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FORECASTING FUTURE PUBLIC TRANSPORT MODE CHOICE 

BEHAVIOUR OF COMMUTERS IN BAHRAIN USING LOGIT AND 

CLASSIFICATION TREE MODELS: A COMPARATIVE STUDY 
 

Summary. Global trade and social relationships are greatly facilitated by 

transportation. However, the majority of nations, including Bahrain, face 

substantial challenges with their transportation systems. For the development of 

technical solutions that can promote the progress of these transport systems, it is 

now crucial to have a complete understanding of travel demands and driver's 

characteristics. This paper aims to explore the influential factors concerning travel 

mode choice in Bahrain and utilize mode choice models to forecast the probable 

utilities of various future public transport modes. The study utilizes diverse, 3864 

data records extracted from previous surveys as well as a recent one conducted 

within this research. Subsequently, using Minitab software, two types of mode 

choice models were built, namely the logit model and the classification tree model, 

focusing on modelling the future transportation system, considering potential 

                                                 
1 Department of Civil Engineering, University of Bahrain, Sakhir, Bahrain. Email: marwah.jazi@gmail.com. 

ORCID: https://orcid.org/0009-0000-2671-8086 
2 Department of Civil Engineering, University of Bahrain, Sakhir, Bahrain. Email: ugazder@uob.edu.bh. ORCID: 

https://orcid.org/0000-0002-9445-9570. 
3 School of Computer, Data and Mathematical Sciences, Western Sydney University, Sydney, Australia. Email: 

mharsalan@gmail.com. ORCID: https://orcid.org/0000-0001-9622-5930. 
4 Department of Civil Engineering, DHA Suffa University, Karachi, Pakistan. Email: 

mohammedrazamehdi@dsu.edu.pk. ORCID: https://orcid.org/0009-0009-3783-3456 

http://sjsutst.polsl.pl/
mailto:marwah.jazi@gmail.com
mailto:ugazder@uob.edu.bh
mailto:mohammedrazamehdi@dsu.edu.pk


24 M. Jazi, U. Gazder, M. Arsalan, M.R. Mehdi 

 

public transport modes (Public Bus, Metro, and Tram). The analysis of the data 

identified trip cost as the top predictor, moreover, direct, and quick travel, 

accessibility, and convenience were also found to significantly influence the choice 

of travel mode in Bahrain. Additionally, the findings indicate that the metro is the 

preferred choice for future public transport, with a strong preference observed for 

a combination of metro and tram. The research also suggests, in terms of model 

performance, that when capturing more complex patterns, as in this study, the 

classification tree outperforms the multinomial Logit model. Overall, the research 

provides valuable insights into mode choice in Bahrain and highlights the important 

factors influencing commuting decisions. The results of this study can support the 

development of an efficient public transportation system that would satisfy the 

needs and preferences of commuters in Bahrain and ultimately lead to a sustainable 

and accessible transportation infrastructure in the country. 

Keywords: public transport, Bahrain, mode choice, Logit model, decision tree 

 

 

1. INTRODUCTION 

 

In the last century, the trends of urbanization and resulting population expansion were going 

at an alarmingly high rate [1]. These trends give a boost to the increase in car ownership with 

consequences of frequent congestion delays [2], increase in environmental damage [3], loss of 

life and property with road crashes [4] and consumption of valuable resources including fuel, 

land and national budget [5]. Realizing these issues, public transportation implementation and 

promotion of public transportation modes became a top priority for governments around the 

world [6]. Therefore, a number of options have been planned and implemented within the 

domain of public transportation including bus rapid transit, light rail systems, trams, etc. [7]. 

Urbanization and population expansion in the Kingdom of Bahrain eventually led to a 

significant increase in automobile ownership levels, which worsened traffic congestion on the 

Kingdom's road system. According to the General Directorate of Traffic, the number of 

automobiles in Bahrain increased dramatically from about 400,000 in 2009 to almost 700,000 

by the end of 2019. This and the absence of a reliable transit system made it more difficult to 

travel and resulted in delays of up to several hours during times of high traffic. Consequently, 

designing and launching an effective public transport service, that would eventually contribute 

to minimizing congestion, delay and traffic accidents, became a necessity. However, the 

question that remains is: what public transport mode is best fit to the mode choice behaviour of 

commuters in Bahrain? Therefore, a thorough mode choice analysis is needed to understand the 

mode choice preferences and explore the factors that have the greatest influence on the 

traveller’s decision-making process.   

This research aims to explore the influential factors concerning travel mode choice in 

Bahrain, identify the driver’s characteristics affecting his/her mode choice, and utilize mode 

choice models like the Logit model and Classification tree model to forecast the probable utility 

of various future public transport modes, including bus, metro, and tram. Such systems have 

already been adopted in other countries, including those neighbouring the study area (Bahrain), 

including Saudi Arabia [8], Dubai [9], Qatar [10], etc. However, it should be noted that the 

implementation and success of these modern public transport systems depends heavily on 

demand and coverage area [11]. Hence, Bahrain could be a peculiar case from these aspects as 

it has a relatively smaller area with a population of less than 2 million people [12]. The above 

factors justify the carrying out of current research, and it is expected that it will reveal unique 
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and important features for transportation planners and researchers for their work related to 

modern public transportation systems. As stated above, the scope of this research focuses on 

future transportation modes for Bahrain, which are non-existent currently, so stated preference 

data was utilized as this was the only option. The study utilizes two different discrete choice 

models and compares between their performance and insights for prediction of mode choice. 

The results of this study are expected to provide significant policy recommendations for 

countries like Bahrain who intend to progress forward in sustainable development of the 

transportation sector. 

 

 

2. LITERATURE REVIEW 

 

Travel forecasting models are the core of the transportation planning process, and they are 

considered as a measure to detect travel needs of cities [13]. These models usually employ 

mathematical equations and algorithms to simulate travel patterns and behaviours [14]. In 

practice, it was only after World War II, in the 1960s, that travel-modelling applications 

commenced, and the classic four-stage model was gradually constructed. This model breaks 

down the research area into homogenous traffic analysis zones, in which the data required for 

building the model is collected [15]. The four-stage model process can be divided into two main 

phases. The first phase focuses on collecting, evaluating, calibrating and validating data to 

determine the travel demand, while the second phase loads this demand onto the network to 

formulate equilibration of route choice. These two phases can be further divided into four 

distinct stages known as trip generation, trip distribution, modal split and traffic assignment 

[16]. 

