
Citation: Ibrahim, A.N.H.; Borhan,

M.N.; Osman, M.H.; Mat Yazid, M.R.;

Md. Rohani, M. The Influence of

Service Quality on User’s Perceived

Satisfaction with Light Rail Transit

Service in Klang Valley, Malaysia.

Mathematics 2022, 10, 2213. https://

doi.org/10.3390/math10132213

Academic Editors: Gregorio Giménez

Esteban and Javier Valbuena

Received: 9 April 2022

Accepted: 22 June 2022

Published: 24 June 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

mathematics

Article

The Influence of Service Quality on User’s Perceived Satisfaction
with Light Rail Transit Service in Klang Valley, Malaysia
Ahmad Nazrul Hakimi Ibrahim 1,2,* , Muhamad Nazri Borhan 1,2,* , Mohd Haniff Osman 2,3,
Muhamad Razuhanafi Mat Yazid 1,2 and Munzilah Md. Rohani 4

1 Department of Civil Engineering, Faculty of Engineering and Built Environment,
Universiti Kebangsaan Malaysia, Bangi 43600, Selangor, Malaysia; razuhanafi@ukm.edu.my

2 Sustainable Urban Transport Research Centre, Faculty of Engineering and Built Environment,
Universiti Kebangsaan Malaysia, Bangi 43600, Selangor, Malaysia; haniff68@ukm.edu.my

3 Department of Engineering Education, Faculty of Engineering and Built Environment,
Universiti Kebangsaan Malaysia, Bangi 43600, Selangor, Malaysia

4 Smart Driving Research Centre, Faculty of Civil Engineering and Built Environment,
Universiti Tun Hussein Onn Malaysia, Batu Pahat 86400, Johor, Malaysia; munzilah@uthm.edu.my

* Correspondence: nazrulhakimi@ukm.edu.my (A.N.H.I.); mnazri_borhan@ukm.edu.my (M.N.B.)

Abstract: Light rail transit (LRT) systems are vital aspects of the worldwide endeavor to achieve
transport sustainability and have been essential in enhancing the economies of urban areas. Issues
such as pollution, the risk of road accidents, and traffic congestion could be resolved using this
progressive alternative. The statistics showed that only 20% of the commuters in Malaysia use public
transport, including LRT, and 80% use private transportation. It is relatively low compared to other
Asian countries. High-quality service is essential to improve users’ perceived satisfaction with the
provided services and increase LRT ridership. The objective of the present study is to acquire an
understanding of which factors are crucially influential on users’ perceptions of satisfaction. In-
person questionnaires were utilized to obtain the information for this paper, with a total of 417 LRT
riders in Malaysia’s Klang Valley surveyed. This study adopted the factor analysis, correlation test,
and artificial neural network (ANN) model. Eight elements related to the quality of service were
extracted to ascertain how they influenced the perceived satisfaction of users: information signs,
ticket-based services, amenities, safety, employee performance, speed, comfort, and the service details
available to riders. Each factor was significantly related to the perceptions of satisfaction, according
to the correlation test. Finally, the ANN model shows that the dominant factors determining the LRT
users’ perceived satisfaction are the signage, amenities, and provision of information. The findings of
this research should benefit the providers of services, policy makers, and planning departments by
enabling them to formulate successful approaches that ensure user satisfaction is enhanced and the
number of riders on the LRT increases.

Keywords: urban rail transit; light rail transit; service quality; artificial neural network; sustainable
transport

MSC: 68T07; 62P25

1. Introduction

Worldwide, many nations have become more urbanized due to economic expansion.
While this affects advanced and developed nations, Indonesia, Malaysia, and Thailand
are some of the developing countries in which urbanization has also occurred [1]. The
transformation of rural areas into urban landscapes defines the complicated phenomenon
of urbanization [2]. Shen et al. [3] have claimed that the city landscape has been remodeled
and dramatically altered by urbanization, while mobility is in greater demand due to the
rising population of urban areas. People have traditionally relied on their own transport
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to move around in their daily life. For example, Kwan et al. [4] stated that Kuala Lumpur
had an 83% private transport use rate, while public transportation was used by 17%.
Relying so extensively on private transport has several negative effects: environmental
conditions and the quality of life are adversely impacted, while it also leads to busier
roads, polluted air, noisy conditions, and traffic accidents [5–9]. According to Mouwen [8],
transport is responsible for 40% of the emissions of carbon dioxide and over 70% of different
pollutant types.

Public transport is an excellent alternative to solve these problems [6,8–10].
Wall et al. [11] and Ibrahim et al. [12] noted that the use of sustainable modes of
transportation—for instance, city center public transport systems—reduced traffic conges-
tion and the emissions of CO2 and NOX per mile. A prediction by Replogle and Fulton [13]
was that if cities could keep people using public transportation, cycling, and walking, then
urban emissions from transportation could be reduced by 40% by 2050. Nevertheless, it
remains a major challenge to reduce the dependence on private transportation and raise the
number of public transportation users, particularly in urban settings [14]. Transportation
researchers, policymakers, and practitioners have been exploring strategic methods to
encourage people to choose public transport over private transport [9,15–18].

Across the majority of the globe, the use of private vehicles is still higher than the use
of public transportation [19]. Reviewing literature from Asia, Zulkifli et al. [20] indicated a
specific issue: the use of public transportation via rail systems was especially poor. Since
private vehicles are seen as faster, more flexible, comfortable, and private, they tend to
be preferred to the use of public transport [2,7]. Various researchers have noted how
many of the riders on public transportation are dissatisfied with the level of the services
delivered, which fails to correspond to the standard expected. This leads to the low rates
of public transport usage [15,21,22]. Meanwhile, user dissatisfaction means an absence of
loyalty to such services, and riders would not suggest these services to other people [3]. A
number of researchers have investigated how satisfied riders were with systems of public
transportation, such as railways [3,14,23] and buses [24], discovering that user satisfaction
is the dominant aspect driving consumers to utilize the services at a later time and give
others a recommendation about using a service. Developing public transport services of
higher quality would potentially attract more riders and encourage the existing riders to
remain loyal. This would increase rate of public transport usage and generate more profits
for the providers of these services.

