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Abstract The aim of this study is to determine the factor affecting the mode choice of travelers in Bahrain, which presents a
unique case due to its smaller area size and current dependence on cars. Hence, the need for promoting sustainable
modes of transportation is critical for the country. The study used 3864 diverse data records extracted from traveler
surveys. This data comprised of revealed preference responses. The variables considered in the modelling included
traveler characteristics, and trip information. The logit model and the classification tree models were used to predict
the mode choice, considering the currently available modes of transportation currently available (Car and Bus). The
accuracy of the models was ascertained through a validation sample collected independently from the initial sample.
Trip cost was the most influential factor on mode choice. Other important variables included direct and quick travel,
accessibility, and convenience. In terms of model performance, the logit model demonstrated higher accuracy than
the classification tree when modeling binary responses. The models and results of this study provide important
conclusions for the transportation authorities, which can be utilized for developing and promoting sustainable
transportation modes in Bahrain.
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Modeling mode choice behaviors of commuters in car-dependent small country
discrete choice models: A case study of Bahrain

Transportation systems in most countries are currently facing serious challenges such as congestion,
accidents, and air and noise pollution (Ortúzar and Willumsen, 2011). These challenges arise due to the
rapid population growth and increase in car ownership levels, which have consequently led the demand for
these systems to surpass the available supply of transportation facilities and services. Therefore, it becomes
necessary to establish efficient policies and to have a thorough comprehension of travel demands, travel
patterns, and driver characteristics for the development of projects that can facilitate and promote the
advancement of transportation systems (Mwale et al., 2022).

Travel forecasting models are a crucial aspect of transportation planning and serve as a measure to
identify the travel needs of cities (Sowjanya et al., 2014). These models consist of a set of mathematical
equations and algorithms which are employed in a stage-wise or activity-based manner to simulate travel
patterns and behaviors (Waghmare et al., 2022). One of the most notable models used for demand fore-
casting in transportation planning is the modal split model. This modeling operation, also known as mode
choice modeling, focuses on predicting and managing the travel demands of different transport modes
in a specific system by determining the key variables affecting the mode choice decision-making process
(Pineda-Jaramillo, 2019).

In the Kingdom of Bahrain, urban development and population growth have resulted in a substantial
increase in car ownership, leading to further congestion on Bahrain’s road network. The number of cars in
Bahrain increased from approximately 400,000 in 2009 to approximately 700,000 at the end of 2019 (Waleed,
2019). This increase, accompanied by scarcity and the near absence of a public transportation system, made
it improbable to navigate through the country without traffic delays, reaching several hours during peak
flow conditions.

Most of the efforts related to transportation modeling and innovative planning ventures are directed
toward large countries and metropolitan cities. Therefore, this research aims to analyse the mode choice
behavior of travelers and determine the factors influencing it in Bahrain. The results of this study are
expected to highlight the uniqueness of travel choices in a country such as Bahrain, which has heavy car-
dependent travel choices and a smaller size and population, where public transport does not seem to be
an economically feasible option. The results could be applied to other countries facing similar challenges.

Literature review
The economic growth of cities, which consequently boosts income and population growth, generates

an increase in both passenger and freight demands, which necessitates the improvement of the current
transportation system to satisfy the new travel demand while maintaining equilibrium (Modi et al., 2011;
Waghmare et al., 2022). Travel demand is defined as the number of persons or vehicles per unit of time
that can be predicted to use a certain segment of a transportation system under specific conditions, such
as availability, quality, and cost (Ortúzar and Willumsen, 2011). Forecasting travel demand is a vital step in
the transportation planning process, and because it is undergoing a continuous increase, more emphasis is
given to understanding its relationship with factors affecting it, including mode choice (Hoel et al., 2011).
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Factors affecting mode choice

Mode choice and its modeling are considered the most prominent aspects of travel demand. In devel-
oping cities, the most commonly available transport modes are private cars, public busses, trains, taxis,
walking, and cycling. Commonly, travelers tend to favor transport modes that fit their preferences and
traveling habits best; thus, the factors that control their decision can be arranged into three categories (Chen
et al., 2013).