Mode choice or modal split is the third stage of the four-stage model. This stage focuses on 

the traveller’s behaviour in relation to the selection of travel mode [13]. The traveller’s decision 

is mainly influenced by demand variables, such as income, vehicle ownership, household size 

and location, as well as supply variables, which include travel time, travel cost and transfer time 

[17].  

Discrete choice models, specifically the Logit model, have been a common tool in 

transportation planning since the 1960s for predicting traveller mode selection [18]. These 

models assume that each travel mode, such as car, bus, and train, has a specific level of utility, 

based on the variables mentioned above, which subsequently affects the traveller’s decision and 

preferences [19]. According to the Logit model, the utility function of a mode, and the 

probability that a traveller chooses it, is expressed by the following equations (1 and 2), 

respectively: 

 

𝑈𝑚 = 𝐶 + 𝐴1𝑋1 + 𝐴2𝑋2 … … . . +𝐴𝑖𝑋𝑖          (1) 
 

Where: 

𝑈𝑚 = Utility function of mode ‘m’  
𝐶 = Constant 
𝐴𝑖 = Coefficients (weight of each attribute based on survey’s data)  
𝑋𝑖 = Independent Variables correlated with the mode choice [20] 

 

  𝑃𝑚
𝑖 =

𝑒𝑈𝑚𝑖

∑ 𝑒𝑈𝑚𝑖𝑗
          (2) 

 



26 M. Jazi, U. Gazder, M. Arsalan, M.R. Mehdi 

 

Where: 

𝑃𝑚
𝑖 = Probability of trip maker i choosing mode m out of j alternatives 

𝑈𝑚𝑖 = utility of alternative m for trip maker 𝑖 [21] 

 

Mode choice behaviour can be formed and explained using various theoretical forms, such 

as planned behaviour, habit formation, norm activation, and others. One of the most prominent 

frameworks among them is the rational choice theory, which presents the mode choice as a 

result of compromise between costs and benefits of each mode choice [22]. Logit models are 

suitable tools to apply the framework due to its utility functions, as mentioned above. 

In 2014, a study by Ratrout et al. [21] investigated the present travel trends and the changes 

in border mode choice behaviour anticipated due to the introduction of probable future train 

and ferry services between Dammam-Khobar metropolitan area of the Kingdom of Saudi 

Arabia and the Kingdom of Bahrain. The researchers collected data through questionnaire-

based interviews and used it in the development of Logit models. It was recognized that most 

of the travellers favoured the car over airplane from the existing modes and generally travelled 

through this route for recreation, transit flights and social visits. When the potential train and 

ferry services were presented to the travellers, it was observed that the train service was 

considered more attractive than the ferry service, while the latter being more appealing to single 

travellers compared to the car.  

The study by Abdullah et al. [24] provides yet another instance of the Logit model in use. 

Because of the outbreak of the Coronavirus (COVID-19) pandemic, public transport 

experienced a severe decline in the number of its users worldwide. This issue inspired Abdullah 

et al. [24] to investigate and analyse travellers’ behaviour regards choosing a travel mode under 

COVID-19 conditions. The study was conducted in Lahore, Pakistan in which, 1516 responses 

were collected through a questionnaire. To accomplish the aim of the research, a binary Logit 

model was developed involving private and public transport. It was concluded that gender, 

ownership, income, trip frequency, education, profession, and safety had a significant influence 

on people’s choices. Adding to that, it was observed that females are more likely to choose 

public transport over private modes, compared to males.   

Despite relying solely on discrete models in the past, transport planners started to investigate 

more sophisticated alternative machine learning approaches after the remarkable advancement 

in machine learning research that showed numerous successes of its application [18]. Decision 

trees are a popular machine learning technique. Using a structure similar to a flowchart or a 

tree, decision trees, such as Classification trees and Regression trees, categorize data into groups 

and effectively illustrates the connections between characteristics and potential outputs [19]. 

Decision trees with binary splits are the most often used types of decision trees. To calculate 

each split, the data is first categorized according to the required features, and for each feature, 

potential binary split sites are then examined [18]. 

Oral and Tecim [25] conducted a study to forecast mode choice of trips in district Buca in 

Izmir, Turkey using decision tree method. The model was built based on data extracted from a 

household survey done in 2007. According to the results obtained, travel time, purpose of trip, 

driving licence, number of vehicles, house ownership, age, occupation, and public transport 

card ownership play a significant role in determining the mode choice of an individual living 

in Buca. However, the origin and destination of trips had no major influence on mode choice.     

Another study done in São Paulo Metropolitan Area, Brazil by Lindner et al. [26] compared 

the prediction efficiency of Artificial Neural Network (ANN) and Classification Tree models 

with that of a binary Logit model. The models were utilized to forecast motorized mode choice, 

using data from an Origin-Destination survey conducted in 2007. Adding to that, 70% of 
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the data was used for model building while 30% of it was used for testing and validation 

purposes. As a result, classification Trees proved to have the best prediction efficiency (80% 

match rate) followed by ANN (79%) and, finally, by the binary Logit model (74%). Similar to 

the above-mentioned study, other researchers have also utilized Logit and tree models for 

analyzing the mode choice behaviour. Among them [27] and [28] have used tree models while 

[29] have used Logit models along with other models. This provides evidence about the 

suitability of both these models for application in the field of transportation mode choice 

prediction. The above-mentioned studies found a number of aspects of in which the Logit and 

tree models correspond to each other in terms of modelling the travel behaviour. At the same 

time, the Logit utility equations could provide valuable insights regarding the marginal impacts 

and elasticities of variables in a convenient manner. On the other hand, tree models could be 

useful in preparing a rule-base which could aid in developing policy guidelines. 