The significant effect of the standard of public transportation services on user per-
ceptions of satisfaction has recently been evidenced in the numerous case studies in the
transport-focused literature, which has featured Malaysia [9,25,26], the Philippines [27,28],
Indonesia [29,30], and Thailand [31,32]. The models that have been developed from previ-
ous studies to study the public transport user’s perceived satisfaction mainly employed
the conventional methodologies including the structural equation model [9,24,33,34], logit
model [35,36], and the probit model [37–39]. Nonetheless, these orthodox approaches need
models to have pre-requisites and assumptions. According to Garver [40], researchers of
consumer satisfaction seldom acquire model assumptions (for instance, normality of data,
relationships of linearity between a dependent variable and an independent variable, as
well as low multicollinearity). The reasons are the considerable degree of heterogeneity
and the subjectivity of findings linked to people’s perceptions and behaviors. In the current
research, this refers to the perceptions of how satisfied users were with the LRT [35,36].
Additionally, Abbas et al. [41] contended that complex systems related to humans and
societies could not be addressed sufficiently by the conventional paradigms for predict-
ing, diagnosing, regulating, and optimizing, such as regression analyses and models of
structural equations.

To date, the works by Chong [42], Garrido et al. [43], Ibrahim et al. [44] and
Leong et al. [45] have posited the use of artificial neural networks (ANNs) by behavior-
focused researchers to deal with these above-mentioned limitations within their method-
ological approaches. ANNs, which are non-parametric models, are well capable of predict-
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ing and capturing intrinsic relationships of high non-linearity between variables, but they
do not require models to include the same assumptions and pre-requisites as the standard
approaches. The latter include the discrete selection model (such as the probit or logit
models) and the structural equation model [43,46]. As Garrido et al. [43] discovered, their
ANN model produced superior predictive accuracy, providing over 90% compared to other
methods such as the decision tree (whose accuracy level ranged from 59.72% to 62.16%);
their context was analyzing the standards of public transportation services in Granada
(Spain). Furthermore, their outcomes aligned with those of various researchers who have
also employed the ANN method when investigating how the variables of service quality
have relatively affected domains unrelated to transportation, such as the service [45,47]
and education sectors [48]. Therefore, with the findings from the existing works justifying
the current case study, the artificial neural network (ANN) model was employed to exam-
ine which principal elements of the standards of service influenced how users perceived
satisfaction, in the context of the light railway network in the Klang Valley.

This paper is arranged into six sections: in the second section, the attributes of user
satisfaction with the service standard of public transport are explored. In the third section,
the study’s methodology is described. In the fourth section, the outcomes of the data
analysis are presented, while in the fifth section, the discussion focuses on what this study
implies in terms of theory and practice. The sixth and last part summarizes the principal
outcomes and concludes the article.

2. Literature Review
2.1. Users’ Satisfaction with the Service Quality Attributes

The justification for modern enterprises adopting the customer orientation philosophy
and principles of continuous improvement is customer satisfaction. Generally, service qual-
ity determines customer satisfaction. Service standards can be described as how customers
evaluate, overall, the way a provider of a service delivers it [49]. As Lai and Chen [14]
outlined, the quality of service is the level to which the service that is delivered meets the
consumers’ requirements. There is an expanding number of studies in the marketing litera-
ture focusing on customer satisfaction, such as Lien, Cao and Zhou [50], Ayalon et al. [51],
Wikhamn [52], Kadic-Maglajlic, Boso and Micevski [53], Radojevic et al. [54].

According to the industrial market literature, customers satisfaction is a critical de-
terminer of service or product repurchase. According to Homburg and Rudolph [55], the
establishment, development, and maintenance of positive relationships with consumers
is essential to customers’ satisfaction. Satisfaction with a relationship can be used as a
measurement of the customers’ assessments in the context of a relationship [56,57]. The defi-
nition of satisfaction given by Homburg and Rudolph [55] in Ouhna and Mekkaoui [56] was
that it was a way to construct relationships by outlining how a supplier might address vari-
ous aspects of customers’ expectations. These include product attributes, product-related
details, services, order taking, and managing complaints, as well the ways commercial and
internal workers interact with consumers (pp. 17–18).

The satisfaction concept in the industrial market motivated transportation researchers
to study satisfaction with transportation. Over the past years, many studies have explored
the notion of satisfaction with public transport [23,50,58–61]. Public transportation au-
thorities deliver an array of offerings, and overall user satisfaction with these services is
reflected by how content the ridership is with the public transportation actually delivered.
A simplified definition was offered by Morfoulaki, Tyrinopoulos and Aifadopoulou [62]
and van Lierop et al. [19]: customer satisfaction refers to a comparison between consumers’
general experiences when using services and the expected service quality.

Several studies [32,33,63–65] posited that the way to expand the ridership of light
railway transportation was by making users more satisfied through top-quality services. As
Zafreh et al. [66] argued, if users are satisfied, this might enable current riders to be retained
and new riders to be attracted. In the context of public transport, users’ contentment is the
degree the service provider fulfils the expectations or needs of the riders [62]. Numerous
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researchers of transportation have previously examined the effects of users’ contentment
with the public transport services that they patronize. According to Irtema et al. [6],
for instance, how satisfied customers are and how they intend to behave are critically
determined by Kuala Lumpur’s public transport service quality. In Turkey, a high-speed
rail system was the subject of a case study by Yilmaz and Ari [23], which demonstrated
how the quality of the service affected users’ satisfaction, led to fewer complaints, and
made users more loyal.

Other studies [24,34] investigating the connections between service quality, user satis-
faction, how much users complained, and how loyal they were reported similar outcomes.
When examining Hong Kong’s Mass Rapid Transit system, people’s intentions to ride the
service were strongly and directly determined by the satisfaction of the users [14]. The
standards of service is an essential determinant of how satisfied users are with networks of
public transport [23,24,58]. The investigated attributes differ for various reasons: the report
writers themselves, the study locations, and the forms of public transportation, as listed in
Appendix A.