These categories are as follows (Ratrout et al., 2014):

• Characteristics of trip makers: These are the socioeconomic and cultural aspects of a traveler, such as
automobile ownership, income, employment, gender, age, and personal desires.

• Characteristics of the trip: Mainly concerning the purpose of the trip, the time of the day at which it is
made, and the land use of the area in which it is made.

• Characteristics of the transport mode or service: travel time, cost, comfort, safety and availability.

Automobile ownership, public-transport availability and land-use are considered to have a larger influ-
ence on travelers’ choice than the other factors mentioned above (Convery and Williams, 2019). Considering
that the accurate prediction of travelers’ mode choice behavior depends on several variables, it is crucial
to select the right and most suitable approach to modeling (Chen et al., 2013).

Distinct mode choice modeling

Transportation planning generally relies on discrete choice models to model travelers’ mode choice
behavior. These models employ the theory of utility maximization and assume that a traveler is most likely
to choose the mode that presents the most benefits to its users (Hillel et al., 2019). The logit model, which
uses simple mathematical techniques, is considered the most widely used distinct approach for mode
choice modeling (Sekhar, 2014). According to this model, the utility function of a mode is demonstrated by
a linear equation that links the factors influencing mode choice as independent variables and the utility of
a particular mode as the dependent variable.

Equation (1) shows the basic form of the utility function for a traveler’s mode choice while Equation (2)
is used to calculate the probability of his/her choice (Puan et al., 2019):

𝑈m = 𝐶 +𝐴1𝑋1 +𝐴2𝑋2…….. + 𝐴i𝑋 i (1)

Where:

C=Constant

Ai= vector of coefficients

Xi=Independent Variables

𝑃mi = 𝑒𝑈mi/(∑ j𝑒𝑈mi) (2)

Generally, based on the number of alternatives included in the model, a logit model can be either of two
forms: The Binary Logit model or the Multinomial Logit model.

The binary logit model is used when commuters have two options of travel modes to choose from. The
probability of choosing mode “A” in a binary logit model can be obtained through Equation 3, which is a
simpler form of Equation 2, while Equation 4 represents the probability of choosing the other alternative
(B) (Puan et al., 2019):

𝑃 A = 𝑒𝑈A/(1 + 𝑒(𝑈A)) (3)

𝑃 B = 1 − 𝑃 A (4)
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Where:

P(A,B) = Probability of choosing mode A, B

UA= usefulness of alternative A

When commuters have more than two modes to choose from, the multinomial logit model is used to build
the utility functions and estimate probabilities as per Equations (1-2) (Puan et al., 2019). The multinomial logit
model is based on the theoretical assumptions that the error elements follow Gumbel distribution rather
than normal distribution, that the error elements for each alternative are comparable and independently
distributed, and that the error elements are similar and independently distributed for each observation
(Hussain et al., 2017).

Machine learning mode choice models

Due to the introduction of new transportation technologies, which allowed a wider range of data collec-
tion and remarkable developments in machine learning research, transportation planners began to explore
more advanced alternative approaches (Hillel et al., 2019). Machine learning is a term used to refer to a
group of algorithms that support computers in mechanizing data and using it to build models. These models
overcome the challenges posed by growing travel demands by detecting statistical patterns (Bhavsar et
al., 2017).

A key machine-learning approach is Decision trees. These nonparametric methods classify data into
groups and model the relationships between features and possible outputs by following a structure identical
to a flowchart or a tree (Pineda-Jaramillo, 2019). The most frequently used decision trees are those that use
binary splits. To compute each split, the data is classified depending on the specified features, and then for
each feature, the possible binary split points were tested (Hillel et al., 2019).

Literature gaps

Most of the above-mentioned literature deals with countries/cities that have various mode choices that
are used by a significant proportion of the population. However, Bahrain is a unique case due to its small
size and dependence on car mode. Understanding mode choice behavior in such conditions is expected
to provide a unique perspective to the research topic. This may also pave the way for the promotion and
development of alternative sustainable transportation systems in Bahrain, as well as other car-dependent
countries.