The review of above literature shows a lack of studies related to Gulf Cooperation Council 

(GCC) countries, especially Bahrain. This being said, there have been studies which have 

emphasized the problem of traffic congestion in the country and highlighted the lack of practical 

steps being taken to mitigate this issue [30]. One of the major issues in this regard is the 

dependent on private vehicles, resulting in high car ownership rates [31]. The current study, by 

focusing on Bahrain, could provide a unique aspect to the literature because Bahrain has a 

smaller area and does not have any of the contemporary public transportation modes, which are 

applied elsewhere in the region. Furthermore, the above studies have mostly compared between 

existing mode choices, or between a future mode and other existing modes. There have not been 

any studies found which compare multiple future modes, especially those related to public 

transportation. This study is an attempt to fill these gaps.  

 

 

3. DATA COLLECTION 

 

This section provides a comprehensive overview of the data sources and collection methods 

used to obtain the necessary information for modelling mode choice. This includes a thorough 

description of the two primary data sources used in this research: data extracted from previous 

surveys and data collected from a questionnaire conducted as part of the current study.  

 

3.1. Data Extracted from Previous Surveys 

 

To gain a better understanding of the travel behaviour of a specific population, previous 

surveys can be an invaluable resource. With a focus on attaining the objectives of this research, 

information was extracted from online surveys carried out by civil engineering students at the 

university of Bahrain.  

By looking at the responses collectively, it was concluded that information concerning 

gender, age, nationality, occupation, salary, driving licence and car ownership appeared in at 

least two of the earlier surveys. Additionally, Origin-Destination, current mode, purpose of trip, 

travel time, total cost of trip and respondents’ willingness to use potential future public transport 

systems (public bus, metro, and tram) were also observed to be common. However, since each 

survey has a different structure and options’ ranges, it was necessary to communize the 

responses to build a data framework that is applicable for analysis. The details of this process 

are demonstrated in Table 1. 
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 Tab. 1  

Standardization of data items 

 

Data Item Description 

Gender The letter M is used to refer to males, whereas the letter F is used for 

females. 

Age Based on the available spectrum of values, age is categorized to be “Under 

18”, “18 – 25”, “26 – 35”, “36 – 45” or “Above 45”. 

Nationality This data item has two options: Bahraini and Non-Bahraini. 

Origin-

Destination 

To standardize the data, corresponding governorates are used (Capital, 

Muharraq, Northern and Southern) mentioning the exact locations, if 

available, between brackets. 

Occupation The realm of options for this item consists of employee, student, retired, 

unemployed and others. 

Average 

Salary 

This item is of a continuous nature with values ranging from under 100 

Bahraini Dinar (BD) to above 2000 BD. 

Driving 

Licence 

“Yes” is used to refer to respondents who are driving licensed, and “No” 

for those who are not. 

Car 

Ownership 

This item provides information about the number of cars owned by each 

respondent. The options are 0, 1, 2, 3, 3+. 

Purpose of 

Trip 

This item has four options, namely work, education, shopping/leisure and 

other. 

Travel Time Based on the spectrum of values, travel time (minutes) is categorized to be 

“0 – 10”, “11 – 20”, “21 – 30”, “31 – 40”. “41 – 50”, “51 – 60”, “61 – 

120” and “120+”. 

Total Cost of 

Trip 

This item is of a continuous nature, with values ranging from 0 BD to 10 

BD. 

Current Mode The realm of options for this item consists of private car, sharing car, bus 

(public bus, school bus and private bus) and non-motorized transportation 

(walking and cycling). 

Future Mode 

and Feeder 

Since each survey focused on obtaining respondents’ willingness to use a 

specific public transport mode, the following assumptions were 

considered when creating the compiled dataset: 

 Respondents who currently use bus services will continue to use 

them in the future. 

 Respondents who showed willingness to use public transportation 

in general are considered to have a positive response for all three 

potential modes. 

 Feeder modes are derived from the surveys directly or from the 

details of the study corresponding to it; otherwise it is kept empty. 

 

 

Following the compiling and standardizing process discussed above, the resulting dataset 

encompasses a total sample size of 3741 responses. However, the number of data available for 

each item ranged from, 3722 to 1343 responses with “Average Salary” having the lowest value. 

Insufficient data undermines the accuracy and reliability of any analysis; therefore, it was 

necessary to conduct an additional survey to increase the overall data and ultimately lead to 

more informed and effective decision-making. 
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3.2. Data Collected from a Recent Survey 

 

To gather comprehensive information, the questionnaire was organised to ensure that all 

relevant questions were covered and effectively conveyed to the respondents. It consisted of 15 

questions that can be categorized as follows: 

 Commuter’s Information: gender, age, nationality, occupation, driving licence and 

number of cars owned. 

 Trip-related questions: Origin-Destination, purpose of trip, Travel time, Total cost of trip 

and current travel mode corresponding to the chosen purpose. 

 Future public transport modes related questions: respondents were asked to select the 

public transportation modes (public bus, metro, tram, and none) they are willing to use in 

the future and how they would select to travel to and from public transport stations. 

 

In order to obtain sufficient and diverse responses, the questionnaire was distributed through 

various online channels and was used as the basis for interviews done at several locations across 

the country. Furthermore, it is noteworthy to mention that respondents were provided with a 

brief description of the presented public transport modes to guarantee credible responses and 

that all questions were designed to be of a multiple-choice nature, with the exception of trip 

cost, to facilitate easy collection of data. As a result, 409 complete responses were successfully 

collected. 

 

3.3. Creating the Final Dataset 

 

Following the diligent process of extracting, compiling, and collecting data necessary to 

achieve the objectives of the research, a comprehensive dataset of 3864 responses was finally 

formed. The final dataset is a culmination of responses from multiple surveys that targeted 

people of different age-groups, gender, and professions, making it a rich source of information 

for mode choice modelling. Moreover, to ensure that the final dataset is accurate and reliable, 

responses lacking data concerning current mode and/or more than half of the items in question 

were filtered out. This step improved data performance by reducing insufficiencies in data and 

streamlining the process. Tab. 2 and Figs 1-2 highlight the key statistical metrics of the final 

dataset. 