2.2. Artificial Neural Network Model

The method of predicting using artificial neural networks (ANN) features exercises
that train a computer to learn using the data provided. The technique uses the human
brain’s structure as its basis; in other words, it uses numerous basic elements to process
information [67]. Thus, ANN is a way to use computer programs to categorize and
recognize trends and similarities in the data employed [68]. The relevant array of variables
provides the data which ANNs capture; they then use the existing information to learn,
irrespective of the presence of interference [43]. Therefore, no formulations or prefix models
are required [69,70].

It is possible to train a neural network to demonstrate particular functions; to do so,
the value of the association (weight) between each element is adjusted [71]. When training
is in progress, ANNs potentially confirm and check how the input and output data are
related, which can be complicated. Subsequently, a synthesis is performed [72]. Once
a particular sample of datasets has been used to train an ANN, it can detect similarities
between the data and future data to make estimations [73]. Furthermore, ANN has the
ability to detect equations in inputs, although those inputs have never been seen before.
This allows ANN to have good interpolation capabilities, especially if the data input may
be inaccurate or there is a glitch [73].

The most common forms of neuronal networks utilized in making forecasts are out-
lined in Equation (1):

Y = F[H1(x), H2(x) . . . , Hn(x)] + u (1)

where x is the clarifying variables group, Y is the reacting variable, F and H are the functions
of the network, and u is the term model error [73].

Characterizing ANN models, they contain a network of three layers: the hidden, input,
and output layers. These resemble the human body’s neuron network [67,68,74]. ANNs
consist of neurons—many basic elements used to process information—which are arranged
by their various layers and connected to one other via the synaptic’s weight. The latter is
a representation of how intensely the neuron pairs are related, as well as the function of
activation, which is used to calculate each neuron’s potential [43,74].

The multi-layered perceptron model (MLP) is the ANN type that is employed most
frequently to give a prediction [43,74–76]. MLP is a network of artificially supervised
neurons based on the original model of a simple perceptive. Figure 1 shows three layers of
the reverse slowing network. The input layer is the first layer, which matches the variable
of the problem input, whereby a node corresponds to an input variable. Secondly, a hidden
layer is utilized to obtain the relationships of non-linearity between variables. The value of
the forecast is provided by the output layer, which is third. The input layer’s neuron number
equals the independent or input variable numbers, while the output neuron number equals
the dependent or output variable number. The variable’s first value is received by the input
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layer, the network outcome for the input is shown by the output layer, while the output is
intended to be achieved by a function performed by the hidden layer [74].
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3. Research Methodology

Malaysia’s Klang Valley light rail transit (LRT) network was the focus of the current
case study. The Ampang and Kelana Jaya Lines are the components of the LRT network.
The Ampang Line began operation in 1998. Operated by drivers, the Ampang Line service
features a pair of sub-lines that run from the northern KL district of Sentul either east to
Ampang or south to Sri Petaling [77]. At the midpoint of the two lines, Chan Sow Lin
Station, one train branches off to Ampang and one to Sri Petaling. The Ampang Line is
18 km in length and features 18 stations, while the Sri Petaling Line is 45.1 km in length
and features 29 stations. The Kelana Jaya Line began its operations in 1999. The Kelana
Jaya Line, an automatic (driverless) LRT system, is a single-line service linking Petaling
Jaya in the western part of the Klang Valley to Gombak in the north-eastern part. This line
spans 46.4 km and has 37 stations.

This study adopted the instrument used in previous studies, such as Shen et al. [3],
Irtema et al. [6] and Kuo and Tang [64]. Refinements of this instrument were devised to
ensure it was suited to the specific context of Malaysia’s society, economy, and culture. The
instrument also underwent back-translation into Malay. To administer the questionnaire, it
was pilot-tested with 50 participants chosen at random from Bandar Baru Bangi in Selangor.
The purposes were to resolve whichever issues might be identified in this version of the
instrument design and assist the research team to make improvements. Only then would
the questionnaire be administered as part of a real survey [78]. The pilot test feedback
suggested the need to omit certain questions as they had either not been answered by the
respondents or been answered erroneously. Revisions were made to other questions so they
would be clearer and more reliable. The Cronbach alpha value for all factors is ranging
between 0.801 and 0.931 indicated that the instruments based on pilot study is reliable
(α ≥ 0.80).

The final collection of data for the current study utilized a questionnaire with two
principal parts: the demographic attributes of the respondents, as well as the quality of
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service and the satisfaction perceived by the users; these are listed as Appendix B. Section 2’s
questions used a Likert scale with five points, which ranged between 1 = Strongly disagree
and 5 = Strongly agree. If a specific measure was of more interest, this would be indicated
by a higher score.

The principal research was undertaken in the Klang Valley, the LRT’s area of operation.
The data for this study was obtained at stations that have the greatest number of users,
such as Bandar Tasik Selatan and Kuala Lumpur Central. This study used the convenience
sampling technique to administer the cross-sectional questionnaire to the respondents. The
target respondents all had to fulfil the following conditions: (i) to be a Malaysian citizen and
(ii) to have ridden on the LRT over the previous month. The enumerators administering
the questionnaire were briefed on the purpose of the survey. Any likely respondent was
asked to confirm their willingness to be surveyed. So that the questionnaire’s items would
be answered accurately and reliably, an enumerator would only interview people who
expressed a willingness to be involved. Borhan et al. [79] contended that this technique
could raise the response rates of surveys. In-person interviews were conducted with each
respondent and lasted around 10 to 15 min, while they afterwards received a small token
of appreciation.