Data collection
The previous literature on mode choice shows that information concerning gender, age, nationality,

occupation, salary, driver’s license, and car ownership appears in many of the previous studies as predictors
of mode choice (McCarthy et al., 2017; Geng et al., 2016). Additionally, Origin-Destination, current mode, the
purpose of the trip, travel time, and total cost of the trip were also observed to be common features in the
previous studies as well as some recent studies such as by Mohamed and Oke (2023) and Ha et al. (2020).
Hence, these were the factors considered in this study, and their data were collected in the survey. The
details of these variables are given in Table 1. Note that some of the categories for questions needed to be
merged due to the lack of responses, for example, responses for age categories above 45 years.

Table 1
Standardization of data items.

Data Item Description

Gender Binary: Male or Female
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Data Item Description

Age Categorical; “Under 18”, “18 – 25”, “26 – 35”, “36 – 45” or “Above 45”.

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

Origin-Destination Categorical: Capital, Muharraq, Northern and Southern

Occupation Categorical: employee, student, retired, unemployed, and others

Average Salary Continuous

Driving License Binary: Yes or No

Car Ownership Categorical: 0, 1, 2, 3, and 3+.

Purpose of the Trip Categorical: work, education, shopping/leisure, and others.

Travel Time Categorical: “0 – 10”, “11 – 20”, “21 – 30”, “31 – 40”. “41 – 50”, “51 – 60”, “61 – 120” and “120+”.

Total trip cost Continuous

Current Mode Categorical: private cars, car-sharing, bus (public busses, school busses and private bus) and
non-motorized transportation (walking and cycling).

The data for this data was collected through online surveys which resulted in 3864 samples which
could be considered for modelling. From these responses, filtering process was applied to eliminate the
responses without the mode choice or those who had missing data for more than one of the variables. This
step improved data performance by reducing data insufficiencies and streamlining the process. Table 2 and
Figure 1 and Figure 2 highlight the key statistical metrics of the final dataset. The gender representation was
almost equal for males and females in the final dataset. The dataset had higher responses from Bahrainis
from the age group of 18-35 which could be considered an active population for any country. The dominance
of car use among the responses is a true representation of travel mode choice behavior in Bahrain as well
as in other neighboring countries (Mahmood et al., 2022). The responses for other modes were merged into
one category to avoid model bias due to the large dominance of one mode in the choice set.

Table 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%

Travel Mode Car = 71%

Sharing Car = 9%

Bus = 19%

Non-motorized Transportation = 1%
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Figure 1
Origin Data Percentage

Figure 2
Destination Data Percentages

Model building
Data preparation

Table 3 summarizes the scales used for each category. The categorical variables had to be coded as
Minitab was used for modelling which does not take text variables as input for models.

Table 3
Model Variables

Category Variable Scale

Continuous Age Continuous Number*

Travel Time Continuous Number

Trip Cost Continuous Number

Salary Continuous Number

Categorical Gender 1 for males and 0 for females

Nationality 1 for Bahraini, 0 for non-Bahraini

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

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

Current Mode 1 for a car, 2 for Others

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

Occupation 1 for Employees, 2 for students, and 3 for others

Driving License 1 for Yes and 0 for No.

Car Ownership Distinct Numbers (1 - 4)

*The age categories were replaced with the middle or extreme values in the case of the highest or lowest category, respectively.

Journal of Transportation and Logistics, 10 (1): 59–74   64



Modeling mode choice behaviors of commuters in car-dependent small country…   Ghareibeh & Gazder, 2025

The logit model

To develop a binary logit model, several models were built using various variables until an adequate
goodness of fit and accuracy was achieved. The optimal model was selected by evaluating and testing
different variables until the best combination was identified by the software. The proceeding sections
provide more details about this model.

Utility equations

The selected model uses five variables, three of which are of a continuous nature—travel time, trip cost,
and salary—and two categorical variables: trip purpose and occupation. Table 4 presents the resulting utility
functions for Car and Bus. Note that C12 and C19 refer respectively to the trip purpose and occupation. More
details on these variables are presented in Table 3.

