
 
Journal of Engineering Advancements Vol. 02(04) 2021, pp 197-202                                 https://doi.org/10.38032/jea.2021.04.005 

*Corresponding Author Email Address: nayeemislam@bsmrstu.edu.bd                                  Published by: SciEn Publishing Group 

 

A Review of Methodological Approaches and Modeling Techniques in Service Quality 

Evaluation of Surface Transportation during the Last Decade 

Nayeem Islam* 

Department of Civil Engineering, Bangabandhu Sheikh Mujibur Rahman Science & Technology University, Gopalganj-8100, 

Bangladesh  

Received: October 15, 2021, Revised: December 11, 2021, Accepted: December 13, 2021, Available Online: December 18, 2021 
 

 

ABSTRACT   

During the duration of the last decade, a growing interest has been noticed among transport practitioners and researchers to better 

understand the concept of service quality in the field of surface transportation and identify important service quality (SQ) attributes of 

different transportation services since these results have implications for transport managers. Due to advancements in computer 

technology and the availability of software packages, researchers are better able to extract meaningful results from passengers’ opinions 

collected through stated preference surveys and communicate their findings to transport managers looking to ameliorate SQ to boost 

ridership on a limited budget. Since the concept of SQ is itself complex owing to the nature of the service itself compared to a tangible 

product and characteristics of SQ attribute, different advanced modelling techniques based on multivariate analysis, machine learning, 

and artificial intelligence paradigms have become popular tools among researchers. This paper aims to summarize the trends of the SQ 

research in the field of surface transportation during the last decade with a focus on the methodological approaches and modelling 

techniques and delineate future directions for research in this field. 
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1 Introduction   

Traditionally, assessment of service quality (SQ) of 

transportation has been carried out from the point of view of 

transport operators and managers. Transport operators need to 

continuously assess the performance of their service to ensure the 

efficiency, effectiveness, and quality of their service. This 

enables the transport operators to keep attracting passengers and 

remain competitive in the industry. Generally, performance 

evaluation of transportation by transport managers considers the 

effectiveness and efficiency of the service in terms of cost. The 

inherent drawbacks of using such performance-based service 

quality measures are obvious. This then is the area where the 

interests of different stakeholders (researchers, transport 

practitioners, and operators) in the domain of public 

transportation intersect. Researchers develop models of service 

quality that afford transport operators and practitioners a deeper 

insight into the SQ paradigm. 

Transport operators benefit from knowing about the SQ 

attributes which influence passengers when they make the 

holistic evaluation of SQ in several ways. It is often necessary 

for transport operators to make key investments decisions based 

on limited funds for improving SQ.  It is not feasible for operators 

to improve different aspects of the service simultaneously. Hence 

operators must expand their limited funds on SQ attributes 

perceived by passengers as being the most important for overall 

transport SQ. Additionally, the ranking of the most important SQ 

attributes enables transport operators to formulate a plan for the 

staged development of the transport service.  

Transport practitioners are interested in promoting public 

transportation as a more sustainable alternative to automobiles. 

The proliferation of automobiles as an affordable private mode 

of transportation is posing serious problems for urban mobility 

by contributing to chronic congestion, air pollution and declining 

role of more sustainable public transportation. 

However, modeling SQ in the domain of transportation is 

challenging for several reasons. The SQ concept is itself abstract 

and complex; perception heterogeneity of passengers is often a 

key determinant of SQ; absence of a unanimous list of SQ 

attributes for all types of transportation and subjective nature of 

the data. 
Even though assessment of SQ of transportation has become 

a popular topic among researchers for a substantial period [1],[2], 

it was only during the duration of the last decade researchers 

employed data mining and other sophisticated mathematical 

models have been employed for analysing SQ of transportation 

due to the development and availability of different software 

packages. These advanced modeling approaches offer certain 

advantages over traditional modeling approaches. Moreover, the 

last decade has seen a large volume of work related to SQ 

assessment of surface transportation particularly the public 

transit industry using stated preference (SP) surveys whereas 

previous studies mainly focused on the aviation industry. 