From 20 September to 10 December 2019, 500 self-administered questionnaires were
issued. Of the questionnaires received back, 83 were rejected because the responses were
invalid and/or had not been completed. Overall, 417 of the questionnaires were considered
for the subsequent analysis, so the actual rate of response was 83.40%. The 417 respon-
dents is sufficient to reflect the population of the Malaysian as this numbers is exceed the
minimum number of respondents required in this study as suggested by Krejcie and Mor-
gan [80]. Additionally, this study used a number of respondents which, in total, matched
the number participating in prior research in the Malaysian context that had utilized the ar-
tificial neural network (ANN) method. For instance, Leong et al. [45] asked 416 participants,
Ooi et al. [81] asked 415 respondents, and Alkawsi et al. [82] asked 318 participants.

This study analyzed the data using the IBM SPSS Statistics version 24.0 (IBM, Armonk,
NY, USA). The current study utilized various methods. For instance, the characteristics of
the respondents were evaluated though statistical descriptions. The elements of the service
standards were extracted using exploration factor analysis, while the possible associations
of the elements of service quality with the perceptions of satisfaction were investigated
utilizing Spearman’s correlation test.

Furthermore, the elements of the service quality of the LRT that crucially determined
the perceptions of satisfaction among users were identified through the development
of an ANN model, which featured a feed-forward backpropagation algorithm. Eight
service quality factors that extracted from EFA stages used as an input variables and
perceived satisfaction factors is an output variable. The transfer function of the Sigmoid
was employed, while the training and testing sets were created by randomly dividing the
data into two using a 90:10 ratio. the model verification process is carried out after the
optimal output is obtained from the training and testing process. Verification was carried
out to ascertain the accuracy of the developed model. In the current research, the ANN
model that had been developed was assessed for its accuracy using the sum of squared
errors (SSE), mean squared error (MSE), root mean square error (RMSE), and determination
coefficient (R2), as presented in Equations (2)–(5) [46,74,76,83].

SSE = ∑N
i=1(ti − tdi)

2 (2)

MSE =
1
N ∑N

i=1(ti − tdi)
2 (3)

RMSE =

√
1
N ∑N

i=1(ti − tdi)
2 (4)
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where ti is a real value, tdi is a predicted value, N is the overall number of data, and td is an
average of the values predicted.

R2 = 1 − RMSE
s2

y
(5)

where Sy
2 is the selected output variance based on the average of SSE value in the testing

process.

4. Results
4.1. Respondent Characteristics

The 417 respondents in this study fulfilled the two criteria of being Malaysian citizens
and using the light rail transit (LRT) service within the last month. Of the respondents,
50.8% were male, and 49.2% were female. Approximately 44% of the participants were aged
between 21 and 30; 37.4% were between 31 and 40; 9.1% were under 20; 8.6% were between
41 and 50; and 1.2% were older than 50. More than half of the respondents (74.6%) had
received education up to the degree level (Bachelor’s Degree, Master’s Degree or Doctor
of Philosophy).

In terms of employment, over half of the participants (55.9%) worked full-time, 32.4%
were studying, 5.8% were not working, 5.5% were part-time workers, and 0.5% belonged to
different employment classifications. In terms of monthly income, 29.3% of the respondents
earned less than RM2000 per month, and only 1.0% earned more than RM8000 per month.
Meanwhile, a monthly income was not disclosed by 18.7% of the participants for reasons of
privacy and confidentiality. The questionnaire also asked about the ownership of a driving
license (Class D) and the number of cars owned by a household. Most respondents (85.4%)
had a driver’s license, and 14.6% did not have a driver’s license. In addition, 27.8% of the
respondents did not own a car, 33.6% owned one car, 23.3% owned two cars, and 15.3%
owned three or more cars. Regarding the frequency of using the LRT services, majority of
the respondents (43.9%) use the service on a regular basis (more than four days a week).

4.2. Exploratory Factor Analysis

In exploratory factor analysis (EFA), the possible structures of latent variables are
identified and then employed for dividing variables into reduced sizes that are more easily
managed. This is carried out through the removal of any items that have no cores in
common [84,85]. In the current research, EFA was conducted by utilizing the techniques
of principal component analysis (PCA) and varimax rotation. In doing so, this Malaysian
light rail transit (LRT) operation was assessed through its fundamental constructs and
dimensions of quality. This approach is the most recommended technique, and previous
studies, especially transport studies, often used this approach [64,86,87]. This study retained
the eigenvalues ≥ 1 [25,88,89]. Eigenvalues are the variances of variables, each of which
uses a specific factor to explain it. Factors with eigenvalue assessments ≥1 can explain
a greater level of variance than one variable. Moreover, the reliability of the factor will
always be positive when the eigenvalue is ≥1.

The Klang Valley’s LRT services were measured in terms of their quality through
43 characteristics of service quality, derived from EFA. The findings demonstrate the extrac-
tion of eight constructs with eigenvalues ≥ 1, which could explain 72.152% of the variance.
As illustrated in Table 1, the eight constructs were information signs (five items), safety
(five items), amenities (six items), speed (four items), ticket-based services (four items),
employee performance (four items), comfortable travel (five items), and the provision of
details (four items). This study excluded six items in the LRT services that have a loading
factor of less than 0.5 and were present in several factors (repetitive) as recommended by
Maskey et al. [89] and Uca et al. [90].
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Table 1. Result of Exploratory factor analysis.

Factor/Item
Exploratory Factor Analysis (EFA)

Loading
Factor Eigenvalue Explained

Variance
Cronbach

Alpha

Signage (SG)/
SG1-SG5 0.639–0.698 14.839 34.509 0.903

Comfort (CF)/
CF1-CF5 0.599–0.692 7.419 17.254 0.912

Facilities (FT)/
FT1-FT6 0.667–0.808 2.212 5.145 0.947

Speediness (SN)/
SN1-SN6 0.639–0.712 1.707 3.910 0.904

Ticketing service (TS)/
TS1-TS4 0.611–0.672 1.471 3.421 0.908

Staff service (SS)/
SS1-SS4 0.738–0.784 1.231 2.877 0.897

Safety (ST)/
ST1-ST5 0.506–0.836 1.148 2.670 0.912

Provision of Information (PI)/
PI1-PI4 0.515–0.552 1.017 2.366 0.929

Following the extraction of each factor, Kaiser’s [88] varimax rotation method was
employed in EFA since this approach is used most often to identify key factors; it is also
easily interpreted [91,92]. Within EFA, the authors carefully considered three criteria: (i) The
measurement of Kaiser-Meyer-Olkin (KMO) sampling adequacy and Bartlett spherical
test. (ii) The loading factors for each item. (iii) The analysis of the reliability of the
factors identified. The current research had highly accurate sampling within the process
of factor analysis, as indicated by the 0.964 KMO. Meanwhile, the Bartlett sphere test
demonstrated the significance of χ2 = 16084.216, ρ < 0.000 for the LRT operations listed in
Table 1. Moreover, sufficient common variance was evident in the matric between each
correlation [92].

