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ABSTRACT 

Klang Valley faces challenges in attracting and retaining rail transit ridership, highlighting a significant gap in 

existing literature. This study aims to identify and analyze the key factors influencing rail transit ridership, 

including frequencies of train services, convenience, and ticket price. Adopting a quantitative research design, a 

sample size of 170 is selected through mixed technique including stratified sampling and random sampling 

technique, and data is collected using questionnaires sent out through Google form. Diagnostic analysis, 

inferential analysis (Pearson correlation), and descriptive analysis are conducted to analyze the data. The findings 

reveal significant insights into the relationships between these factors and rail transit ridership in the Klang 

Valley. Cronbach's alpha ensures the internal consistency of the measurement scales, while Pearson correlation 

identifies the impact of frequencies of train services, convenience, and ticket price on ridership. These findings 

contribute to bridging the existing gap in literature and provide practical implications for transportation 

authorities and policymakers to enhance ridership and improve public transportation services. In conclusion, a 

comprehensive understanding of the factors influencing rail transit ridership is essential for optimizing services 

and meeting the needs of passengers in the Klang Valley. 

Keywords: Ridership, frequencies of train services, convenience, and ticket price 

BACKGROUND OF THE STUDY 

Rail transit systems have emerged as crucial components of urban transportation networks worldwide, offering 

numerous benefits such as high capacity, comfort, safety, and cost-effectiveness compared to private modes of 

transport (Litman, 2007). In the context of the Klang Valley in Malaysia, rail transit plays a pivotal role in 

addressing traffic congestion, reducing travel times, and providing a convenient alternative to private vehicle 

usage. Despite the advantages of rail transit, achieving high ridership remains a significant challenge in 

developing countries like Malaysia. Factors such as the growing ownership and usage of private vehicles, 

including e-hailing services like Grab and Uber, contribute to issues like congestion, accidents, energy 

consumption, and air pollution (Morikawa et al., 2003). Consequently, there is a pressing need to enhance the 

utilization of public transportation, particularly rail transit systems.  

This research aims to investigate the factors influencing ridership in the Klang Valley rail transit system, focusing 

on the following independent variables such as frequency of train which refers to the number of train arrivals 

and departures, plays a vital role in attracting passengers. Research has shown that higher train frequencies 

provide commuters with greater flexibility and convenience, ultimately increasing ridership (Fillone et al., 2006). 

Following by the convenience of rail transit encompasses various aspects, including the accessibility of train 

stations, ease of ticket purchase, and overall comfort during the journey. Previous studies have emphasized that 

commuters are more likely to choose rail transit when it offers convenient access and user-friendly services (Lau 

& Chiu, 2004). Ticket price (Cost for the Passenger) is the fare or ticket ticket price for train travel within the 

Klang Valley is a significant factor influencing ridership. Commuters are sensitive to transportation costs, and 

affordable fares can attract more passengers to utilize rail transit services (Fillone et al., 2006).  

The dependent variable of this research is the number of Rail Transit Ridership taking the train in the Klang 

Valley. This variable represents the overall volume of individuals utilizing the rail transit services in the region. 
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Understanding the factors that influence this variable is critical for policymakers and service providers to develop 

effective strategies to enhance ridership and promote sustainable urban transportation. By examining the 

relationship between the independent variables (frequency of train, convenience, and ticket price) and the 

dependent variable (number of riders), this research aims to identify key factors that can increase rail transit 

usage in the Klang Valley.  

The findings provided valuable insights to inform decision-makers about potential areas for improvement, such 

as increasing train frequencies, enhancing convenience features, and optimizing fare structures. The research is 

expected to contribute to the existing body of knowledge by shedding light on the specific factors that influence 

rail transit ridership in the Klang Valley context. The results have practical implications for policymakers, transit 

authorities, and urban planners, helping them make informed decisions to improve the overall attractiveness and 

efficiency of the rail transit system. Ultimately, this research aims to contribute to reduced traffic congestion, 

improved urban mobility, and sustainable transportation in the Klang Valley. 

Problem Statement 

In the Klang Valley, public transportation options including rail, buses, and taxis are available. Rail transit has 

emerged as the preferred mode of transportation due to its punctuality, affordability, and immunity to traffic 

congestion. Despite efforts to improve public transportation services by introducing rail transit systems, the 

modal share of public transportation has declined, primarily due to increased car ownership and deficiencies in 

bus services. This shift away from public transportation has resulted in traffic congestion and air pollution, with 

motor vehicles contributing to a significant portion of pollutants in the Klang Valley. The inadequate public 

transportation facilities in the Klang Valley area have become a pressing issue, exacerbated by the rapid 

population growth, increasing private vehicle ownership, and expansion of urban areas. The road network is 

under strain, leading to worsening traffic congestion and road safety concerns. The average speed of public 

transportation in the Klang Valley is significantly lower than other urban cities, and the region experiences a 

high number of accident fatalities. To address the issue of inadequate public transportation facilities and attract 

more passengers, particularly infrequent riders, there is a need to focus on improving the accessibility of rail 

transit systems. This study aims to investigate the factors influencing rail transit ridership in the Klang Valley, 

with a specific focus on the accessibility and service quality of the rail transit system. The study aims to explore 

ways to enhance the access attributes of the Light Rail Transit (LRT) and commuter systems (Keretapi Tanah 

Melayu, KTM), considering the various access modes used by frequent rail users and private transport users. 