This then is the premise where present work is based. 

Therefore, the objective of this research will be to provide a 

concise review of the state-of-the-art procedural approaches and 

mathematical modeling techniques which researchers have 

incorporated in the realm of SQ assessment of surface 

transportation during the last decade. To achieve this objective, 

studies which have used different mathematical modeling and 

data mining techniques in the domain of transportation SQ were 

analysed based on their data collection procedure, 

methodological approaches, modeling procedures, presentation 

of results, and important inferences. An additional objective of 

this work is to delineate future research directions for this topic. 

This paper will be structured in five sections: Section 2 discusses 
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the concept of service quality, Section 3 furnishes some issues 

associated with research in this domain with respect to survey 

methodology, Section 4 provides a critique of the modeling 

techniques used by different researchers, Section 5 draws 

conclusions from this review and discusses future directions in 

this domain of research. 

2 Concept of Service Quality 

According to some researchers, the SQ concept is complex 

[3],[4].  This explains the application of a wide variety of 

methodological approaches and modeling techniques in this 

domain. This complexity is primarily attributed to the distinct 

properties of a service as compared to a product. Firstly, the 

output of a service cannot be measured easily like that of a 

product. Secondly, how an individual perceives a service is 

primarily a function of his/her socio-economic status, tastes, and 

preferences as well as expectations. Lastly, a service is first 

advertised, sold, and then produced and consumed 

simultaneously unlike a product that is produced at first, then 

advertised and sold before its eventual consumption. 

Moreover, the following characteristics of the SQ attributes 

make assessments of SQ of transportation a challenging 

proposition for researchers: 

 Number of Attributes: There is no consensus among 

researchers whether an exhaustive list of SQ attributes 

exists for the domain of transportation despite the claims of 

Berry of a generic list of attributes [5].  

 Type of Attributes: Researchers have agreed that all SQ 

attributes do not have the same impact on overall SQ and 

therefore can be categorized into groups. According to 

UNE-EN 13186 standard SQ attributes can be grouped into 

three categories: basic, proportional, and attractive [6]. The 

Transit Capacity and Quality of Service Manual and Eboli 

& Mazzulla divide SQ attributes into two groups: ones 

which are basic and ones which are not basic [7],[8]. In all 

cases, the first category of attributes (basic) are expected by 

passengers as prerequisites of the service. The extent of 

evaluation of the latter category or categories of attributes 

by passengers depends on whether they are satisfied by the 

‘basic’ attributes or not. 

 Nature of SQ Attributes: Previous studies have used both 

qualitative [9] and quantitative attributes [10] or a mixture 

of both [2],[11]. 

 Specificity of Attributes: Researchers have concluded that 

attributes should be selected with regard to the context of 

the study. Pilot surveys focused group discussions, 

literature reviews, counsel with experts, academicians are 

utilized for drawing a list of attributes specific to the 

geographical location, passengers’ socio-economic 

backgrounds, type of service, mode of transport, and mode 

choices available to passengers. The solution to the 

heterogeneity of passengers and service has been addressed 

by interactions between socioeconomic factors and service 

aspects [12] market segmentation [13]-[16], service 

segmentation [12] and clustering [17]. 

 Perspective of Assessment: As mentioned previously, most 

researchers agree that SQ should be measured from the 

point of view of passengers since a considerable difference 

exists between passenger perceptions and the judgment of 

experts [10],[18]. However, according to Thomas et al. [19] 

as cited by Nathanail [2] about some service aspects like 

safety, perception, and preference of passengers cannot be 

relied upon.  

3 Survey Methodology 

Different approaches may be employed to estimate the 

relative importance a customer attaches to each of the attributes 

which are related to service quality.  In the stated importance 

methods, passengers are asked to rate each attribute on an 

importance scale. On the other hand, derived importance 

methods statistically analyse the relationship of individual 

attributes with overall satisfaction to derive the importance of 

each attribute. The stated importance method is simpler and more 

intuitive of the two methods but is not without some drawbacks. 