A range of 0.506 to 0.836 was found for all the measurement items’ loading fac-
tors (Table 1). Thus, using the ≥0.5 rule of thumb devised by Kuo and Tang [64] and
Maskey et al. [89], every item in Table 1 was retained. Finally, the reliability analysis
showed that the threshold for the Cronbach alpha is greater than 0.70 and ranged be-
tween 0.897 and 0.947 for the LRT service, thus fulfilling the requirements proposed by
Hair et al. [92]. It also shows that the eight factors extracted to assess the LRT service
quality are reliable.

4.3. Correlation Analysis

The outcomes of the Spearman’s correlation test of the extracted factors of service
quality, as outlined in Section 4.2, and the perceptions users had of satisfaction are shown in
Table 2. The table exhibits how the eight service quality elements—information signs, com-
fortable travel, amenities, ticket-based services, employee performance, safety, provision of
details, and speed—were positively and significantly associated with the variable of per-
ceived satisfaction. Various factors of service quality—comfort, ticketing service, facilities
and information provision—were strongly and positively related (r > 0.7) to perceptions of
satisfaction. This indicates that transport riders considered these features were linked with
similar views on perceptions of quality. Conversely, as Table 2 shows, every service quality
factor had a significant robust and moderate association with perceptions of satisfaction,
suggesting that the factors of service quality, which had been extracted previously, were
the key determinants of users’ satisfaction.



Mathematics 2022, 10, 2213 9 of 21

Table 2. The association between the element of the quality of service and user perceptions of
satisfaction.

Factor SG CF SN ST TS FT SS PI PS

SG 1.000

CF 0.757 ** 1.000

SN 0.683 ** 0.710 ** 1.000

ST 0.605 ** 0.649 ** 0.679 ** 1.000

TS 0.707 ** 0.706 ** 0.680 ** 0.714 ** 1.000

FT 0.649 ** 0.676 ** 0.648 ** 0.558 ** 0.680 ** 1.000

SS 0.566 ** 0.601 ** 0.564 ** 0.575 ** 0.628 ** 0.615 ** 1.000

PI 0.663 ** 0.677 ** 0.631 ** 0.586 ** 0.685 ** 0.738 ** 0.643 ** 1.000

PS 0.696 ** 0.719 ** 0.684 ** 0.597 ** 0.725 ** 0.722 ** 0.650 ** 0.740 ** 1.000
Note: CF: Comfort; FT: Facilities; PI: provision of information; PS: Perceived satisfaction; SG: Signage; SN:
Speediness; SS: Staff service; ST: Safety; TS: Ticketing service; **: p-value < 0.01.

4.4. Artificial Neural Network Model
4.4.1. Artificial Neural Network Architecture

In the current research, an artificial neural network (ANN) model was developed that
was intended to predict how the quality of service on the Klang Valley light rail transit (LRT)
influenced the perceptions that users had of satisfaction. The multi-layered perceptron
(MLP) model was utilized, along with SPSS version 24. In research into the behavior of
users, this ANN model is used most often [45,93–96]. This ANN model contained eight
variables as the input, which were acquired through exploratory factor analysis, as outlined
in Section 4.2: information signs (SG), comfort (CF), facilities (FT), speed (SN), ticketing
services (TS), staff performance (SS), safety (ST), and information provision (PI); meanwhile,
the perceptions of satisfaction (Satisfaction) formed the output variable.

In the current research, the issue of over-fitting for 10% of the data utilized to test
the model and for 90% of the data utilized to train the data was prevented with the use
of ten-fold cross-validation; this made it possible for the predictions, when training the
network, to be measured for their accuracy. The activation function of hidden layers
and output layers was the sigmoid function. The neural network module of SPSS was
used to spontaneously calculate the amount of hidden neurons. Seven hidden neurons
were featured in the ANN network. Shown in Figure 2 is the ANN model’s architectural
structure that was used to predict which factors of service quality affected the perceived
satisfaction of LRT users (8-7-1).

4.4.2. Assessment of Model Performance

The ten-fold cross-validation prevented the overfitting problem in the model [46,96].
The seven nods in the hidden layer were optimum and accurately predicted the output
variable (see Figure 2). When the data were trained and tested for the ten neural networks,
the accuracy of the artificial neural network (ANN) model’s predictions were estimated,
using as an indicator the root mean square error (RMSE). For each set of data, the RMSE
standard deviation and average values are presented in Table 3. When considering the light
rail transit (LRT) service, relatively low average (trained: 0.108, tested: 0.107) and standard
deviation (trained: 0.004, tested: 0.017) RMSE values were revealed. Thus, considerable
match accuracy was shown by the service model, as these values indicate.
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Table 3. The SSE, MSE and RMSE values for the ANN LRT model.

ANN
Network

Training Testing

N SSE MSE RMSE N SSE MSE RMSE

ANN1 372 4.457 0.012 0.109 45 0.833 0.019 0.136

ANN2 375 3.932 0.010 0.102 42 0.644 0.015 0.124

ANN3 372 4.215 0.011 0.106 45 0.317 0.007 0.084

ANN4 369 4.326 0.012 0.108 48 0.585 0.012 0.110

ANN5 368 4.252 0.012 0.107 49 0.458 0.009 0.097

ANN6 380 4.130 0.011 0.104 37 0.589 0.016 0.126

ANN7 375 4.436 0.012 0.109 42 0.469 0.011 0.106

ANN8 364 3.905 0.011 0.104 53 0.608 0.011 0.107

ANN9 382 5.041 0.013 0.115 35 0.260 0.007 0.086

ANN10 365 4.515 0.012 0.111 52 0.508 0.010 0.099

x 4.321 0.012 0.108 x 0.527 0.012 0.107

SD 0.327 0.001 0.004 SD 0.165 0.004 0.017

Note: ANN: Artificial neural network; SSE: Sum of squared error; MSE: Mean squared error; RMSE: Root mean
square error.