Additionally, the study considered accessibility for people with disabilities and incorporates service quality 

elements in its analysis. By identifying influential factors such as travel time, travel cost, reliability, safety, 

comfort, and convenience, the study aims to propose an integrated model of important rail transit system traits 

in Klang Valley. However, it is important to acknowledge the limitations and constraints of this study, including 

the scarcity of related studies on the proposed relationships and the scope of the research. 

Despite the importance of accessibility to the success of rail transit systems, it has received less attention 

compared to efforts focused on improving the rail service itself. Existing research has primarily focused on 

increasing ridership without adequately addressing the issue of accessibility (Kim et al., 2007; Rietveld et al., 

2009). Studies have shown that satisfaction with the level and quality of access to rail services plays a crucial 

role in travelers' decision-making process. However, there is a gap in research regarding the applicability of 

findings from urban transportation studies conducted in major European and American cities to Asian cities, 

considering the differences in city structure and social development (Lau & Chiu, 2004). Moreover, there is a 

lack of research specifically addressing the issue of poor accessibility to rail services in the Klang Valley. 

Previous studies conducted in the Klang Valley have primarily focused on factors such as travel time, cost, 

distance, and fuel ticket prices when examining modal shift between private vehicles, buses, and rail. The 

importance of accessibility to urban rail transit networks has not been adequately explored in the context of the 

Klang Valley (Kamba et al., 2007; Almselati et al., 2011). Thus, there is a research gap in understanding the 

significance of accessibility to rail transit systems in the Klang Valley. To address this research gap, this study 

proposes a novel framework that examines the causal relationship between service quality, rail users' travel 

experience, and their satisfaction with the perceived importance of rail transit system traits. While prior research 

has not explored these relationships comprehensively, the proposed structural model considers new exogenous 

variables and latent variables measured with multiple indicators.  
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LITREATURE REVIEW 

Rail Transit Ridership 

Usually, various aspects play a significant role in influencing ridership choices when it comes to selecting public 

transportation as the preferred mode of travel. Therefore, it is crucial to assess the selection of Light Rail Transit 

(LRT) as one of the primary transportation options, taking into account the preferences of ridership (Zhou et 

al.,2014). One of the key considerations for riders when choosing public transport is the factor of time. Travelling 

time, in particular, heavily impacts passengers' decisions (Meng et al., 2018;Peng & Huang, 2000).Furthermore, 

saving time while using public transport is a prominent factor that influences the choice of the LRT system 

(Wang & Liu, 2015). However, according to  Haywood et al., (2017), passengers may have limited opportunities 

to make use of their time during public transport journeys. Apart from time considerations, the cost incurred for 

each use of public transport is also a concern for passengers (Tirachini & Antoniou, 2020). Ridership generally 

prefers low and affordable transportation costs, which can be facilitated through subsidies (Zhang & Xu, 

2017).Such subsidies not only reduce the overall cost for passengers but also provide them with the flexibility 

to allocate their saved funds towards other interests. In this context, Zakaria and Anuar, (2017) stated that these 

cost savings can be redirected to other expenses, enhancing riders' overall experience. 

Frequency of Train Services 

The operation of passenger train services relies on the establishment of regular interval or periodic schedules, 

which is a critical task in railroad operations (Hooghiemstra, 1970). To account for the fluctuating levels of 

passenger demand, the planning horizon is typically divided into specific operation periods, often on an hourly 

basis. Understanding the choices made by passengers when boarding trains forms the fundamental basis for 

effective train service planning, as emphasized by (Chang et al., 2000).Recent research has extensively explored 

the relationship between train schedules and passenger behavior when selecting which train to board. According 

to Lam et al., (2002) conducted a user equilibrium analysis that considered the train schedule, while Shi et al., 

(2009) proposed a method to optimize the schedule based on passenger behavior. Additionally, Bassanini et al., 

(2002) verified the influence of demand flexibility and ticket ticket prices on train schedules. When scheduling 

trains, it is essential to consider the interplay between several factors, including train formation length, train 

frequency, travel service level, passenger demand flexibility, and passenger behavior. However, there remains a 

lack of comprehensive research on the impact of certain internal factors in train scheduling, such as train 

formation length and frequency. The current methods used for train scheduling primarily rely on fixed train 

formations (Chang et al., 2000;Bussieck et al., 1997).This simplifies the problem by merging and integrating 

costs per train kilometer and per carriage kilometer. However, it does not guarantee the attainment of an optimal 

train format and frequency during the scheduling process. In practical operations, the formation of trains is 

closely tied to various factors, including infrastructure characteristics, vehicle utilization, organizational mode, 

and the railway network. The relationship between these factors and train formation needs to be clearly 

elucidated. In this context, the present study focuses on analyzing passenger through-trains between two cities. 

Although the desired departure times of passengers in the railway transport corridor are continuously distributed, 

the scheduling of trains may require fixed departure times due to the operation's adherence to a specific headway. 

Based on the previous research discussed, it can be inferred that the number of frequencies of train services have 

a positive impact on rail transit ridership in the Klang Valley. Therefore, H1 in this study as below: 

H1: The higher number of frequencies of train services is positively influencing rail transit ridership in 

the Klang Valley. 

Convenience 

The convenience and comfort of passengers are crucial factors that significantly influence their choice to use 

public transportation (Nikel et al., 2020;Bahreini et al., 2016) Passengers highly value the availability of various 

services and facilities to enhance their overall comfort during the journey. One important aspect contributing to 

this comfort is the provision of a dedicated waiting area and comfortable seating (Haywood et al., 2017). 