Table 4
Utility functions

C12 C19 Car Utility Other Mode Utility

1 1
Y= 0.4280 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 0.4280 + 0.01267 Average Travel Time - 0.9388 Total

Cost of Trip - 0.001054 Average Salary

1 2
Y= 2.111 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 2.111 + 0.01267 Average Travel Time - 0.9388 Total

Cost of Trip - 0.001054 Average Salary

1 3
Y= 1.389 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 1.389 + 0.01267 Average Travel Time - 0.9388 Total

Cost of Trip - 0.001054 Average Salary

2 1
Y= 1.379 - 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 1.379 + 0.01267 Average Travel Time 0.9388 Total

Cost of Trip 0.001054 Average Salary

2 2
Y= 0.3040 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 0.3040 + 0.01267 Average Travel Time - 0.9388 Total

Cost of Trip - 0.001054 Average Salary

2 3
Y= 0.4178- 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 0.4178 + 0.01267 Average Travel Time 0.9388 Total

Cost of Trip 0.001054 Average Salary

3 1
Y= 2.448 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 2.448 + 0.01267 Average Travel Time 0.9388 Total

Cost of Trip 0.001054 Average Salary

3 2
Y= 0.7652 - 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 0.7652 + 0.01267 Average Travel Time 0.9388 Total

Cost of Trip 0.001054 Average Salary

3 3
Y= 1.487 - 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 1.487 + 0.01267 Average Travel Time 0.9388 Total

Cost of Trip 0.001054 Average Salary

4 1
Y= 3.513 - 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip +0.001054 Average Salary
Y’= 3.513 + 0.01267 Average Travel Time 0.9388 Total

Cost of Trip 0.001054 Average Salary

4 2
Y= 1.830 - 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 1.830 + 0.01267 Average Travel Time 0.9388 Total

Cost of Trip 0.001054 Average Salary

4 3
Y= 2.552 - 0.01267 Average Travel Time + 0.9388 Total

Cost of Trip + 0.001054 Average Salary
Y’= 2.552 + 0.01267 Average Travel Time 0.9388 Total

Cost of Trip 0.001054 Average Salary

Probability P(Car) = exp(Y)/(1+exp(Y)) P(Bus) = exp(Y’)/(1+exp(Y’))

Coefficients analysis

By thoughtfully examining the coefficients’ analysis, the importance of each variable in the model can
be assessed. This is accomplished using Wald approximation tests to calculate the Z- and P-values of each
variable. The Z-value computes the ratio between the coefficient and its standard error, indicating whether
its estimate is large and precise (far from 0) or small and too imprecise (close to 0). In Table 5, it can
be concluded that all coefficients have precise estimates that are not statistically equal to 0, since the Z-
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values calculated are sufficiently far from 0. Successively, Minitab uses the Z-value to calculate the P-value,
which is a probability that suggests that there is no association between the independent variable and the
dependent variable. As commonly used in analysis, a 95% confidence level implies that if the P-value is less
than or equal to 0.05, the variable is considered statistically significant. Accordingly, based on the P-values
shown in Table 5, it can be deduced that there is no evidence for the null hypothesis; therefore, all variables
used in the model are significant (Mendenhall et al., 2013).

Table 5
Binary Logit Model Coefficient Analysis

Term Coefficient Standard Error Z-Value P-Value

Constant −0.428000 0.204 −2.100 0.035

Travel Time −0.012670 0.004 −3.030 0.002

Total trip cost 0.938800 0.082 11.420 0.000

Salary 0.001054 0.000 4.330 0.000

C12

2 1.807000 0.674 2.680 0.007

3 2.876000 0.714 4.030 0.000

4 3.940000 1.120 3.520 0.000

C19

2 −1.683000 0.680 −2.480 0.013

3 −0.961000 0.411 −2.340 0.019

Odds ratios

Odds ratios are prominent in statistical analysis because they can be used to measure the odds of an
outcome of interest, occurring with an association to a specific variable. In general, the odds ratios for
continuous variables demonstrate the change in the odds of the dependent variable with a unit increase
in the independent variable, whereas the odds ratios of categorical predictors compare the odds of the
outcome of non-reference categories to that of the reference category. This helps identify the extent of each
variable’s effect on the outcome and assists informed decision-making. Table 6 and Table 7 display the odd
ratios for both continuous and categorical predictors used in the logit model (Kleinbaum et al., 1988). It can
be observed that the greatest impact on the mode choice is due to the change in the trip purpose, especially
when it changes from traveling to work.