According to Leong et al. [46] and Veerasamy et al. [97], lower values for RMSE
indicate the highly accurate predictions of an ANN model, while the values predicted and
the actual data match excellently. The model created through this study had a lower RMSE
value than those devised, first, for the government’s mobility-focused response approach
forecast [95] and, second, for ascertaining the factor of smart meter acceptance (power
supply) in Malaysia [82]. Furthermore, the non-zero synaptic weight quantity linked to the
hidden neurons, a confirmation of the predictor’s relevance.

The current research employed the values of the determination coefficient (R2), as well
as the values for the mean squared error (MSE), root mean square error (RMSE), and sum
of squared error (SSE). The ANN model potentially predicts the perceptions of satisfaction
that users expressed in relation to the Klang Valley LRT services, as demonstrated by
the 79.70% accuracy of the calculated R2 values. As Shen et al. [3] stated, better match
accuracy is indicated by high R2 values, whereby R2 values of 67% are high, moderate
would equate to values of 33%, and low would be 19%. This study’s models obtained
consistent values of R2 (≥70%), corresponding to outcomes of other research, in which user
behavior predictions were made using the ANN non-parametric model [45,82,93].

4.4.3. Sensitivity Analysis

Analysis of sensitivity can be referred to as all the independent factors’ importance in
measuring the extent to which value predictions by neural network models altered with
an independent variable’s value [42,98]. In terms of the total contribution of the input
neurons (see the average of relative important value in Table 4), three factors of LRT service
quality namely provision of information, facilities and signage shows the highest weight of
the input layer of 0.213, 0.189 and 0.146, respectively. This indicated these service quality
factors are the most important variable influencing user’s perceived satisfaction to service
provided. The lowest weight of the input layer recorded in this study is 0.057 for safety.
When the importance values of all the independent variables (input neurons) are divided
by the largest values of importance, this produces the normalized importance value, which
is expressed in percentage form [96,99]. As revealed by the analysis sensitivity, information
provision of (100.0%), facilities (88.8%), and information signs (68.2%) were the three factors
that had the most influence when predictions were made of user perceptions of satisfaction
with the LRT service, as illustrated in Table 4. Meanwhile, speed (36.5%), comfort (35.8%),
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and safety (26.6%) were the three least influential factors in terms of user perceptions of
satisfaction with the LRT service.

Table 4. The results of sensitivity analysis.

ANN Network
Relative Importance

SG CF SN ST TS FT SS PI

ANN1 0.116 0.090 0.064 0.092 0.125 0.179 0.121 0.213

ANN2 0.149 0.045 0.051 0.030 0.141 0.218 0.086 0.280

ANN3 0.128 0.095 0.068 0.030 0.091 0.216 0.138 0.234

ANN4 0.181 0.092 0.117 0.020 0.200 0.189 0.045 0.155

ANN5 0.067 0.076 0.091 0.016 0.224 0.225 0.081 0.220

ANN6 0.158 0.090 0.049 0.077 0.028 0.222 0.122 0.254

ANN7 0.149 0.093 0.103 0.048 0.171 0.219 0.077 0.141

ANN8 0.176 0.024 0.088 0.010 0.092 0.155 0.167 0.289

ANN9 0.189 0.048 0.059 0.080 0.123 0.116 0.128 0.258

ANN10 0.144 0.110 0.093 0.164 0.129 0.156 0.114 0.091

Average of relative importance 0.146 0.077 0.078 0.057 0.132 0.189 0.108 0.213

Normalised relative importance (%) 68.2 35.8 36.5 26.6 62.0 88.8 50.5 100.0

Note: ANN: Artificial Neural Network; CF: Comfort; FT: Facilities; PI: provision of information; SG: Signage; SN:
Speediness; SS: Staff service; ST: Safety; TS: Ticketing service.

5. Discussions of the Results
5.1. Theoretical Implication

The results of the current study potentially offer in-depth and extensive details of how
users perceive Malaysian cities’ rail transit transport in terms of the quality of service. As a
case study, the researchers selected the Klang Valley’s system of light rail transit (LRT) to
assess its services. The study reports how the factors of the LRT service ranked according
to the ways they influenced user perceptions of how satisfactory the service quality was.
The techniques of non-parametric models, or artificial neural network (ANN) modeling,
were used to rank the quality aspects of the LRT services.

It was proposed that user perceptions of satisfaction were influenced by eight elements
that were used an analytical measurement scale: comfort, amenities, safety, ticket-based
services, employee performance, speed, information signs, and the provision of information.
Shen et al. [3] examined the same constructs in their investigation of how satisfied users
were with the Suzhou (China) urban light railway services. In addition, de Oña et al. [100]
and Yanık et al. [101] employed similar aspects, including informing passengers, security,
comfort, and consumer service, in the case studies they, respectively, undertook in Italian
and Turkish contexts. Existing research was utilized to extract factors from the current
study’s exploratory factor analysis. Each factor of service quality represents a dimension
that underlies the user perceptions of quality. LRT users’ perceptions of satisfaction might
be influenced by these factors. Information signs, comfort and amenities were the elements
that explained the majority of the variance.

Furthermore, the current research explored how the factors of service quality impacted
the user perceptions of satisfaction with the service provided by the Klang Valley’s LRT
system. All the factors of service quality were ranked according to their respective con-
tributions (their normalized relative importance values) to these user perceptions. The
ANN modeling was utilized when ranking these elements since the existing literature has
verified how this is more advantageous than the standard methods of using parametric
modeling such as regression modeling, structural equation modeling, and logit or probit
modeling [43,94]. Techniques using the ANN are improvements over other non-parametric
models such as the approach using decision trees [43] since the ANN can give more accurate
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predictions (79.70%) than the tree method (from 59.72% to 62.16% better) when evaluating
the respective contributions of the service quality of public transportation, according to de
Oña et al. [102].