Moreover, the condition of toilets plays a significant role in attracting and retaining riders, with cleanliness, 

suitable equipment, and sufficient units being important considerations (Faisal et al., 2020). The availability of 
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designated prayer areas, particularly for Muslim riders, is also highly valued (Kadir et al., 2020). The design of 

stairs and the functionality of escalators are additional factors that can influence passengers' intention to continue  

using public transport services (Chi et al., 2006). The location and design of Light Rail Transit (LRT) stations, 

as well as the provision of parking lots, are crucial in attracting riders (Lambrinos & Dosis, 2013; Ho et al., 

2017).The proximity of parking lots to LRT stations is an important consideration for riders (Hamsa et al., 2014). 

Similarly, the distance between riders' homes or workplaces and the LRT station plays a significant role in their 

decision-making process, as shorter distances save travel time (Minn, 2019).Additionally, clear signage 

information contributes to the ease of using the LRT service (Bai & Kattan, 2014). While good coverage of 

public transport is generally considered favorable, it may not specifically influence LRT ridership, as suggested 

by  Hensher et al., (2015). Considering this previous research, it can be inferred that improved convenience 

factors positively impact rail transit ridership in the Klang Valley. Therefore, H2 supports the notion that 

enhancements in convenience, such as the provision of comfortable waiting areas, clean and well-equipped 

toilets, designated prayer areas, efficient stair and escalator design, well-located stations and parking lots, shorter 

distances to stations, and clear signage information, contribute to increased rail transit ridership in the Klang 

Valley. Based on the previous research discussed, it can be inferred Improved convenience factors have a 

positive impact on rail transit ridership in the Klang Valley. Therefore, H2 in this study as below: 

H2: The improved convenience is positively influencing rail transit ridership in the Klang Valley. 

Ticket Price 

When examining the relationship between fare integration solutions in urban public transport and the demand 

for such services, it is crucial to consider factors that drive the need for transportation in cities and the overall 

demand for transport services. Additionally, established relationships between the ticket price of goods or 

services and the quantity purchased provide valuable insights. The size of demand, like the amount of goods 

purchased and services, is influenced not only by ticket price but also by various other factors that may change 

simultaneously with ticket price adjustments. Therefore, to understand the connections between ticket price and 

the quantity of goods or services purchased, it is necessary to assume that other factors remain constant. The 

distribution of demand, represented by the position and shape of the demand curve, serves as a starting point for 

analyzing the relationship between demand and ticket price. In general, with a few exceptions, both theory and 

practice demonstrate that when the ticket price of a good or service increases, the demand tends to decrease, 

resulting in the purchase of fewer goods or services. Conversely, a reduction in ticket price leads to an increase 

in the quantity demanded by customers. This rule applies to public transport services as well and has been 

confirmed by numerous studies conducted across different continents and countries over several decades 

(Bussieck et al., 1997; Litman, 2004). However, the sensitivity to ticket price changes can vary. The quantitative 

measure that determines how responsive the quantity of purchased goods or services is to ticket price changes is 

known as the ticket price elasticity of demand. In general, demand is considered inelastic when a ticket price 

change of, for example, 1% results in a smaller than 1% change in the quantity demanded. Conversely, demand 

is elastic when a 1% ticket price change leads to a quantity change greater than 1%. When demand is inelastic 

with respect to ticket price, reducing ticket prices leads to a decrease in income, while increasing ticket prices 

results in higher income (sales), assuming other factors remain constant  (Litman, 2021). Numerous studies have 

investigated the relationship between public transport demand and fares, providing insights specific to particular 

modes of transport, cities, geographic areas, markets, and societies (Kholodov et al., 2021;Urbanek, 2002;Dargay 

& Hanly, 2002). Generally, the ticket price elasticity of public transport demand is relatively low. A meta-

analysis conducted by Holmgren (2007), revealed that the coefficient of ticket price elasticity of demand for 

urban transport can range from -0.009 to -1.32, with an average value around -0.38. Public transport demand and 

the ticket price sensitivity of demand are influenced by various factors, including demographic factors, trends, 

economic activity, income levels, built environment, geography and land use patterns, accessible substitutes, and 

demand management strategies within a specific area (Litman,2021). Moreover, the dynamic development of 

information and communication technologies (ICTs) has also impacted transport demand, as evidenced during 

the COVID-19 pandemic. ICTs are predicted to play a key role in limiting or reducing the growth of passenger 

traffic in cities (Mouratidis & Peters, 2022). Based on the previous research discussed, it can be inferred that 

lower ticket prices or fares have a positive impact on rail transit ridership in Klang Valley. Therefore, H3 in this 

study as below: 
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H3: Lower ticket price is positively influencing rail transit ridership in the Klang Valley. 

 

 

 

 

 

 

 

 

Figure 1: Conceptual Framework 

RESEARCH METHODOLOGY 

Population, Sample Size, Sampling Technique 

The population for this study was the passenger of rail transit. The total population of Klang Valley is 1,088,942 

individuals. This population can be further categorized into different age groups, 21.26% are between 0 and 14 

years old, 71.67% are between 15 and 65 years old, and 7.07% are 65 years and above. The focus of the study 

was on individuals aged between 15 and 65. To calculate the number of individuals in this age range with 

multiplying the total population of Klang Valley (1,088,942) by the percentage of individuals aged 15-65 

(0.7167) is 780,445 (1,088,942 x 0.7167 = 780,445). In this research, a sampling frame refers to a comprehensive 

list of all individuals who are part of the population from which the sample is drawn. In the case of this study, 

the passenger records of rail transits serve as the sampling frame. To determine the appropriate sample size for 

this study, a sample size calculator was employed, considering a confidence interval of 8.0. From the population 

of 777,099 individuals, the calculated sample size required for this study is 1,600 respondents. 