Often the length of stated importance surveys can limit the 

response rate and many passengers are unable to discriminate 

between the importance of different attributes which impact 

overall service quality. Thus, researchers using data mining 

techniques have often preferred derived importance methods 

based on stated preference surveys since data mining techniques 

are able to generate a ranking of the most important explanatory 

variables for each developed model. 

Therefore, the most widely used method for measuring 

service quality of transportation involves asking the users to rate 

different aspects of the used service in a questionnaire survey 

called customer satisfaction surveys (CSS). In different studies, 

users of the transport service were provided with questionnaires 

where passengers generally expressed their perceptions of 

performance on a Likert scale, identified or rated the most 

important SQ attributes among the SQ attributes given in the 

survey, and were often asked to rate overall transportation SQ on 

a Likert scale. Different numeric Likert scales (0-10; 1-10; 1-5; 

1-6, 1-7, 1-9, -2 to +2) are found in the literature which is often 

complemented by linguistic/qualitative scales for ease of 

understanding by passengers and there is no consensus among 

researchers with regard to the format of the numeric or semantic 

Likert scale which would make the survey more effective and 

inclusive. Machado-León et al. used different numeric Likert 

scales for different sections of the same questionnaire, so 

passengers are able to better differentiate between attribute 

scores [20]. For example, de Oña et al. used a three-point 

semantic scale (poor, fair, and good) for obtaining passengers’ 

perception of performance and used a numeric 10 point scale for 

collecting information about the importance of SQ attributes 

[21]. Other studies asked passengers to select the attributes they 

considered as important sparing them from the tedious routine of 

having to rate all the SQ attributes individually [16],[22]-[26]. 

Moreover, researchers using decision trees reduced the 

dependent and explanatory variables in a semantic scale (POOR, 

FAIR, and GOOD) for ease of modeling [13],[15].  

3.1 Sample Size 

Sample size used in previous studies varied widely from one 

study to another. Pakdil & Kurtulmuşoğlu [27], Kurtulmuşoğlu 

et al. [28] used the sampling approach recommended by De Vaus 

[29] to compute sample size. Deb & Ahmed [9] computed the 

minimum sample size based on the equation proposed by 

Johnson & Wichern [30].  In order to ensure the results of the 

sample population can be used to draw conclusions about public 

transit users, Mahmoud & Hine [31] used the guidelines of 

Bartlett et al. [32]. Jomnonkwao & Ratanavaraha [33] used the 

guidelines of Stevens [34] who set the minimum number of 

samples to be at least 15 times the number of observed variables 

if maximum likelihood estimation is used. Some studies 

[14],[35] sampled 3-4% of the population. The sample size used 

in different studies are recorded in Table 1. 
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Table 1 Summary of Research in Surface Transportation during Last Decade 

References Industry Country Region Valid 

Surveys 

Scale Used Type of Scale Modeling 

Bordagaray et al. [12] Bus Transit Spain Santand

er 

266 1-5 Likert Scale Ordered probit models 

Cheng et al. [41] Bus Transit China Xianbei 291 1-5 Likert Scale SEM 

Deb & Ahmed [9] Bus Transit India Agartala 400 1-9 Likert Scale SEM 

Pakdil & Kurtulmuşoğlu 

[27] 
Intercity Bus Europe Not 

mention

ed 

500 1-5 Likert Scale QFD 

Kurtulmuşoğlu et al. [28] Intercity Bus Not 

mentioned 

Not 

mention

ed 

285 5 Layer Triangular Fuzzy 

Number 

Fuzzy QFD 

Jen et al. [43] Intercity Bus Taiwan Taipei 747 1-5 Likert Scale SEM 

Jomnonkwao and 

Ratanavaraha [33] 
Sight seeing 

bus 

Thailand N.A. 3387 1-7 Likert Scale SEM 

Mahmoud & Hine [31] Bus Transit UK Belfast 512 1-10 Likert Scale Binary logistic regression 