According to the values ranked by importance (in percentages) and the LRT service
quality order, information provision, amenities, and information signs were the most
essential elements when evaluating how users perceived their satisfaction with the services
delivered. Comfort and ticketing services are considered less critical determiners of users’
perceived satisfaction with the LRT services in the Klang Valley. Other studies related to
transportation have employed various approaches, such as the analysis of importance-
performance, models of structural similarity and models of regression, producing findings
resembling those of the current study and thus confirming the validity of its methodology
and outcomes [23,101,103,104].

5.2. Practical Implication

As indicated by the outcomes of this study, specific measures might enhance users’
perceived satisfaction and effective strategies could be developed to keep the existing
riders and encourage potential riders to use the light rail services. Previous studies have
proven that public transport users satisfied with the provided services are more likely to be
loyal [6,19,23]. Consequently, better user satisfaction with the provided services (in this
case, the LRT) can expand the ridership and facilitate the survival of the service provider
in the transportation market in urban areas such as the Klang Valley, for which there is
considerable competition.

The user perceptions of satisfaction with the service provided by the LRT were strongly
determined by three factors: information provision, facilities, and information signs. These
factors were ranked first to third based on their significant contribution to the formation of
user satisfaction. Thus, user perceptions of satisfactions with the service provided by the
LRT could be enhanced if service providers prioritize these factors.

One way to increase users’ perceived satisfaction is by guaranteeing updated, reliable
and accurate details are available at LRT stations and on trains. As mentioned in previous
studies, those who deliver the services and the official responsible bodies must provide
information on the prices of tickets, interruptions to services (should disruptions occur),
service duration, trains’ lines and schedules of arrival and departure because these aspects
are essential for boosting users’ perceptions of satisfaction with public transportation and
for users to plan and manage their journeys [19,22,105].

At each station and on each train, high-quality facilities need to be delivered by those
providing the LRT services. For example, comfortable and ample seats at the stations
and on the trains could enhance user comfort while waiting for the trains to arrive and
during their journey. As Gao et al. [106] claimed, users would be more satisfied with public
transportation if the seats were more comfortable. Additionally, if users have to stand, their
convenience should be addressed by providing holders such as hanging straps, rails, grab
handles, and stanchions. Furthermore, user perceptions of satisfaction (particularly among
new riders) could be enhanced with the installation of clearly marked and systematically
arranged signs.

Previous studies have shown that other influential factors of user perceived satis-
faction are user comfort and customer service. The current researched showed that tem-
perature and cleanliness affected the comfort of users. The works by Geetika [107] and
Ibrahim et al. [22] indicated that those providing the services must guarantee users are
comfortable on trains and at stations because this influences users’ perceived contentment.
Being comfortable ranges from being thermally comfortable to how clean the trains and
stations are. A potential way to ensure cleaner amenities around the urban light railway
network (in this study, the LRT service) in the Klang Valley is to provide more litter con-
tainers in strategic locations to make it easier for users to dispose of their garbage. It is
crucial to provide recycling bins to improve facility cleanliness and encourage recycling,
thus promoting a greener and sustainable environment [22,108]. In addition, the policies of
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preventing people from smoking, eating or drinking on trains could also improve cleanli-
ness and make users more comfortable [109]. If users complied with the rules and policies
related to hygiene, this would assist the LRT services to match their expectations.

This study also identified employee performance as one of the vital factors that affected
users’ perceived contentment with the LRT services in the Klang Valley. Users would likely
be more satisfied with the LRT services if each type of LRT worker—managers, drivers, and
regular employees—made equal contributions to ensuring riders were content. Managers
need to guarantee that the workforce displays positive representations of the organization
and their activities. The LRT employees, especially those at customer service desks, must
maintain courtesy and professionalism when dealing with passengers and offer correct,
updated, and reliable details. Uniforms of professional appearance might improve the
image of the workforce [22].

The proposed measures are based on the outcomes of the current work and are crucial
to increasing users’ perceptions of how satisfied they are with the LRT services in Malaysia.
These recommendations are intended to help increase the ridership rates on the city-based
rail transit services while reducing the dependence on private forms of transport when
traveling in the highly urbanized Klang Valley.

6. Conclusions and Suggestion for Further Study

The current research explored how user perceptions of satisfaction were influenced
by particular factors of service quality in relation to the Klang Valley’s light rail transit
(LRT) system. The findings indicate that user perceptions of satisfaction with the quality
of service delivered by the LRT were influenced by various factors: information signs,
comfort, speed, safety, ticketing services, facilities, staff performance, and information
provision. User perceptions of satisfaction were also noted as being strongly and positively
associated with these aspects of service standards. Moreover, the artificial neural network’s
non-parametric model produced findings with a 79.70% predictive accuracy, indicating that
three service quality factors—information provision, facilities, and information signs—had
a dominant influence on user perceptions of satisfaction with the service delivered by
Malaysia’s urban rail transit system. This outcome was determined after assessing how
significantly each factor contributed to the formation of the user perceptions of satisfaction
with the service delivered. Other factors, speediness, comfort and safety, have minimal
influence on user satisfaction.

The current research produced results that might enhance the LRT services in theory
and in practice. From a theoretical angle, the researchers utilized an innovative method-
ological approach to behavioral studies by employing the artificial neural network in
non-parametric modeling to offer predictions of which factors of service standards would
have the most effect on user’s perceptions of how satisfied they were. The technique of the
artificial neural network was also employed to develop our basic comprehension of the
factors of service quality that influence user perceptions of satisfaction with the services
delivered by the LRT. Thus, this study’s major contribution is to offer valuable details that
augment the transportation literature, particularly in the context of transport in Asia as a
region. In practical terms, the factors with a dominant influence on the user perceptions
of satisfaction were revealed in the results of this study. This can help service providers,
policy makers, and academics to locate and deliver solutions that specifically and effectively
develop the LRT service quality, raise users’ satisfaction in the short term, and encourage
more riders to use the LRT. These measures help the service providers to maximize profit
while sustaining the transportation market.