However, for this research, probability sampling was used. In probability sampling, the elements have some 

known or nonzero chance of probability of being selected as the subject for this research (Sekaran & Bougie, 

2013). Stratified random sampling method was used in the research. The questionnaires were distributed to the 

passengers of rail transit at Klang valley. The language of the questionnaire was in English since all the 

passengers could understand the language. According to Krejcie and Morgan (1970), the minimum number of 

respondents from this research was 80 respondents. Hence, a total of 170 respondents were approached to make 

sure there would be enough respondents as there is a possibility that some respondents would not return the 

questionnaires. 

Pilot Test 

The pilot test was conducted before the actual research to test the level of validity of the well-structured 

questionnaires before the full-scale distribution. A pilot test of 30 respondents was conducted to examine the 

content of validity and reliability of measurement. Cronbach’s alpha analysis was conducted to assess the internal 

consistency of four variables were Ridership (α = 0.778, 5 items), Frequency of train (α = 0.746, 6 items), 

Convenience (α = 0.842, 6 items), and Ticket price (α = 0.726, 7 items). The results indicated moderate to high 

levels of internal consistency across the variables, suggesting that the items within each variable reliably measure 

the intended constructs. The pilot test and full-scale study were conducted via the use of SPSS and its new 

versions have transformed data analysis into various fields. Researchers can leverage advanced statistical 

techniques offered by SPSS to ensure the accuracy, reliability, and validity of their analyses. These tools enhance 

researchers' ability to make robust inferences and contribute to the advancement of knowledge in their respective 

disciplines. 

Frequency of Train 

Services 

Convenience 

Ticket Price 

Ridership 
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RESULT AND DISCUSSION 

Cronbach Alpha 

Table 1: Cronbach’s Alpha Summary 

Variables Cronbach’s Alpha N of items 

Ridership 0.778 5 

Frequency of train 0.746 6 

Convenience 0.842 6 

Ticket price 0.726 7 

 

The Cronbach's alpha analysis was conducted to assess the internal consistency of four variables: Ridership (α 

= 0.778, 5 items), Frequency of train (α = 0.746, 6 items), Convenience (α = 0.842, 6 items), and Ticket price (α 

= 0.726, 7 items). The results indicate moderate to high levels of internal consistency across the variables, 

suggesting that the items within each variable reliably measure the intended constructs. Specifically, the 

variables capture individuals' perceptions of ridership, frequency of train usage, convenience, and pricing 

aspects. These findings contribute to the overall reliability and validity of the measurement instrument used in 

assessing these factors in the study. 

Descriptive Analysis 

Table 2: Age Data Summary 

Age N % 

18-24 years 9 5.3% 

25-34 years 103 60.6% 

35-44 years 33 19.4% 

45-54 years 9 5.3% 

55 years or older 14 8.2% 

Missing System 2 1.2% 

 

The age distribution analysis of the sample population reveals interesting insights. Among the 170 individuals 

surveyed, the majority fall within the 25-34 years age group, comprising 60.6% of the sample. The 35-44 years 

age group follows, accounting for 19.4% of the population. The remaining age groups, including 18-24 years, 

45-54 years, and 55 years or older, represent 5.3%, 5.3%, and 8.2% of the sample, respectively. There are also 

two missing data points, constituting 1.2% of the total sample. These findings provide a snapshot of the age 

composition within the sample, emphasizing the dominance of the 25-34 years age group. 

Table 3: Occupation Data Summary 

Occupation N % 

Student 5 2.9% 

Employed full-time/part-time 119 70.0% 

Self-employed 31 18.2% 

Unemployed 5 2.9% 

http://www.rsisinternational.org/
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Retired 8 4.7% 

Missing system 2 1.2% 

 

Among the surveyed individuals, the largest proportion consists of employed individuals, whether full-time or 

part-time, comprising 70.0% of the sample. Self-employed individuals make up 18.2% of the respondents, 

followed by retired individuals at 4.7%. Students represent a smaller segment at 2.9%, while both the 

unemployed and those classified as missing/system account for the same percentage. These findings provide a 

comprehensive overview of the occupational distribution within the dataset, offering valuable information for 

further analysis 

Table 4: Monthly Income Data Summary 

Monthly income N % 

Below RM 2,000 29 17.1% 

RM 2,000 - RM 4,999 39 22.9% 

RM 5,000 - RM 9,999 69 40.6% 

RM 10,000 - RM 14,999 31 18.2% 

Missing System 2 1.2% 

 

Among the surveyed individuals, 17.1% reported a monthly income below RM 2,000, while 22.9% fell within 

the range of RM 2,000 to RM 4,999. The majority, comprising 40.6% of the respondents, reported a monthly 

income between RM 5,000 and RM 9,999. Additionally, 18.2% fell within the range of RM 10,000 to RM 

14,999. The remaining 1.2% of the sample was categorized as missing/system. 

Table 5: Gender Data Summary 

Gender N % 

Male 67 39.4% 

Female 101 59.4% 

Missing System 2 1.2% 

 

Among the respondents, 39.4% identified as male, while 59.4% identified as female. There were also 1.2% of 

respondents classified as missing/system. These findings provide insights into the gender distribution of the 

survey participants and serve as a foundation for understanding potential gender-based differences in the factors 

influencing rail transit ridership. 