 Tab. 2  

Key statistical metrics of the final dataset 

 

Data Item Statistical Metrics 

Gender M = 51%    F = 49% 

Nationality Bahraini = 61%    Non-Bahraini = 39%  

Age Under 18 = 5% 

18 – 25 = 37% 

26 – 35 = 29% 

36 – 45 = 14% 

Above 45 = 15% 

Current Travel 

Mode 

Car = 71% 

Sharing Car = 9% 

Bus = 19% 

Non-motorized Transportation = 1% 



30 M. Jazi, U. Gazder, M. Arsalan, M.R. Mehdi 

 

Future Mode and 

Feeder 

Among the 2043 respondents who chose only one future 

mode, 759 (37%) reported they would prefer to travel by 

metro, while 675 (33%) and 609 (30%) stated they would 

choose to travel by tram and public bus respectively. 

20% of bus users were also willing to use the metro. 

11% of metro users expressed interest in using both tram and 

public bus. 

10% of tram users were willing to use metro too. 

The most popular feeder for all public transport modes was 

found to be car, followed by walking and bus. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Origin data percentages 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Destination data percentages 

 

 

4. MODEL BUILDING 

 

A thorough process of data preparation, model creation, and validation is needed for building 

mode choice models. This section will discuss the approach used to create mode choice 

forecasting models for Bahrain, including the generation of logit and classification tree models 

using "Minitab Statistics" software. The section also outlines the procedure followed to confirm 

the validity of the dataset and the precision of the built models. 
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4.1. Logit model 

 

Data preparation is an integral step in model building, as it includes transforming and 

restructuring raw data to attain optimal results. Accordingly, to achieve an appropriate data 

structure for constructing a multinomial Logit model, the data variables were classified as either 

continuous predictors or categorical predictors. Tab. 3 presented below displays a summary of 

the scales utilized for each category. Following that, data was divided into four categories, each 

displaying responses associated with a specific mode of transport (Car, Metro, Public Bus and 

Tram). For instance, to ensure accurate representation of the data, a person who showed 

willingness to use the tram and metro, their response was classified under both categories.  

  

Tab. 3  

Variables for modelling 

 

Category Variable Scale 

Continuous Age Continuous Number 

Travel Time 

(minutes) 

Continuous Number 

Trip Cost (BD) Continuous Number 

Salary (BD) Continuous Number 

Categorical Gender 1 for Male, 0 for Female 

Nationality 1 for Bahraini, 0 for non-Bahraini 

Origin Discrete Numbers (1 - 4) each representing a governorate 

Destination Discrete Numbers (1 - 4) each representing a governorate 

Future Mode Car, Tram, Public Bus, Metro 

Trip Purpose 1 for Work, 2 for Education, 3 for Shopping, 4 for Other 

Occupation 1 for Employees, 2 for Students, 3 for Others 

Driving Licence 1 for Yes, 0 for No 

Car Ownership Discrete Numbers (1 - 4) 

 

To develop a multinomial logit model, several models were built utilizing different variables 

until the best combination was identified. Then the data utilized by the optimal model was 

divided randomly into two datasets: training data (70%), which was used to rebuild the model, 

and testing data (30%) utilized to verify the accuracy of the model. The details of the model, 

coefficients’ analysis, odds ratio and goodness-of-fit tests’ results are described below.  

 

4.1.1. Utility Equations 

 

The selected model makes use of a total response of 1796, 1437 of which are used for model 

training and 359 are used for testing purposes. It employs five variables, two of which are of a 

continuous nature, namely travel time and age, and three categorical variables: gender, driving 

licence and car ownership. Adding to that, the Logit model was developed using car as the 

reference mode. Tabs 4-5 present the counts and percentages of each mode for each dataset.  
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Tab. 4  

Data used for logit model training 

 

Variable Value Count Percentage 

Future 

Mode 

Car (Reference Event) 206 14% 

Tram 625 43% 

Public Bus 122 8% 

Metro 484 34% 

Total 1437 100% 

 

 

 Tab. 5  

Data used for logit model testing 

 

Variable Value Count Percentage 

Future 

Mode 

Car (Reference Event) 51 14% 

Tram 157 44% 

Public Bus 30 8% 

Metro 121 34% 

Total 359 100% 

 

4.1.2. Coefficients Analysis  

 

Based on the coefficients’ analysis, results demonstrated below in Tab. 6, it can be said that 

most of the predictors utilized in the model are statistically significant for one mode or the 

other. The variables which have a significant impact on all modes include car ownership, and 

travel time. However, it is interesting to note that specific predictors were deduced to be 

significant for some modes but insignificant for others.  For example: 

1. Gender “Male” was not significant for tram and public buses, but was significant for 

metro. 

2. Owning a driving licence is significant for public bus only. 

3. Car ownership was significant for public bus and metro, but not tram. 

4. Age was significant for tram only. 

 

Some of the variables, which were part of the survey, were not found to be significant in the 

model. It appears that it could be relevant to the interdependency between the variables. For 

example, travel time would consider the origin and destination pairs, and salary could be linked 

with the car-ownership. As mentioned in the literature review, the variables from the survey 

have been considered by other researchers in the past. More discussion about the variables and 

their impact is provided in the proceeding section. 
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Tab. 6  

Coefficient analysis for multinomial logit model 

Predictor Coef SE Coef Z P Significance 

Logit 1: (Tram/Car) 

Gender   

Male -0.199 0.176 -1.130 0.258 No 

Age -0.043 0.009 -4.840 0.000 YES 

TT 0.023 0.008 2.990 0.003 YES 

Do you have a 

driving licence 

  YES 

  Yes -0.413 0.265 -1.560 0.119 No 

How many cars do 

you own 

  

  1 -0.144 0.365 -0.390 0.694 No 

  2 0.726 0.379 1.920 0.055 No 

  3 0.707 0.383 1.850 0.065 No 

  4 0.738 0.380 1.940 0.052 No 

Logit 2: (Public Bus/Car) 

Gender   

Male 0.051 0.248 0.210 0.837 No 

Age 0.008 0.013 0.610 0.545 No 

TT (minutes) 0.024 0.009 2.760 0.006 YES 

Do you have a 

driving licence 

  

  Yes -0.864 0.345 -2.500 0.012 YES 

How many cars do 

you own 

  