Nevertheless, future researchers should recognize and resolve the current study’s
limitations. First, the Malaysian context formed the backdrop to the study, thus limiting
its scope. Therefore, these results must be applied with caution to other countries or
regions since all countries have particular cultures and perceptions. Second, the focus
of this research was users’ perceptions of the quality of service. It is suggested that
future researchers conduct evaluations of non-users’ (e.g., those using private vehicles)
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perceptions of the standards of service in public transportation terms. Comparing user and
non-user perspectives would offer valuable insights into opinions about service standards
and satisfaction with the service that was actually delivered. In addition, another limitation
is the numbers of input neuron (service quality factors) in this study has been limited to just
eight with the predictive accuracy is 79.70%. We suggest in the future, more factors may be
considered as an input variable in ANN model to enhance the prediction capability. Finally,
as this study only employed the ANN model, it would be interesting for future study to
conduct another experimental approach such as Bayesian network, Decision tree, structural
equation model and compare the findings based on these several methodological approach.

Author Contributions: Conceptualization, A.N.H.I. and M.N.B.; methodology, A.N.H.I. and M.N.B.;
software, M.H.O. and M.M.R.; validation, A.N.H.I., M.N.B. and M.M.R.; formal analysis, A.N.H.I.
and M.H.O.; data curation, M.N.B. and M.R.M.Y.; writing—original draft preparation, A.N.H.I.
and M.N.B.; writing—review and editing, A.N.H.I., M.N.B., M.R.M.Y.; supervision, M.N.B.; project
administration, A.N.H.I. and M.N.B.; funding acquisition, M.N.B. All authors have read and agreed
to the published version of the manuscript.

Funding: This study was supported by the Ministry of Higher Education Malaysia with Grant
number FRGS/1/2021/TK02/UKM/02/1.

Institutional Review Board Statement: Ethical review and approval were waived for this study, due
to the study not involving biological human experiment and patient data.

Informed Consent Statement: Participants freely decided to participate in the survey and consented
to the use of the anonymized data. The need for informed consent statement was waived.

Data Availability Statement: All the necessary data are contained in this paper.

Acknowledgments: The authors wish to acknowledge each reviewer for the recommendations and
comments they made, which improved the quality of this paper.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

Table A1. Quality of service attributes for public transportation.

No. Quality of Service Attributes References

1 Frequency [3,6,8,100,105,110–114]

2 Network coverage [104,105,112,115,116]

3 Service provision hours [3,6,105,117]

4 Station parking [100,104,114,118]

5 Accessibility [8,104,105,111,113,117]

6 Easy of transfer/Distance [105,112,117]

7 Ticket price [3,6,8,104,105,110,111,115,116,118,119]

8 Ticket selling network [3,6,8,104,105,120]

9 Type of tickets/Passes [3,110,117]

10 On board information [3,6,8,104,105,111,117–119]

11 Information at station [3,6,8,105,117–119]

12 Punctuality [3,6,8,104,105,110,111,115,117–119]

13 Access time [3,8,105,111–113,117]

14 Travel speed [3,8,105,111,117]

15 Waiting time [105,113,115]

16 Driver and personnel’s behavior [3,6,8,104,111,115,117–119]

17 Customer service [6,105,110]
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Table A1. Cont.

No. Quality of Service Attributes References

18 Cleanliness [3,8,104,105,111,113,115,117–119]

19 Comfort [3,8,104,105,110–113,117–119]

20 Seating capacity [3,8,104,105,112,113,117]

21 Quality of vehicles [105,113,117–119]

22 Temperature [3,105,111,115]

23 Waiting condition [104,110,112,113]

24 On board safety [3,6,8,104,105,110,111,117–119]

25 Safety at station [3,6,8,105,112,117]

Appendix B

Table A2. Measurements in the survey instrument.

Signage SG

Signage for station’s location SG1

Provision of instructions at the station SG2

Automatic gate signs at the station SG3

Clear signs showing directions SG4

Train departure/arrival signal at the station SG5

Comfort CF

The level of illumination at the station CF1

Appropriate ventilation and temperature at the station CF2

Cleanliness at the station CF3

Ventilation and suitable temperature in the carriage CF4

Hygiene in the carriage CF5

Facilities FT

Suitable location for self-service machines FT1

The location of the waiting area seats at the appropriate station FT2

The distortion of the sound level for announcements FT3

Comfortable handrails in carriages for standing passengers FT4

Mobile signal strength level at the station FT5

Mobile signal strength level in the carriage FT6

Speediness SN

Exact train arrival time SN1

Acceptable stopping time at the station SN2

Acceptable departure time interval SN3

Acceptable length of service time SN4

Ticketing service TS

Types of tickets offered TS1

Quantity of self-service ticket machines TS2

Clear instructions for using a self-service ticket machine TS3

Self-service ticket machine functions well TS4
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Table A2. Cont.

Staff service SS

Staff appearance SS1

Staff attitude SS2

Staff efficiency in resolving passenger problems SS3

Call centre response time during service hours SS4

Safety ST

Security level at the station ST1

The level of safety in the carriage ST2

Safety during travel ST3

Other passengers’ behaviour ST4

Early signalling of closure of the carriage doors before departure ST5

Provision of Information PI

Announcements related to the services provided PI1

The efficiency of announcements related to service disruption PI2

Provision of information related to services at the station PI3

Provision of information related to services in the mass media PI4

Perceived Satisfaction Kepuasan

Overall satisfaction with the services provided Kepuasan 1

My perception of the level of service provided exceeded my
expectations Kepuasan 2

My perception of the excellence of the services provided exceeded
my expectations Kepuasan 3

I believe I benefitted from using this service Kepuasan 4
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