Table 6: Educational Level Data Summary 

Education level: N % 

Diploma 24 14.1% 

Bachelor's degree 87 51.2% 

Postgraduate 57 33.5% 

Missing System 2 1.2% 

Among the respondents, 14.1% held a Diploma, while 51.2% possessed a bachelor’s degree. Additionally, 33.5% 

reported having a Postgraduate degree. There were also 1.2% of respondents classified as missing/system. These 

findings provide insights into the educational background of the survey participants and establish a foundation 
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for examining the potential relationship between education level and factors influencing rail transit ridership. In 

conclusion, the descriptive analysis of the collected data provides valuable insights into the various demographic 

aspects of the surveyed population in relation to the factors influencing ridership for rail transit.  

Inferential Analysis 

Table 7: Mean And Standard Deviation Data Summary 

Descriptive Statistics Mean Std. Deviation N 

D_MEAN 2.9893 .89850 168 

F_MEAN 2.9534 .69235 168 

C_MEAN 3.1369 .84203 168 

P_MEAN 3.3818 .64411 168 

 

The mean values computed for the variables D_MEAN, F_MEAN, C_MEAN, and P_MEAN is 2.9893, 2.9534, 

3.1369, and 3.3818, respectively. These mean values represent the average scores or responses for each variable. 

Additionally, the corresponding standard deviations of 0.89850, 0.69235, 0.84203, and 0.64411 reveal the 

variability or dispersion around these mean values. These descriptive statistics aid in understanding the central 

tendency and spread of the data, allowing for a better interpretation of the regression or multiple regression 

results. The mean values provide an indication of the typical response level for each variable, while the standard 

deviations provide insights into the level of variability in the data points. These statistics play a crucial role in 

analyzing the relationships and effects o 

f the independent variables on the dependent variable(s) in the regression model, enabling researchers to draw 

meaningful conclusions about the findings and implications of the study. 

Table 8: Correlation Data Summary 

Correlations D_MEAN F_MEAN C_MEAN P_MEAN 

D_MEAN Pearson Correlation 1 .495** .376** .228** 

Sig. (2-tailed)  .000 .000 .003 

Sum of Squares and Cross-

products 

134.821 51.449 47.513 22.030 

Covariance .807 .308 .285 .132 

N 168 168 168 168 

F_MEAN Pearson Correlation .495** 1 .291** .343** 

Sig. (2-tailed) .000  .000 .000 

Sum of Squares and Cross-

products 

51.449 80.051 28.322 25.538 

Covariance .308 .479 .170 .153 

N 168 168 168 168 

C_MEAN Pearson Correlation .376** .291** 1 .511** 

Sig. (2-tailed) .000 .000  .000 

Sum of Squares and Cross-

products 

47.513 28.322 118.407 46.266 

Covariance .285 .170 .709 .277 

http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume IX Issue V May 2025 

Page 4854 
www.rsisinternational.org 

 
 

 

 

N 168 168 168 168 

P_MEAN Pearson Correlation .228** .343** .511** 1 

Sig. (2-tailed) .003 .000 .000  

Sum of Squares and Cross-

products 

22.030 25.538 46.266 69.286 

Covariance .132 .153 .277 .415 

N 168 168 168 168 

**. Correlation is significant at the 0.01 level (2-tailed). 

The correlation table displays the Pearson correlation coefficients between four variables: D_MEAN, F_MEAN, 

C_MEAN, and P_MEAN. These coefficients measure the strength and direction of the linear relationship 

between pairs of variables. A correlation coefficient of 1 indicates a perfect positive correlation, while a 

coefficient of -1 indicates a perfect negative correlation. A coefficient close to 0 suggests a weak or no 

correlation. The correlation analysis reveals several interesting relationships. Firstly, there is a moderate positive 

correlation (0.495**) between D_MEAN and F_MEAN. This indicates that as the value of D_MEAN (variable 

D) increases, there tends to be a corresponding increase in the value of F_MEAN (variable F). Similarly, a 

moderate positive correlation (0.376**) is observed between D_MEAN and C_MEAN. This suggests that as the 

value of D_MEAN increases, there is a tendency for C_MEAN (variable C) to increase as well. 

Furthermore, a weak positive correlation (0.228**) is found between D_MEAN and P_MEAN. This implies that 

as D_MEAN increases, there is a slight tendency for P_MEAN (variable P) to increase. Moving on to the 

correlation between F_MEAN and C_MEAN, a moderate positive correlation (0.291**) is identified. This means 

that as the value of F_MEAN increases, there is a tendency for C_MEAN to increase as well. Additionally, a 

moderate positive correlation (0.343**) is observed between F_MEAN and P_MEAN. This suggests that as 

F_MEAN increases, there tends to be a corresponding increase in P_MEAN. 

Lastly, a strong positive correlation (0.511**) is found between C_MEAN and P_MEAN. This indicates that as 

C_MEAN increases, there is a strong tendency for P_MEAN to increase as well. These correlations, marked as 

significant at the 0.01 level, provide valuable insights into the relationships between the variables. They suggest 

that there are meaningful associations among the variables under consideration in the regression or multiple 

regression analysis. Researchers can further investigate these relationships to better understand the underlying 

factors influencing the variables and their potential impact on the overall analysis. 