  1 -1.221 0.401 -3.050 0.002 YES 

  2 -1.614 0.458 -3.520 0.000 YES 

  3 -2.106 0.516 -4.080 0.000 YES 

  4 -3.644 0.804 -4.530 0.000 YES 

Logit 3: (Metro/Car) 

Gender   

  Male 0.615 0.182 3.380 0.001 YES 

Age -0.015 0.010 -1.540 0.123 No 

TT (minutes) 0.022 0.008 2.950 0.003 YES 

Do you have a 

driving licence 

  

  Yes 0.520 0.307 1.690 0.090 No 

How many cars do 

you own 

  

  1 -0.956 0.342 -2.800 0.005 YES 

  2 -1.818 0.376 -4.840 0.000 YES 

  3 -4.898 0.791 -6.190 0.000 YES 

  4 -3.075 0.428 -7.180 0.000 YES 
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4.1.3. Odds Ratios: 

 

Tab. 7 displayed below highlights the odds ratios for both continuous and categorical 

predictors utilized in the multinomial logit model. 

 Tab. 7  

Odds ratio multinomial logit model 

Predictor Odds Ratio 95% CI 

Lower Upper 

Logit 1: (Tram/Car) 

Gender   

  Male 0.82 0.58 1.16 

Age 0.96 0.94 0.97 

TT (minutes) 1.02 1.01 1.04 

Do you have a driving 

licence 

  

  Yes 0.66 0.39 1.11 

How many cars do you own   

  1 0.87 0.42 1.77 

  2 2.07 0.98 4.34 

  3 2.03 0.96 4.29 

  4 2.09 0.99 4.40 

Logit 2: (Public Bus/Car) 

Gender   

  Male 1.05 0.65 1.71 

Age 1.01 0.98 1.03 

TT (minutes) 1.02 1.01 1.04 

Do you have a driving 

licence 

  

  Yes 0.42 0.21 0.83 

How many cars do you own   

  1 0.29 0.13 0.65 

  2 0.20 0.08 0.49 

  3 0.12 0.04 0.33 

  4 0.03 0.01 0.13 

Logit 3: (Metro/Car) 

Gender   

  Male 1.85 1.29 2.64 

Age 0.99 0.97 1.00 

TT (minutes) 1.02 1.01 1.04 

Do you have a driving 

licence 

  

  Yes 1.68 0.92 3.07 

How many cars do you own   

  1 0.38 0.20 0.75 

  2 0.16 0.08 0.34 

  3 0.01 0.00 0.04 

  4 0.05 0.02 0.11 
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4.1.4. Goodness-of-fit  

 

The results of conducting Pearson and Deviance chi-square tests on the model with respect 

to the training and testing datasets are demonstrated in Tab. 8 below. It is observed that both 

the Pearson chi-square test (p-value of 0.622) and the deviance chi-square test (p-value of 

0.994) for the training data suggest good fits. However, despite the p-value of 0.849 obtained 

from the deviance chi-square test for the testing data, which indicates a good fit, Pearson chi-

square returns a poor fit with a p-value of 0. The multinomial logit model can be concluded to 

be a reliable approach for forecasting outcomes for the datasets in question, but further analysis 

(done during validation) is essential to validate the model’s accuracy.  

 

 Tab. 8  

Multinomial logit model data goodness-of-fit 

 

Data Method Chi-Square P 

Training 
Pearson 743 0.62 

Deviance 660 0.99 

Testing 
Pearson 583 0.00 

Deviance 393 0.84 

 

4.2. Classification Tree Model 

 

For the classification tree model, no major alteration or adjustment is required to prepare the 

raw data for analysis. However, as for the Logit model, the data was divided into four 

categories, each displaying responses associated with a specific mode of transport (Car, Metro, 

Public Bus, and Tram). Besides, to facilitate the model building process and improve its 

performance, the car ownership groups (3) and (3+) were merged. 

Using Minitab, a multinomial classification tree was developed having 40 terminal nodes, 

out of which 11 represent Car mode, 15 represent Metro mode, 5 represent Public bus and 9 

represent Tram, and a misclassification cost of 0.4487. The model utilizes 4356 responses, 1357 

(31.15%), 1147 (26.33%), 947 (21.74%) and 905 (20.78%) of which belong to Car, Metro, 

Public Bus, and tram users respectively. It consists of 40 decisive nodes and makes use of 11 

important predictors, namely trip cost, car ownership, Origin-Destination, age, gender, purpose 

of trip, travel time, driving licence, occupation, and Salary. Fig. 3 demonstrates the relative 

variable importance for each predictor with respect to the top predictor, which is trip cost. It 

was observed that the tree model was able to highlight more complex relationships with its 

hierarchical form, consequently, incorporating more variables from the available set. The most 

significant observation from the logit model was related to the trip cost, which was the top 

predictor in this case, which did not have any significant impact on the logit model. This 

variable has been identified in a number of studies with a significant impact on the mode choice, 

such as Feneri et al. [32] in addition to those mentioned in the literature review. 

 

4.3. Split-half Reliability Test 

 

Split-half reliability is a statistical method generally applied to evaluate the internal 

consistency of data or measures. By randomly dividing the data into two identical parts and 

comparing the results, the correlation coefficient between them can be computed as a measure 



36 M. Jazi, U. Gazder, M. Arsalan, M.R. Mehdi 

 

of consistency and as an indicator to the extent to which the data can be generalized for larger 

populations [33]. 

To determine the internal consistency of the data used to build the Logit model, The dataset 

used for this model was divided into two equal samples, each containing 898 responses. The 

analysis covered six items, namely Future mode, travel time, gender, age, driving licence and 

car ownership. Using the “Spearman-Brown Formula”, the adjusted correlation coefficient was 

calculated to be 0.71, indicating a good level of internal consistency and suggesting a strong 

positive relationship between the variables [34]. 

Similarly, the data used to develop the classification tree model was split into two subsets, 

each consisting of 2178 responses. The items included in the analysis were future mode, travel 

time, gender, origin, destination, occupation, car ownership, trip cost, driving licence and 

salary. The adjusted correlation coefficient was calculated to be 0.68 suggesting a moderate to 

high level of consistency and reliability within the data.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Relative Variable Importance 

 

4.4. Model Initial Validation 

 

A rigorous procedure was employed to validate the accuracy and effectiveness of the models 

generated. For the multinomial logit model, the dataset was firstly divided into training and 

testing datasets as outlined previously, then used to compute the model’s goodness-of-fit and 

finally the predictive performance of the model was evaluated using the AUC ROC method. 

