:
evidence from Bangladesh,” Chinese Business Review, vol. 19,
no. 3, pp. 91–104, 2020.

[20] T. N. Hashem, “Examining the influence of COVID 19
pandemic in changing Customers and #39; orientation to-
wards E-shopping,” Modern Applied Science, vol. 14, no. 8,
pp. 59–76, 2020.

[21] F. Saberi-Movahed, M.Mohammadifard, A. Mehrpooya et al.,
“Decoding clinical biomarker space of covid-19: exploring
matrix factorization-based feature selection methods,”
Computers in Biology and Medicine, vol. 146, 2022.

[22] N. N. Hamadneh, M. Tahir, and W. A. J. M. Khan, “Using
artificial neural network with prey predator algorithm for
prediction of the COVID-19: the case of Brazil and Mexico,”
Mathematics, vol. 9, no. 2, p. 180, 2021.

[23] M. Najafzadeh and A. J. E. E. S. Tafarojnoruz, “Evaluation of
neuro-fuzzy GMDH-based particle swarm optimization to
predict longitudinal dispersion coefficient in rivers,” Envi-
ronmental Earth Sciences, vol. 75, no. 2, pp. 157–212, 2016.

[24] O. Z. Ameerbakhsh, I. M. Alfadli, and F. M. J. D. E. Ghabban,
“Factors affecting Saudi consumers’ acceptance towards the
use of electronic payment,” Design Engineering, vol. 5,
pp. 1212–1224, 2021.

[25] I. Masudin, E. Lau, N. T. Safitri, D. P. Restuputri,
D. I. J. C. B. Handayani, and Management, “*e impact of the
traceability of the information systems on humanitarian lo-
gistics performance: case study of Indonesian relief logistics
services,”Cogent Business andManagement, vol. 8, no. 1, 2021.

[26] A. Al-Dmour, H. Al-Dmour, R. Al-Barghuthi, R. Al-Dmour,
and M. T. Alshurideh, “Factors influencing the adoption of
E-payment during pandemic outbreak (COVID-19): empir-
ical evidence,” Studies in Systems, Decision and Control,
vol. 334, pp. 133–154, 2021.

[27] S. F. Yap and M. L. J. S. A. J. Kew, “Service quality and
customer satisfaction: antecedents of customer’s re-patronage
intentions,” Sunway Academic Journal, vol. 4, pp. 59–73, 2007.

[28] F. S. Roozbahani, S. N. Hojjati, and R. Azad, “*e role of
e-payment tools and e-banking in customer satisfaction case
study: pasargad bank e-payment company,” International
Journal of Advanced Networking and Applications, vol. 7,
p. 2640, 2015.

[29] I. Mensah, R. D. J. J. O. T. Mensah, and S. Marketing, “Effects
of service quality and customer satisfaction on repurchase
intention in restaurants on University of Cape Coast campus,”
Journal of Tourism, Heritage Services Marketing, vol. 4,
pp. 27–36, 2018.

[30] M. Olivia and N. K. J. J. T. I. Marchyta, “*e influence of
perceived ease of use and perceived usefulness on E-wallet
continuance intention: intervening role of customer satis-
faction,” Jurnal Teknik Industri, vol. 24, no. 1, pp. 13–22, 2022.

[31] J. Paul, A. Mittal, and G. J. I. J. O.B. M. Srivastav, “Impact of
service quality on customer satisfaction in private and public
sector banks,” International Journal of Bank Marketing,
vol. 34, no. 5, pp. 606–622, 2016.

[32] I. Masudin, N. T. Safitri, D. P. Restuputri, R. W. Wardana,
I. J. C. B. Amallynda, and Management, “*e effect of hu-
manitarian logistics service quality to customer loyalty using
Kansei engineering: evidence from Indonesian logistics ser-
vice providers,” Cogent Business and Management, vol. 7,
no. 1, Article ID 1826718, 2020.

[33] J. J. Yun, X. Zhao, J. Wu, J. C. Yi, K. Park, and W. J. S. Jung,
“Business model, open innovation, and sustainability in car

sharing industry—comparing three economies,” Sustain-
ability, vol. 12, no. 5, p. 1883, 2020.

[34] R. Cole, M. Stevenson, J. J. S. C. M. A. I. J. Aitken, and
Blockchain technology, “Implications for operations and
supply chain management,” Supply Chain Management: In-
ternational Journal, vol. 24, no. 4, pp. 469–483, 2019.

[35] W. Widayat, I. Masudin, and N. R. J. J. O. O. I. T. Satiti, “E-
money payment: customers’ adopting factors and the im-
plication for open innovation,” Journal of Open Innovation:
Technology, Market, and Complexity, vol. 6, no. 3, p. 57, 2020.

[36] G. C. O’connor and M. P. J. C. M. R. Rice, “Opportunity
recognition and breakthrough innovation in large established
firms,” California Management Review, vol. 43, no. 2,
pp. 95–116, 2001.

[37] S. Dunphy and P. A. J. T. J. O. H. T.M. R. Herbig, “Acceptance
of innovations: the customer is the key,” $e Journal of High
Technology Management Research, vol. 6, no. 2, pp. 193–209,
1995.