Table 9: Model Summary 

Model R R Square Adjusted R 

Square 

Std. Error of 

the Estimate 

Change Statistics 

R Square Change F Change 

1 .554a .307 .294 .75473 .307 24.228 

 

Model Change Statistics 

df1 df2 Sig. F Change 

1 3 164 .000 

 

The Model Summary provides important information about the regression model used to analyze the relationship 

between the dependent variable (D_MEAN) and the predictors (P_MEAN, F_MEAN, and C_MEAN). The first 

row of the Model Summary table displays several statistics. The R value represents the correlation coefficient 

between the predicted values and the actual values of the dependent variable. In this case, the R value is 0.554, 
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indicating a moderate positive correlation between the predicted and actual values of D_MEAN. The R Square 

value, which is 0.307, represents the proportion of the variance in the dependent variable that can be explained 

by the predictors. In other words, approximately 30.7% of the variability in D_MEAN can be accounted for by 

P_MEAN, F_MEAN, and C_MEAN. The Adjusted R Square value, at 0.294, considers the number of predictors 

and the sample size. It provides a more conservative estimate of the proportion of variance explained by the 

predictors, accounting for potential overfitting of the model. 

The Std. Error of the Estimate is a measure of the average distance between the predicted values and the actual 

values of the dependent variable. In this case, it is 0.75473, indicating the average amount of error in the 

prediction of D_MEAN. The Change Statistics table provides information about the improvement in the model 

fit compared to an intercept-only model. The R Square Change value of 0.307 represents the increase in the 

proportion of variance explained by adding the predictors to the model. The F Change value of 24.228 indicates 

that the addition of the predictors significantly improved the model fit. 

The second Model Summary table presents the degrees of freedom (df1 and df2) and the significance level (Sig. 

F Change) associated with the change in the model fit. In this case, the model improvement is statistically 

significant, with a p-value of 0.000. In summary, the Model Summary provides an evaluation of the regression 

model's goodness-of-fit. The model, including the predictors P_MEAN, F_MEAN, and C_MEAN, explains a 

significant portion of the variance in D_MEAN. The improvement in model fit is statistically significant, 

suggesting that the predictors have a meaningful impact on the dependent variable. 

Table 10: ANOVA Data Summary 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 41.403 3 13.801 24.228 .000b 

Residual 93.418 164 .570   

Total 134.821 167    

 

The ANOVA table provides important information about the analysis of variance for the regression model. It 

assesses the significance of the regression model in explaining the variability in the dependent variable 

(D_MEAN) based on the predictors (P_MEAN, F_MEAN, and C_MEAN). The first row of the ANOVA table 

represents the Regression section. The Sum of Squares value for the regression model is 41.403. This represents 

the total variability in D_MEAN that is explained by the predictors. The degrees of freedom (df) for the 

regression model are 3, indicating the number of predictors included in the model. The Mean Square value is 

calculated by dividing the Sum of Squares by the degrees of freedom. In this case, it is 13. 801.The F-value, 

calculated by dividing the Mean Square for the regression model by the Mean Square for the residual (error), is 

24.228. This F-value assesses the overall significance of the regression model. In this instance, the F-value is 

statistically significant (p < 0.001), indicating that the predictors collectively have a significant impact on 

explaining the variability in D_MEAN. 

The second row of the ANOVA table represents the Residual section. The Sum of Squares for the residual is 

93.418, which represents the unexplained variability in D_MEAN after accounting for the predictors. The 

degrees of freedom for the residual is 164, indicating the number of data points minus the number of predictors. 

The Mean Square for the residual is 0.570, calculated by dividing the Sum of Squares for the residual by the 

degrees of freedom. The Total row represents the overall variability in D_MEAN, which is 134.821, with 167 

degrees of freedom. 

In summary, the ANOVA table demonstrates that the regression model, including the predictors P_MEAN, 

F_MEAN, and C_MEAN, significantly explains the variability in the dependent variable D_MEAN. The F-test 

indicates that the model is a good fit for the data, suggesting that the predictors have a meaningful impact on 

D_MEAN. 
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Table 4.11: Coefficients data summary 

Model Unstandardized Coefficients Standardized Coefficients t Sig. 

B Std. Error Beta 

1 (Constant) .684 .351  1.947 .053 

F_MEAN .565 .091 .436 6.229 .000 

C_MEAN .302 .082 .283 3.705 .000 

P_MEAN -.092 .109 -.066 -1.848 .008 

Model Collinearity Statistics 

Tolerance VIF 

1 (Constant)   

F_MEAN .864 1.157 

C_MEAN .724 1.381 

P_MEAN .698 1.433 

 

The Coefficients table provides information about the unstandardized coefficients, standardized coefficients 

(Beta), t-values, and significance levels for each predictor variable in the regression model. In this model, the 

constant term (intercept) has an unstandardized coefficient of 0.684 and a standard error of 0.351. The t-value 

of 1.947 indicates that the constant term is not statistically significant at the conventional significance level of 

0.05 (p = 0.053). For the predictor variables, F_MEAN has an unstandardized coefficient of 0.565, indicating 

that a one-unit increase in F_MEAN corresponds to an expected increase of 0.565 units in the dependent variable 

(D_MEAN). The standardized coefficient (Beta) of 0.436 suggests that F_MEAN has a moderate positive effect 

on D_MEAN. The t-value of 6.229 is highly significant (p < 0.001), indicating that the effect of F_MEAN on 

D_MEAN is statistically significant. 

Similarly, C_MEAN has an unstandardized coefficient of 0.302, indicating that a one-unit increase in C_MEAN 

corresponds to an expected increase of 0.302 units in D_MEAN. The standardized coefficient (Beta) of 0.283 

suggests that C_MEAN has a moderate positive effect on D_MEAN. The t-value of 3.705 is statistically 

significant (p < 0.001), indicating that the effect of C_MEAN on D_MEAN is significant. On the other hand, 

P_MEAN has an unstandardized coefficient of -0.092, suggesting that a one-unit increase in P_MEAN 

corresponds to an expected decrease of 0.092 units in D_MEAN. The standardized coefficient (Beta) of -0.066 

indicates that P_MEAN has a small negative effect on D_MEAN. The t-value of -1.848 suggests that the effect 

of P_MEAN on D_MEAN is marginally significant (p = 0.008). Additionally, the Collinearity Statistics table 

provides information about multicollinearity among the predictor variables. The Tolerance values for F_MEAN, 

C_MEAN, and P_MEAN are above 0.2, indicating that there is no issue with multicollinearity. The Variance 

Inflation Factor (VIF) values are all close to 1, further confirming the absence of significant multicollinearity. 