The classification tree, on the other hand, was validated using the 10-fold cross-validation 

method. 

 

4.4.1. Logit Model 

 

The probabilities for each mode in both the training and testing datasets were computed and 

then utilized to generate ROC curves. The ROC curves were developed by calculating the true 

positive rates and false positive rates at probability thresholds ranging from 0-0.95 [35]. By 

plotting this information and fitting a mathematical equation to the curves, the AUC values 

were obtained (Tab. 12). In summary, the findings suggest that the model performed distinctly 

well in predicting the public transport modes, with high AUC values noted for both training and 

testing data. However, the AUC values obtained for cars were relatively low. Focusing on 



Forecasting future public transport mode choice behaviour of commuters in… 37. 

 

public transport modes, it can be concluded that the multinomial logit model developed within 

this research has acceptable accuracy and a good predictive power.  

 

4.4.2. Classification Tree  

 

The classification tree model generated consists of 40 terminal nodes, out of which 11 

represent Car mode, 15 represent Metro mode, 5 represent Public Bus and 9 represent Tram. A 

sample view of the detailed tree is presented in Fig. 4. It was not possible to include the entire 

tree, but the proceeding sections will explain and discuss the node rules of the tree. The overall 

misclassification error for the training and testing data were noted to be higher than expected 

compared to some previous studies [36], being 35.9% and 37.9% respectively. It is interesting 

to mention that, by studying the results, car and metro modes are more likely to be misclassified 

compared to other modes, with misclassification errors reaching as high as 47% (car) and 41.9% 

(metro). However, despite the mentioned limitations, the AUC values obtained from the 

analysis still indicate that the model has a fairly good predictive performance with tram having 

the highest value of 0.9151, followed by public bus with a value of 0.8832 and finally by car 

and metro having values 0.8269 and 0.8100 respectively (Tab. 12).  

 

 

5. VALIDATION SURVEY 

 

To evaluate the competency of the models developed and their accuracy in forecasting 

current mode choice in Bahrain, a validation survey was conducted. The survey was conducted 

by asking participants to provide general information about themselves, information about their 

usual trips and to specify their preferred future public mode of transport in general and in a 

hypothetical transportation scenario. Ultimately, a total of 49 diverse responses were collected. 

 

5.1 Questionnaire Structure 

 

The validation survey adapted a similar structure to the questionnaire described previously. 

However, it included an additional question where participants were asked to indicate their 

preferred public transport system among several hypothetical scenarios presented to them. 

These scenarios were fashioned based on interpretations of the models created in the second 

phase of the study and common practices observed around the world. All scenarios presented 

to the participants included pedestrian-friendly areas with wider side walks and better lighting 

to encourage walking, bike rental stations for those who prefer to cycle for a small fee and an 

app to plan and book services provided by the system. The survey included the following 

hypothetical scenarios: 

 Metro: fee is 0.5 BD per trip. Weekly, monthly, and yearly passes are also available at 

discounted rates. Payment is done using a smart card system. The metro system would 

operate on a regular schedule, with frequent trains arriving and departing every 5-10 

minutes. Parking lots near metro stations are available for short-term and long-term 

parking (0.2 BD per hour, first hour is free, monthly subscription available at discounted 

rates). Metro runs between the main areas in the country including airport, shopping 

malls, educational area and universities. 

 Tram: fee is 0.3 BD per trip. Weekly, monthly, and yearly passes are also available at 

discounted rates. Payment is done using a smart card system. The trams run on dedicated 

tracks, making them faster than regular road transport. Parking lots near tram stations are 
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available for short-term and long-term parking (0.2 BD per hour, first hour is free). There 

are multiple tram lines in the country, each with several stops along the way. The lines 

link major landmarks in each city. 

 Public Bus: fee is 0.3 BD per trip. Weekly, monthly, and yearly passes are also available 

at discounted rates. Payment is done using a smart card system. The system is designed 

to serve all areas of the country. 

 Metro and Tram: Tram fee is 0.3 BD per trip and Metro fee is 0.5 BD per trip. Weekly, 

monthly, and yearly passes are also available at discounted rates to provide unlimited 

rides on both trams and metro trains. Payment is done using a smart card system. The 

trams run on dedicated tracks, making them faster than regular road transport. They act 

as a connecting link between the residential and commercial areas. The metro trains are 

the backbone of the system and run between the main districts, including the airport, 

educational area, and other important locations. The metro and tram system would operate 

on a regular schedule, with frequent trains arriving and departing every 5–10 minutes. 

 Metro and Public Bus: Bus fee is 0.3 BD and Metro fee is 0.5 BD. Weekly, monthly and 

yearly passes are also available at discounted rates to provide unlimited rides on both 

public buses and metro trains. Payment is done using a smart card system. The bus routes 

are designed to connect neighbourhoods and feed the metro. The metro trains cover longer 

distances and offer quick transportation across the country. The metro and bus system 

would operate on a regular schedule, with frequent trains arriving and departing every 5-

10 minutes. 

 Metro, Tram, and Public Bus: fee is 0.4 BD per trip per mode or 1 BD daily for unlimited 

trips for all modes. Weekly, monthly, and yearly passes are also available at discounted 

rates to provide unlimited rides on all modes. Payment is done using a smart card system. 

The trams run on dedicated tracks and connect the downtown areas with surrounding 

urban neighbourhoods. While buses cover the more remote, residential, and suburban 

areas. The metro trains are the backbone of the system and run between the main districts, 

including the airport, educational area, and other important locations. The system would 

operate on a regular schedule, with frequent trains and buses arriving and departing every 

5-10 minutes. 