Rojo et al. [46] Intercity Bus Spain N.A. 1011 1-5 Likert Scale Ordered Logit and probit 

model 

Rojo et al. [48] Intercity Bus Spain Castilla 

y León 

375 N.A. SP Experiment Multinomial, hierarchial 

and mixed logit models 

Chou et al. [38] High Speed 

Rail 

Taiwan N.A. 1235 1-7 Likert Scale SEM 

de Oña et al. [21] Bus transit Spain Granada 858 Not mentioned Not mentioned Decision Tree 

de Oña & de Oña [15] Bus transit Spain Granada 3182 0-10 Likert Scale Decision Tree 

de Oña & de Oña [26] Bus transit Spain Granada 3664 0-10 Likert Scale Decision Tree 

de Oña et al. [35] Rail Transit Italy Milan 16647 1-10 Likert Scale Decision Tree 

de Oña et al. [14] Rail transit Italy Milan 7333 1-10 Likert Scale Decision Tree 

de Oña et al. [17] Bus transit Spain Granada 3664 0-10, 1-5 Likert Scale Decision Tree 

Machado-León et al. [20] Rail Transit Algiers Algeria 1454 0-10, 1-5 Likert Scale Importance-Performance 

Analysis and Decision 

Tree 

de Oña et al. [36] Bus transit Spain Granada 858 0-10 Likert Scale Decision Tree and ANN 

Garrido et al. [37] Bus transit Spain Granada 858 0-10 Likert Scale ANN 

Hadiuzzaman et al. [16] Intercity train Bangladesh N.A. 1037 1-5 Likert Scale SEM 

Hadiuzzaman et al. [22] Intercity train Bangladesh N.A. 1590 1-5 Likert Scale ANFIS 

Hadiuzzaman et al. [23] Bus transit Bangladesh Dhaka 655 1-5 Likert Scale SEM 

Islam et al. [24] Bus transit Bangladesh Dhaka 655 1-5 Likert Scale PNN and ANFIS 

Islam et al. [25] Bus transit Bangladesh Dhaka 655 1-5 Likert Scale GRNN, PNN and PRNN 

Machado-León et al. [40] Light Rail 

Transit 

Spain Seville 3211 0-10, 1-5 Likert Scale SEM 

Yilmaz & Ari [39] Inter-city high 

speed rail 

Turkey N.A. 352 1-5 Likert Scale SEM 

Joewono et al. [44] Road based 

public 

transport 

Indonesia Differen

t cities 

1482 1-5 Likert Scale SEM 

Nwachukwu [45] Bus transit Nigeria Abuja 300 1-5 Likert Scale Principal Component 

Analysis 

Hu et al. [42] Bus transit China Nanjing 958 1-5 Likert Scale SEM and multinomial 

logit model 

Note. N.A. : Not Applicable 
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4 Modeling Techniques 

de Oña & de Oña classified methodological approaches in 

measuring SQ into two categories: (i) disaggregated models and 

(ii) aggregated models [13].  In the disaggregated model the SQ 

attributes are analyzed individually but in aggregated models, SQ 

attributes are combined to obtain a service quality index. While 

aggregated models offer the advantage that it can be used to 

compare different transportation services, aggregated models 

shortlist the significant SQ attributes for the transport manager 

on a limited budget to improve upon. Consequently, 

disaggregated models have been preferred by researchers in the 

last decade, the time period of interest in this review paper. 

Among the different statistical and machine learning techniques 

the following have been mostly used by researchers: decision 

trees (DT), neural networks, structured equation modeling 

(SEM) and factor analysis, and different types of logit models. 

Quality Function Deployment (QFD) and Fuzzy QFD have only 

been introduced by Pakdil & Kurtulmusoglu and Kurtulmuşoğlu 

et al. respectively [27]-[28]. 