In summary, the Coefficients table provides insight into the magnitude, direction, and significance of the 

relationships between the predictor variables (F_MEAN, C_MEAN, and P_MEAN) and the dependent variable 

(D_MEAN). The standardized coefficients (Beta) allow for a comparison of the relative importance of each 

predictor variable. The absence of multicollinearity among the predictors suggests that their individual effects 

on the dependent variable can be interpreted independently. 

Table 12: Collinearity Diagnostic Data Summary 

Dimension Eigenvalue Condition 

Index 

Variance Proportions 

(Constant) F_MEAN C_MEAN P_MEAN 

1 3.912 1.000 .00 .00 .00 .00 
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2 .044 9.478 .03 .39 .63 .00 

3 .028 11.903 .31 .59 .25 .16 

4 .016 15.465 .66 .01 .11 .84 

 

The Collinearity Diagnostics table provides information about collinearity among the predictor variables in the 

regression model. It includes the dimension, eigenvalue, condition index, and variance proportions for each 

dimension. In this model, there are four dimensions represented by the eigenvalues. The first dimension has an 

eigenvalue of 3.912, indicating that it explains the most variance in the predictor variables. The condition index 

for this dimension is 1.000, which suggests no collinearity issues. 

The second dimension has an eigenvalue of 0.044 and a condition index of 9.478. The variance proportions for 

this dimension show that F_MEAN contributes the most to this dimension (0.39), followed by C_MEAN (0.63), 

and P_MEAN (0.00). This suggests a moderate degree of collinearity between F_MEAN and C_MEAN. 

The third dimension has an eigenvalue of 0.028 and a condition index of 11.903. The variance proportions 

indicate that C_MEAN contributes the most to this dimension (0.59), followed by F_MEAN (0.25), and 

P_MEAN (0.16). This suggests a moderate degree of collinearity between C_MEAN and P_MEAN. 

The fourth dimension has an eigenvalue of 0.016 and a condition index of 15.465. The variance proportions 

show that P_MEAN contributes the most to this dimension (0.84), followed by C_MEAN (0.11), and F_MEAN 

(0.01). This suggests a moderate degree of collinearity between P_MEAN and C_MEAN. 

Overall, the Collinearity Diagnostics table provides insights into the degree of collinearity among the predictor 

variables. While there is some collinearity between certain variables, it is not severe enough to cause significant 

issues in the interpretation of the regression results. 

Table 13: Residual Statistic Data Summary 

 Minimum Maximum Mean Std. Deviation N 

Predicted Value 1.8705 3.9751 2.9893 .49792 168 

Residual -1.63569 1.59789 .00000 .74792 168 

Std. Predicted Value -2.247 1.980 .000 1.000 168 

Std. Residual -2.167 2.117 .000 .991 168 

The Residuals Statistics table provides information about the residuals (differences between the observed and 

predicted values) in the regression model. It includes the minimum, maximum, mean, standard deviation, and 

the number of observations (N) for each type of statistic. For the predicted values, the minimum value is 1.8705, 

indicating the lowest predicted value, while the maximum value is 3.9751, representing the highest predicted 

value. The mean predicted value is 2.9893, indicating that, on average, the model predicts a value close to 2.9893. 

The standard deviation of the predicted values is 0.49792, which measures the dispersion of the predicted values 

around the mean. These statistics are based on 168 observations. 

The residuals, which represent the differences between the observed and predicted values, have a minimum value 

of -1.63569 and a maximum value of 1.59789. The mean residual is 0.00000, indicating that, on average, the 

residuals sum up to zero. The standard deviation of the residuals is 0.74792, which measures the dispersion of 

the residuals around zero. The standardized predicted values (Std. Predicted Value) range from -2.247 to 1.980. 

The standardized residuals (Std. Residual) range from -2.167 to 2.117. Both standardized values are centered 

around zero, with a mean of 0.000 and a standard deviation of 1.000 for the standardized predicted values, and 

a mean of 0.000 and a standard deviation of 0.991 for the standardized residuals. 

These statistics provide insights into the distribution and variability of the predicted values, residuals, and their 

standardized counterparts. They can be used to assess the accuracy and goodness-of-fit of the regression model 
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and identify potential outliers or influential observations. 

 

Figure 2: Histogram for ridership regression standard residual 

The standardized residuals in regression analysis provide a measure of the deviation of each observation from 

the predicted values, standardized by the standard deviation of the residuals. Analyzing the standardized 

residuals helps us assess the model's goodness of fit and identify potential outliers or influential observations. 

From the given data, we can observe that the standardized residuals range from -2.167 to 2.117. A standardized 

residual of 0 represents an observation that perfectly aligns with the predicted values, while positive and negative 

values indicate overestimation and underestimation, respectively. Positive standardized residuals indicate that 

the observed values are higher than what the regression model predicts, suggesting potential overestimation. On 

the other hand, negative standardized residuals indicate that the observed values are lower than the predicted 

values, suggesting potential underestimation. These deviations are standardized by the standard deviation of the 

residuals, allowing for a meaningful comparison across different models or datasets. By examining the 

magnitude and pattern of the standardized residuals, we can identify potential outliers or influential observations. 