 

Although it was initially planned to replace the future mode question with the future 

scenarios question in the questionnaire, it was ultimately added as a separate section. This 

decision came because of a pilot survey that was conducted to assess whether providing 

additional information would impact respondents’ choices. Four individuals took part in the 

survey and were requested to answer two separate questions. The first question asked them to 

state their future mode preferences simply based on minimal information, while the second 

question required them to choose one of the detailed hypothetical scenarios. Interestingly, the 

extra information presented in the scenarios altered the respondents' choices, and all four 

responded differently to the two questions (Tab. 9). Consequently, this led to the decision to 

include the scenarios as an independent section. This allows the collection of data that matches 

the earlier data utilized to build the models and evaluate their performance, as well as suggest 

a more informed transportation system through the scenarios. 
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Fig. 4. A sample view of detailed tree 
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Tab. 9 

Pilot survey results 

 

No. Answer to Question 1 Answer to Question 2 

1 Metro and Tram Metro, Tram and Public Bus 

2 Metro Metro, Tram and Public Bus 

3 Public Bus Metro 

4 Metro and Tram Metro, Tram, and Public Bus 

 

Subsequently, through social media platforms like Instagram and WhatsApp and in-person 

interviews, a total of 49 responses were collected, 94% of which belonged to car users and 6% 

to public bus users. Male respondents accounted for 61% of the sample, while females 

constituted the remaining 39%. Besides, most participants fell into the 36-45 age group, 

followed by participants over 45 in age, then those aged 26-35 and lastly by those younger than 

25.  

 

5.2. Validation Survey Results 

 

Inputting the data collected from the validation survey into the models, the classification tree 

outperformed the multinomial logit model with accuracy rates of 67% for the classification tree 

and 55% for the logit model (Tab. 10-11). It is worth noting that the models were tested to 

accurately predict at least one of the modes the respondents are willing to use in the future.  

 

 Tab. 10  

Logit model confusion matrix (validation survey) 

 

Actual/Predict Car Public Bus Tram Metro 

Car 0 0 0 2 

Public Bus 0 0 1 5 

Tram 0 0 1 4 

Metro 0 0 10 26 

Total Positive 27 

Accuracy 55% 

 

 Tab. 11  

Classification tree model confusion matrix 

 

Actual/Predict Car Public Bus Tram Metro 

Car 1 0 0 1 

Public Bus 1 3 0 2 

Tram 0 0 2 3 

Metro 4 5 0 27 

Total Positive 33 

Accuracy 67% 
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 Tab. 12 

Logit model vs. classification tree model 

 

Model AUC Initial validation Validation-survey 

Accuracy 

Logit Model Car = 0.6500       

Public Bus = 0.7600 

   Tram = 0.8000           

Metro = 0.8000       

74%       55% 

Classification 

Tree 

Car = 0.8269      

Public Bus = 0.8832   

Tram = 0.9151           

Metro = 0.8100       

62% 67% 

 

From the comparison of the models, it seems that the tree model was more robust since it 

provided better accuracy on the validation dataset. Moreover, it can also be observed that the 

logit model had more variation in its accuracies for specific modes, especially car, which is the 

most dominant mode. On the other hand, tree model accuracies were more consistent in this 

regard. However, it should be noted that the structure of the tree model was more complex than 

simple logit utility functions. The utility functions did not include important variables such as 

cost due to the statistical restrictions, but they provided insights about the impact and elasticity 

of different variables in a convenient manner. Hence, use of both models could be justified for 

mode choice studies, as they may highlight different aspects of the mode choice modelling 

process. 

 

5.3 Future Preferences Scenarios Results 

 

Upon inspecting the percentages shown in Fig. 5, it was revealed that the majority of the 

respondents prefer using a combination of metro and tram as their mode of transportation, 

accounting for 33% of the sample. Concurrently, 18% of the participants chose metro only, 

17% of the respondents leaned toward a combination of metro, public bus, and tram and 15% 

favoured a combination of metro and public bus. However, only 11% and 4% of participants 

selected Tram only and public bus only, respectively. These choices indicate that direct and 

quick travel, accessibility, and conveniences play a significant role in influencing the choice of 

transport mode. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5. Hypothetical scenarios results percentages 
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6. RESULTS AND DISCUSSION 

 

6.1. Logit Model Results 

 

Based on the odds ratios shown in Tab. 6, the following statements can be concluded 

regarding the variables affecting forecasting public transport mode choice (refer to Tab. 13 for 

summary of findings): 

Tram / Car: It can be concluded that the tram is more likely to be used by younger commuters 

and for trips with longer travel times, as the odds of choosing it decrease by 4% with age and 

increase by 2% with travel time. Besides, while there is an evident effect on the odds of selecting 

tram over car based on gender, driving licence and car ownership, Tab. 5 states that these 

variables are considered statistically insignificant for tram.   

Public Bus / Car: In light of the observations, it can be concluded that car ownership and 

possession of a driving licence are the main factors that impact deciding public bus over car for 

individuals in Bahrain. Commuters who own more cars are less likely to travel by public bus, 

while those who do not have a driving licence are more likely to use it, particularly for longer 

trips. This trend is also captured by [37] in Malaysia, where more than half of those who do not 

own a private car are regular bus riders. Moreover, although gender and age appear to have a 

slight effect on the odds of choosing a public bus over a car, the p-values for these variables 

shown in Tab. 5 suggest that they are statistically insignificant.   

Metro / Car: It can be established that gender, car ownership and travel time play a prominent 

role in influencing commuters to opt for the metro over car for their trips. In fact, the odds ratios 

indicate that males, who own no, or fewer cars are more likely to pick metro as their mode of 

transport, especially for longer trips. Moreover, individuals with a driving licence are observed 

to be 68% more likely to use the metro, that being said, the possession of a driving licence is a 

statistically insignificant predictor for metro.   

 

 Tab. 13 

Multinomial logit model findings summary 

 

Mode Gender 

(relative to 

F) 

Age Travel 

Time 

(minutes) 

Driving Licecse 

(relative to no-

DL) 

Car Ownership 

(relative to no-car) 

Choose Tram 

over Car 

M is 18% 

less 

 - 

4% 

 +2% DL is 34% less 1 car = 18% less                                          

2 cars is 107% more                                   

3 cars is 103% more                                     

3+ cars is 109% 

more 

Choose 

Public Bus 

over Car 

M is 5% 

more 

 

+1% 

 +2% DL is 58% less 1 car = 71% less                                          

2 cars is 80% less                                    

3 cars is 88% less                                      

3+ cars is 97% less 

Choose 

Metro Car 

M is 85% 

more 

 - 

1% 

 +2% DL is 68% more 1 car = 62% less                                        

2 cars is 84% less                                      

3 cars is 99% less                                     

3+ cars is 95% less 
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6.2. Classification Tree Model Results 
 

The multinomial classification tree node rules were classified based on trip cost, hence 

providing a better understanding of its effect on forecasting public transport mode choice, in 

Bahrain being the top predictor.  