[38] J. E. McNeish, Consumers’ Resistance to Discontinuing a
Familiar Technology, the Paper Bill, Carleton University,
Ottawa, Canada, 2010.

[39] L. J. Radecki, J. J. C. I. I. E. Wenninger, and Finance, “Paying
electronic bills electronically,” Current Issues in Economics
Finance, vol. 5, 1999.

[40] A. J. B. O. T. T. U. O. B. E. S. S. V. Daj, “Economic and legal
aspects of introducing novel ict instruments: integrating
sound into social media marketing-from audio branding to
soundscaping,” Bulletin of the Transilvania University of
Brasov. Economic Sciences. Series V, vol. 6, p. 15, 2013.

[41] C. Lou and S. J. J. O. I. A. Yuan, “Influencer marketing: how
message value and credibility affect consumer trust of branded
content on social media,” Journal of Interactive Advertising,
vol. 19, no. 1, pp. 58–73, 2019.

[42] A. M. K. Alkhazaleh and H. J. S. C. Haddad, “How does the
Fintech services delivery affect customer satisfaction: a sce-
nario of Jordanian banking sector,” Strategic Change, vol. 30,
no. 4, pp. 405–413, 2021.

[43] C. Dennis, B. Merrilees, C. Jayawardhena, and
L. T. J. E. j. O. M. Wright, “E-consumer behaviour,” 2009,
https://www.emerald.com/insight/content/doi/10.1108/
03090560910976393/full/html.

[44] S. Alwi, R. M. Alpandi, M. N. M. Salleh,
I. J. I. J. o.A. S. Najihah, and Technology, “An empirical study
on the customers’ satisfaction on FinTech mobile payment
services in Malaysia,” International Journal of Advanced
Science Technology, vol. 28, pp. 390–400, 2019.

[45] T. Altobishi, G. Erboz, and S. J. I. J. O. M. S. Podruzsik, “E-
Banking effects on customer satisfaction: the survey on clients
in Jordan Banking Sector,” International Journal of Marketing
Studies, vol. 10, no. 2, pp. 151–161, 2018.

[46] A. Alsharif, $e Impact of Social Media Marketing on Cus-
tomer Satisfaction through Brand Image, Middle East Uni-
versity, Amman, Jordan, 2017.

[47] A. A. K. Alkhawaldeh, J. J. Jaber, D. Boughaci, and
N. J. P. . o. Ismail, “A novel investigation of the influence of
corporate governance on firms’ credit ratings,” PLoS One,
vol. 16, no. 5, Article ID e0250242, 2021.

[48] A. H. Alenezy, M. T. Ismail, S. A. Wadi et al., “Forecasting
stock market volatility using hybrid of adaptive network of
fuzzy inference system and wavelet functions,” Journal of
Mathematics, vol. 2021, Article ID 9954341, 10 pages, 2021.

[49] L. S. Riza, C. N. Bergmeir, F. Herrera Triguero, B. Sánchez,
and J. M. frbs, Fuzzy Rule-Based Systems for Classification and

Journal of Mathematics 11

https://www.emerald.com/insight/content/doi/10.1108/03090560910976393/full/html
https://www.emerald.com/insight/content/doi/10.1108/03090560910976393/full/html


Regression in R, Journal of Statistical Software, vol. 65, no. 6,
pp. 1–30, 2015, http://dev1.jstatsoft.org/article/view/v065i06.

[50] F. Silva, B. Teixeira, N. Teixeira, T. Pinto, I. Praça, and Z. Vale,
“Application of a hybrid neural fuzzy inference system to
forecast solar intensity,” in Proceedings of the 2016 27th In-
ternational Workshop on Database and Expert Systems Ap-
plications, pp. 161–165, IEEE, Piscataway, NJ, USA, 2016.

[51] J. Kim and N. J. N. N. H. I. S. Kasabov, “Adaptive neuro-fuzzy
inference systems and their application to nonlinear dy-
namical systems,” 1999, https://dl.acm.org/doi/10.1016/
S0893-6080(99)00067-2.

[52] K. B. Dang, B. Burkhard, W. Windhorst, and
F. J. E. M. Müller, “Application of a hybrid neural-fuzzy
inference system for mapping crop suitability areas and
predicting rice yields,” Environmental Modelling and Soft-
ware, vol. 114, pp. 166–180, 2019.

[53] J. F. Hair, J. J. Risher, M. Sarstedt, and C. M. Ringle, “When to
use and how to report the results of pls-sem,” 2019, https://
www.emeraldinsight.com/0955-534X.html.

[54] T. Albayrak, S. Karasakal, Ö. Kocabulut, and A. Dursun,
“Customer loyalty towards travel agency websites: the role of
trust and hedonic value,” Journal of Quality Assurance in
Hospitality and Tourism, vol. 21, no. 1, pp. 50–77, 2020.

12 Journal of Mathematics

http://dev1.jstatsoft.org/article/view/v065i06
https://dl.acm.org/doi/10.1016/S0893-6080(99)00067-2
https://dl.acm.org/doi/10.1016/S0893-6080(99)00067-2
https://www.emeraldinsight.com/0955-534X.html
https://www.emeraldinsight.com/0955-534X.html