Outliers are observations that deviate significantly from the overall trend of the data, while influential 

observations have a strong impact on the regression model's parameters. High-magnitude standardized residuals 

indicate observations that contribute disproportionately to the model's error. 

In summary, analyzing the standardized residuals provides valuable insights into the accuracy and reliability of 

the regression model. It helps identify observations that deviate from the predicted values and allows for a 

comparison of the magnitude of deviations across different models or datasets. 

 

Figure 3: Normal P-plot of regression standardize residual 
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The normal probability plot of regression standardized residuals for the dependent variable D_MEAN is a 

graphical tool that assesses the normality assumption of the residuals in the regression model. It helps determine 

if the residuals follow a normal distribution, which is a key assumption for many statistical analyses. In the 

normal probability plot, the observed standardized residuals are plotted against the expected standardized 

residuals under the assumption of normality. If the observed residuals closely follow a straight line, it indicates 

that the residuals are normally distributed. Deviations from the straight line suggest departures from normality. 

Interpreting the normal probability plot involves examining the pattern of the plotted points. If the points closely 

follow a straight line without significant deviations, it suggests that the residuals are approximately normally 

distributed. This indicates that the assumption of normality for the residuals is reasonable, which is desirable for 

conducting valid statistical inference. 

However, if the points in the plot deviate from the straight line, it suggests departures from normality. For 

example, if the points exhibit a pronounced curvature or display an S-shape pattern, it indicates non-normality 

in the distribution of the residuals. This could be due to outliers, skewness, heavy tails, or other deviations from 

normality assumptions. 

In the specific case of the dependent variable D_MEAN, analyzing the normal probability plot of regression 

standardized residuals can help assess the adequacy of the normality assumption for the residuals associated with 

this variable. If the plot shows a linear pattern with points closely following the straight line, it suggests that the 

residuals for D_MEAN are normally distributed. However, if there are significant deviations or patterns in the 

plot, it indicates potential departures from normality, requiring further investigation and potential consideration 

of alternative modeling approaches or transformations. 

In summary, the normal probability plot of regression standardized residuals for the dependent variable 

D_MEAN provides a visual assessment of the normality assumption. It helps determine if the residuals are 

normally distributed or if there are departures from normality that may impact the validity of statistical analyses. 

DISCUSSION & CONCLUSION 

Each factor plays a significant role in attracting passengers and enhancing their overall experience with public 

transportation. The first hypothesis (H1) suggests that a higher number of frequencies of train services positively 

influence rail transit ridership in the Klang Valley. The study's result supports this hypothesis, indicating that an 

increase in the number of train frequencies can attract more passengers and contribute to higher ridership. 

Passengers prefer a higher number of frequencies as it allows them to align their travel schedules more 

effectively. Therefore, transportation authorities should prioritize providing frequent train services to meet the 

demand and attract more riders. 

The second hypothesis (H2) proposes that improved convenience factors positively influence rail transit 

ridership in the Klang Valley. The study's result confirms this hypothesis, suggesting that factors such as 

comfortable waiting areas, clean and well-equipped toilets, designated prayer areas, efficient stair and escalator 

design, well-located stations and parking lots, shorter distances to stations, and clear signage information 

contribute to increased rail transit ridership. By focusing on enhancing these convenience factors, transportation 

authorities can create a more pleasant and convenient experience for passengers, thereby attracting more riders. 

The third factor examined is ticket price (H3) stated that lower ticket price positively affects rail transit ridership 

in the Klang Valley. The study's result aligns with this hypothesis, indicating that lower fares have a positive 

impact on rail transit ridership. Passengers generally prefer affordable transportation costs, and lower fares make 

rail transit more accessible and appealing. By offering lower ticket prices, transportation authorities can attract 

a broader range of passengers and increase ridership. 

It is important to note that these factors are interconnected and can influence ridership choices in combination. 

Passengers consider various aspects when selecting public transportation, including travel time, cost, 

convenience, and service frequency. Therefore, a holistic approach is required to optimize rail transit ridership 

in the Klang Valley. By addressing the frequency of train services, convenience factors, and ticket prices 
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simultaneously, transportation authorities can create an attractive and efficient rail transit system that meets 

passengers' preferences and needs. By understanding and addressing these factors, transportation authorities can 

attract more passengers and provide them with a satisfying and efficient public transportation experience. 

However, it is essential to consider the interdependencies among these factors and adapt strategies accordingly 

to optimize ridership in the region. Further research and analysis are recommended to gain a more comprehensive 

understanding of these factors and their specific impacts on rail transit ridership in the Klang Valley. 

The purpose of this study was to analyze the factors influencing rail transit ridership in Klang Valley and provide 

recommendations for optimizing ridership. The findings indicated that the frequency of train services, 

convenience factors, and ticket prices or fares play significant roles in passengers' choices when selecting public 

transportation. In conclusion, a holistic approach that considers the frequency of train services, convenience 

factors, and ticket prices or fares is recommended to optimize rail transit ridership in the Klang Valley. By 

implementing the recommendations outlined in this chapter, transportation authorities can attract more riders, 

provide them with a convenient and efficient rail transit system, and contribute to sustainable urban mobility in 

the region. Further research and analysis are encouraged to explore additional factors and their impacts on rail 

transit ridership in the Klang Valley. This will contribute to a deeper understanding of the dynamics involved 

and support the ongoing improvement of the rail transit system in the region. 
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