Studying the findings, it was observed that: 

1. Commuters, who declined the use of public transportation in the future, mainly own 1 car 

and travel for work purposes. 

2. The Metro is more likely to be used by commuters who own 0 or 1 car for work and 

shopping trips. A study conducted in Riyadh [38] aimed at exploring the factors 

influencing car users to switch to the metro has indicated a similar finding. The research 

suggests that households owning more than 1 car are less likely to make the shift to metro 

usage.  

3. Public bus is more probable to be used nearly equally for all purposes. 

4. The tram is likely to be used for shopping trips by students or commuters who own 2 or 

3 cars. 

 

The obtained node rules from the multinomial classification tree can support the 

development of future public transport systems that would effectively serve commuters in 

Bahrain. Furthermore, these findings could also assist in planning and designing the frequency, 

routes, fare, and other operational parameters of public transport systems, based on the most 

likely users and purposes shown for each mode by the models in this study. Besides, it would 

aid in understanding the complex travel patterns and interrelations between modes better and 

ultimately result in policies and measures that would attract more public transport ridership in 

the future if implemented. 

 

 

7. FUTURE POLICY GUIDELINES 

 

The findings from both models can be combined to conclude some important policy 

measures, which are as follows. Implementation of Metro seems to be appealing for people who 

have driving licences, and own cars, and these travellers are willing to use this mode for their 

work and shopping trips. Previous literature clearly shows that car-ownership [39] and work 

trips [40] are major causes of recurrent congestion. Hence, it is expected that the metro would 

be highly effective in reducing congestion on the roads, especially during peak hours. The 

reason for the preference of metro could be related to its implementation and popularity in 

neighbouring countries, such as Dubai, Qatar, and Saudi Arabia. Hence, another 

recommendation which could be drawn is that travellers are more willing to shift to modes 

which are popular in their region. 

The tram seemed to be the second most preferred mode, especially for shopping trips. In all 

cases, public transportation choice is more likely for longer travel times. In the case of Bahrain, 

which has a relatively smaller area, this could relate to congested commercial areas and the time 

taken to find the parking space. Hence, public transportation modes are more likely to be 

adopted for commercial and business-related areas. Another common trend is the lesser 

probability of choosing public transportation modes by people having a license and/or car, 

which is also intuitive as these items provide more flexibility to the travellers in terms of 

schedule of their trip and will not include any walking or waiting time. Hence, stricter policy 

measures could be required to reduce the tendency for acquiring licences and owning a car. 
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These measures could include enforcing stricter regulations for licences and vehicle ownership 

and increasing the monetary requirements of these processes. The later will also affect the travel 

cost, which is the most influential factor on mode choice found in this study, as well as in other 

regions [32]. However, it should be noted that these policy measures could prove to create 

counterproductive without the provision of efficient, and convenient alternative modes of 

public transportation. 

 

 

8. CONCLUSIONS AND RECOMMENDATIONS 
 

To conclude, this research has concentrated on putting forward the demanding need for the 

development of effective forecasting models for public transport mode choice. Through the 

utilization of two types of models, namely the logit model and the classification tree model, and 

statistical techniques such as AUC ROC method, this study has investigated the most influential 

factors that shape commuters’ behaviour and choices.  

The findings propose critical contributions to the process of constructing solid 

recommendations for a public transport system that would lead to improved transportation 

conditions in the Kingdom of Bahrain and other similar situations in the Gulf region and/or 

with small size countries. This section summarizes the major conclusions obtained from the 

research, which are believed to be a valuable extension to the existing literature on 

transportation planning in Bahrain and provide significant information to policymakers and 

transportation planners worldwide. 

The primary outcomes derived from this research regarding mode choice and public 

transportation in Bahrain as per the available dataset can be distilled in the following points: 

1. Trip cost is identified to be the key predictor governing future mode choice in Bahrain.  

2. Commuters with high socio-economic status are more likely to travel by car than use 

bus services. 

3. Bus services are recognized to be mainly used by students for education-related trips. 

4. Metro is identified to be the top choice of commuters for future public transportation, 

whether as the sole mode or in connection with tram, public bus or both, with a stronger 

preference for the metro and tram combination.  

5. The tram is established as an immensely renowned mode of transportation for trips 

undertaken for shopping and leisure purposes.  

6. Interestingly, commuters who own multiple cars are more likely to choose tram as their 

preferred mode of transportation than those who own none or one only.  

7. The research indicates that direct and quick travel, accessibility, and conveniences play 

a significant role in influencing the choice of transport mode. 

8. When it comes to capturing more complex relationships and multinomial responses, the 

classification tree model surpasses the multinomial logit model.  

 

Based upon the findings of this research, it is recommended to prioritize the implementation 

of public transportation modes which are popular in neighbouring countries, such as the metro. 

The increase in ridership of such modes could be increased when coupled with policy measures 

to discourage acquisition of driving licences and car-ownership through the use of regulatory 

and financial restrictions.  

Various potential research avenues could be investigated to enhance our understanding of 

commuters’ mode choice behaviour in Bahrain. Principally, the following recommendations 

can be considered as possible schemes for future research. Researchers can investigate 
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the influence of other factors, especially qualitative, on mode choice such as comfort, safety, 

and network characteristics. Researchers can also explore the impact of transport measures and 

policies, such as public transport subscriptions, road pricing, parking fees and congestion 

charges on mode choice. Furthermore, the interactions between transportation and health, 

climate change and energy can also be investigated. Lastly, the effect of urban design, such as 

lighting, pedestrian and cycling friendly streets, on the mode choice of commuters in Bahrain 

could also be explored.  
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