4.1 Decision Trees 

Before being applied in the domain of SQ studies, decision 

trees were applied to both regression and classification problems 

in traffic engineering. Decision trees divide the predictor space 

into a number of simple regions. Prediction for a new observation 

is made by taking into account the mean or mode of the training 

observations in the region where the new observation belongs. A 

classification tree is utilized when the value of the target variable 

is discrete whereas a regression tree is utilized when the value of 

the target variable is continuous. The main benefit offered by 

decision trees is that there are no underlying assumptions 

between independent and dependent variables. The visualization 

of a decision tree model is also easy to understand and interpret. 

This is an important feature of decision trees since transport 

managers are generally non-technical people and can understand 

the models easily. Moreover, useful decision rules can be 

extracted from the models. A decision rule is created by 

following a path from the root node to the terminal node of a 

decision tree model. Decision trees can handle many both 

numerical and categorical variables as well as a large number of 

explanatory variables without normalization. The standardized 

importance of attributes can also be extracted from decision 

trees. 

However, decision tree models are not typically robust, have 

lower accuracy rates, do not offer backtracking techniques, or 

provide statistical significance of variables [36]. Moreover, 

studies using decision trees have not specifically mentioned the 

algorithms used [13],[21]. 

4.2 Neural Networks 

Neural networks are models which process information 

closely mimicking the process in the human brain. It is capable 

of supervised learning even when noise is present. The neural 

network is composed of neurons which are primary information 

processing units. These neurons are organized into several layers 

and connected to each other through synaptic weights which 

represent the strength of interaction between each pair of 

neurons. Activation functions calculate the potential of each 

neuron. Different types of neural networks exist: Artificial 

Neural Networks (ANN), Generalized Regression Neural 

Network (GRNN), Probabilistic Neural Network (PNN), and 

Pattern Recognition Neural Network (PRNN), Adaptive Neuro 

Fuzzy Inference System (ANFIS). 

A number of advantages of using neural networks have been 

reported by researchers higher precision, more stability for 

determining attribute importance, capability for handling 

multicollinearity [36]-[37]. The main drawback of using neural 

networks reported is mainly related to the time necessary to train 

and the cumbersome routine needed to determine variable 

importance.  

The different types of neural networks employed in SQ 

studies and often compared to each other or other techniques 

include ANN [37], comparison between ANN and DT [36] 

comparison between ANFIS and PNN [24], comparison between 

PNN, PRNN, and GRNN [25] and ANFIS [22]. 

4.3 SEM and Factor Analysis 

SEM is an integration of measurement theory, factor 

analysis, multiple regression, simultaneous equations, and path 

analysis. It has gained prominence among researchers in the 

domain of SQ studies primarily because it is able to identify 

which observed variables are good indicators of the latent 

variables. SEM consists of measurement and structural models. 

The task of the measurement model also called confirmatory 

factor analysis is to determine the correlation between observed 

variables and latent variables. The structural model is used to 

determine the strength and direction of relations between latent 

variables.  

SEM has been applied to different transportation services: 

high-speed rail [38]-[39], light rail transit [40], train service in 

developing countries [24], bus transit [9],[41]-[42], intercity bus 

[43] and combination of different types of urban public transport 

[44]. 

In addition factor analysis which is normally used as a 

preparatory step for SEM was applied separately as a modeling 

technique for different SQ studies in sightseeing bus service [33] 

and city bus service [45]. 

4.4 Logit Models 

Discrete choice models explain how passengers choose 

between different alternatives. However, to fit within the model 

framework, the choice set needs to demonstrate three 

characteristics: 

 only one alternative can be chosen by passengers. 

 list of alternatives in the choice set needs to be 

exhaustive. 

 there needs to be a finite number of alternatives 

available to passengers. 

Generally stated preference surveys in the field of SQ 

assessment of transportation provide passengers with choices 

which are ordered: ‘very satisfied’ is better than ‘satisfied’ and 

the choices are not necessarily independent of one another. 