Table 6
Odd Ratios for Continuous Predictors

Term Odds Ratio 95% CI

Average Travel Time 0.98 (0.97, 0.99)

Total trip cost 2.55 (2.17, 3.00)

Average Salary 1.00 (1.00, 1.00)

Table 7
Odd Ratios for Continuous Predictors

Reference Level Comparison Level Odds Ratio 95% CI

C12

2 1 6.09 (1.62, 22.84)

3 1 17.74 (4.37, 71.94)
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Reference Level Comparison Level Odds Ratio 95% CI

4 1 51.46 (5.75, 460.47)

3 2 2.91 (0.57, 14.68)

4 2 8.45 (0.95, 74.80)

4 3 2.90 (0.26, 31.36)

C19

2 1 0.18 (0.04, 0.70)

3 1 0.38 (0.17, 0.85)

3 2 2.05 (0.61, 6.84)

Goodness of fit

Predominantly, the goodness-of-fit tests’ results (Table  8) suggest that the model fits the data well,
as both deviance and Pearson’s chi-square tests have a high P-value of 1. This implies that the model’s
estimates are not significantly different from the observed data. However, since the Hosmer-Lemeshow test
has a low P-value of 0, suggesting that there is some evidence of a lack of fit, possibly due to the large
sample size used in the analysis (Kutner et al., 2004; Hadi and Chatterjee, 2015).

Table 8
Binary Logit Model Goodness-of-fit

Test Degree of Freedom Chi square P–Value

Deviance 1387 842 1.00

Pearson 1387 1162 1.00

Hosmer and Lemeshow 8 50 0.00

Therefore, to better evaluate the model’s goodness-of-fit, the normal probability plot and standard
errors vs. fits were generated (Figure 3 and Figure 4). Based on the statistical principles and interpretation
of diagnostic plots, the approximate linear form of both plots suggests that the model has an acceptable
fit to the data and that the linearity assumption between the dependent and independent variables within
the utility functions has been met (Kutner et al., 2004; Hadi and Chatterjee, 2015). Subsequently, despite the
lack of fit provided by Hosmer-Lemeshow test, the other tests and diagnostic plots do not reject the model
generated in this study.

Figure 3
Normal Probability Plot (percentage vs. Residual)
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Figure 4
Residuals vs. Fitted Value Plot (Devers vs. Fits)

Classification tree model

Similar to the logit model, Minitab was used to develop classification tree models. Various trees were
generated using the software algorithm while calculating the misclassification cost (error) of each tree to
determine the number of terminal nodes necessary to achieve the optimal model. Finally, the optimal model
(35 terminal nodes) was identified to account for a misclassification cost of 0.2472, which is within 1 standard
error of the minimum misclassification cost recorded. A simplified view of the classification tree is shown in
Figure 5. More details about the extracted tree are provided in the subsequent figures and text.

Figure 5
Simplified View of Classification Tree
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The model was developed using 3804 responses, 3079 (80.94%) of which belong to Car and the rest for
other mode users, respectively. It consists of 35 decisive nodes (out of which 20 represent Car mode and 15
represent other modes). The following variables were found to be affecting the model predictions, namely
trip cost, car ownership, Origin-Destination, age, gender, purpose of the trip, travel time, driving license,
occupation, and salary. Figure 6 demonstrates the relative variable importance, which is the percentage of
improvement achieved when splits are made on a predictor concerning the top predictor (trip cost).

Figure 6
Relative Variable Importance

Split-half reliability test

The internal consistency of the data is important issue which could greatly influence the model devel-
oped from it. One of the methods to check the internal consistency of the data is Split-half reliability test.
In this test, the available dataset is randomly divided into two subsets and the correlation between each
subset is taken as the measure of consistency. This test also ascertains if the data can be utilized for drawing
generalized conclusions about the larger population (Nunnally and Bernstein, 1994).

This analysis was conducted by dividing the data into two samples. The correlation coefficients for each
item—current mode, travel time, trip cost, and salary—were computed and found to be 0.63, indicating a
moderate to high level of consistency (Nunnally and Bernstein, 1994).

Initial model validation

To evaluate the predictive performance of a model, validation methods are crucial. Therefore, in this
study, to ensure that both the logit and classification tree models were generated with adequate accuracy,
a 10-fold cross-validation technique was used. This method involves dividing the dataset into 10 equal
samples (folds), in which the model is trained on nine and tested on the remaining samples. The process
is then repeated 10 times so that each fold serves as the test sample exactly once. As a result, ten varying
estimates of the model’s performance are generated, and by finding its average for the 10 folds, a more
accurate estimate can be computed (Hastie et al., 2009).

The 10-fold cross-validation analysis conducted on the Logit model resulted in a 10-fold deviance R-sq of
34.24% and a 10-fold area under the receiver operating characteristics (ROC) curve of 0.8837. The area under
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the curve (AUC) receiver operating characteristic curve (ROC) is commonly used to evaluate the performance
of binary classifier models. It measures the model’s ability to distinguish between classes by plotting the
true positive rate against the false positive rate at each threshold value. The area under this plot ranges
from 0 to 1, where a value of 0.5 indicates a model with no predictive power and a value of 1 is considered
perfect (Fawcett, 2006). Therefore, despite the relatively low deviance R-sq, the AUC ROC results suggest that
the binary model has a good predictive power and can accurately distinguish between the two modes (car
and other). In fact, the low deviance R-sq should not necessarily be interpreted as poor performance of the
model, as it is a measure that is highly affected by the sample size and is generally used to compare different
models alongside other measures rather than evaluating the performance solely on its basis (Fawcett, 2006).

For the classification tree, the 10-fold cross-validation analysis demonstrated that the model can accu-
rately distinguish between positive and negative classes for both the training and testing datasets. The AUC
ROC was calculated as 0.9505 for training data and as 0.9236 for testing data. In addition, the percentage of
misclassified cases, which is the overall error rate, is largely insignificant, being as low as 11% for training
and 13.4% for testing.

Validation survey
The validity of the models was enforced by taking a small survey sample and applying the models to the

samples of that survey. 49 diverse responses were collected in this validation survey.

Inputting the data collected from the validation survey into the models, we found that the logit model
surpassed the classification tree with an accuracy of 92% compared to an accuracy of 81% for the latter.
However, it should be noted that the validation sample only consisted of 49 samples; hence, the superiority
of the logit model prediction can be enforced by applying it to a larger sample. Tablo veya Table 9 and
Tablo veya Table 10 summarize the findings of the analysis. The accuracy of both models is satisfactory for
evaluating the relationships between different variables and mode choices.

Tablo veya Table 9
Logit Model Confusion Matrix (Validation Survey)

Actual/Predict Car Other

Car 41 4

Public Bus 0 3

Total Positive 44

Accuracy 92%

Tablo veya Table 10
Classification Tree Model Confusion Matrix (Validation Survey)

Actual/Predict Car Other

Car 37 8

Public Bus 1 2

Total Positive 39

Accuracy 81%

Results and Discussion
Logit model results

After reviewing the odds ratios in Tables 6 and 7, the following summarizes the effects of both continuous
and categorical variables on the transportation decisions. An increase in the travel time reduces the proba-
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bility of choosing car mode over other modes. On the other hand, increased travel costs and salaries increase
the odds of choosing a car over other modes. Trips related to education, shopping, and other purposes lead
to higher odds of choosing a car over other modes compared to work-related trips. Moreover, shopping and
other-purpose trips result in higher odds of choosing a car over other modes than education- related trips.
Employees are more likely to choose a car over other modes than students and Others (unemployed, retired
and others). Students are more likely to choose other modes when compared to others.