Hence ordered logit and probit models are therefore more suited 

to stated preference experiment data of this type and have been 

applied in SQ studies in inter-city bus service [46]-[47], bus 

transit [12]. Other forms of logit model that have been used are 

multinomial logit models for city bus service [48] and 

multinomial, hierarchical and mixed logit models for inter-city 

bus service [48]. These models have been used for determining 

the weight of different service aspects. 

4.5 QFD and Fuzzy QFD 

QFD is a process which attempts to capture the needs of the 

customers and respond to those needs through specific plans for 

improving the product or service in question. The customer 

requirements are translated to measurable design targets using 
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QFD.  A unique feature of the QFD process is that it also utilizes 

transport operators' technical knowledge besides passengers’ 

perceptions [27]. QFD process flows through six distinct phases 

which are interconnected within a House of Quality (HOQ) 

diagram: (1) customer needs and expectations, (2) planning 

matrix, (3) technical requirements, (4) relationship matrix, (5) 

technical correlation matrix, and (6) customer evaluations. 

However, since QFD was originally adapted to manufacturing 

industries, and SQ by nature is abstract and fuzzy, fuzzy set 

theory was employed by Kurtulmuşoğlu et al. to improve the 

planning matrix, relationship matrix, and technical correlation 

matrix [28].  

5 Discussion and Future Research Directions 

Despite the large volume of work already accomplished in 

the last decade, there is considerable work to be done in the 

domain of SQ of surface transportation services. For example, a 

careful view of Table 1 reveals that very few studies have 

focused on inter-city transportation services. Moreover, very few 

studies actually compare the efficacy of different modeling 

techniques in order to find the optimum model in the domain of 

SQ studies [24]-[25],[36]. Also, it is noticeable that despite the 

use of machine learning models like decision trees in different 

SQ studies, researchers are yet to use any ensemble models like 

Random Forests or more fine-tuned applications of decision trees 

like gradient boosted decision tree models. The different 

attempts by researchers in developing countries to evaluate the 

service quality of public transportation are commendable but 

still, the volume of research coming from developing countries 

is considerably low. Also, researchers need to find out how they 

can collect greater volumes of data using online surveys making 

research results more meaningful. 

In this paper, an attempt has been made to capture the 

contemporary thinking and modeling techniques used by 

researchers to evaluate the service quality of surface 

transportation services in the last decade. This paper also tried to 

focus on the algorithms that have gained popularity among 

researchers due to the advancement made in computer 

technology and the widespread availability of several powerful 

software packages. Finally, it is expected that the insight 

provided by this paper will be useful to all stakeholders in the 

domain of transportation services and researchers will 

contemplate the future directions proposed in this paper. 

6 Conclusions 

The preceding discussion shows that a plethora of attempts 

and modeling methodologies have been used by researchers to 

better understand the SQ paradigm convey useful information for 

transport managers to work on. The variety of attempts point 

towards the complexity of the SQ concept and the wealth of 

modeling techniques that are available to the researchers.  

However, some trends have become evident in the last 

decade in SQ studies. Firstly, researchers have preferred the 

stated preference surveys to collect satisfaction/ perception and 

importance rating of different SQ attributes from passengers 

using numerical Likert scales. Secondly, researchers are 

increasingly using multivariate analysis techniques like SEM, 

machine learning, and artificial intelligence-based paradigms 

like neural networks and decision trees and ordered choice 

models. These models are enabling researchers, transport 

managers deeper insight into the SQ paradigm than simpler 

regression models. It is also possible to deduce the importance of 

independent variables from these models since it has been shown 

that asking passengers to rate the importance of SQ attributes 

often produces unrealistic results [35],[50]. Thirdly, researchers 

are taking into account the perception heterogeneity of the SQ 

data and introducing different innovative techniques like 

clustering which can help transport managers to introduce 

personalized market in surface transportation services like in the 

aviation industry. 
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