According to these observations, it can be concluded that trip cost is the most significant trip-related
factor influencing the mode choice behavior of commuters in Bahrain. Similar findings were noted by (Kumar
et al., 2004) in a study that focused on intercity bus services in India, where travel expenses were found
to harm bus travelers’ utility. Additionally, students have a higher likelihood of traveling by other modes
compared to other occupations, and interestingly, trips that are produced for purposes other than work,
education, and shopping are 51 times more likely to be done by car than work trips. Similar findings have
been reported in previous studies, such as those by Daisy et al. (2018).

Classification tree model results

The node rules extracted from the binary classification tree provided beneficial insights into the attrib-
utes of commuters in Bahrain and their trips, which can be used to improve the effectiveness of current
transportation policies and systems.

Upon reviewing the rules, the following was noticed. Education and work are the primary purposes for
car trips, which are mostly undertaken by commuters who own 1, 2 or 3 cars. Most car trips originate from
the capital city. Other modes are mainly used for educational purposes. Surprisingly, most bus users have
a driving license. This can be attributed to several reasons:

o Having a driver’s license gives individuals the flexibility to choose between different modes of trans-
portation. Some may use a bus to avoid parking problems or high fuel costs but may possess a driving
license as an alternative.

o Young individuals who recently obtained their driving license may still prefer to travel by bus, especially
if they have limited financial resources.

o They may possess a driving license as a job requirement (taxi drivers, bus drivers, truck drivers, etc.)
but cannot financially afford a car for personal use.

Policy implications

These findings lead to some important policy implications that can be used for reducing the dominance
of car use, consequently car ownership, and promoting other sustainable modes of transportation in
Bahrain. More efforts are required to plan and provide cheap modes of transport that can serve longer
distances. In terms of area, the focus should be more on the capital governorate, which also contains the
diplomatic and other business-related areas of Bahrain. The results show that young people, especially
students, and those with lower salaries have a higher likelihood of using other modes. Hence, future
plans should strive to attract high-income people, consequently being older, to use other modes for
their work-related trips. These trips eventually cause recurring congestion on highways (Roy et al. 2020).
Hence, contemporary solutions, such as metro, autonomous mobility-on-demand, and mobility-as-a-service
models, could be more appealing for these types of travelers instead of traditional bus or existing modes
of transportation.
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Conclusions
This research focused on presenting the demanding need for thorough modeling of the current mode

choice in Bahrain. Two types of models used in this research—the logit model and the classification tree
model. The findings of this research provide important contributions to construct solid recommendations
for promotion of sustainable transportation systems in Bahrain and other neighboring countries who face
similar issues of car dominance.

The primary outcomes derived from this research are as follows:

• Trip production is distributed in almost equal proportions among the four governorates.

• The capital governorates most trips for various purposes, including business and diplomatic activities.

• The majority of trips are primarily undertaken for work, followed by shopping and education.

• Trip cost was identified as the most influential factor for mode choice in Bahrain.

• Car is likely to be preferred by commuters with high socioeconomic status.

• The travel time and speed of travel play a considerable role in shaping mode choice decisions; trips by
bus account for longer travel times than car trips.

• Other modes of transport are primarily used by students for education-related trips.

• The accuracy of the logit model in modeling binary responses was proven to outperform that of the
classification tree in predicting the choices in the validation survey.

The findings of this study identified the traveler groups and areas that are the major causes of the
dominance of cars in mode choice. The focus for future planning should be on providing convenient
and contemporary solutions, such as metro, autonomous mobility-on-demand, and mobility-as-a-service
models, for minimizing recurring congestion on roads due to work trips. The findings also show that young
students and people from low-income categories are likely to be more attracted to future alternative modes
of transport. The findings of this study are consistent with those of previous studies. Hence, the recommen-
dations of this study can be applied to a wider scale, especially including the neighboring countries.

On the basis of these findings, several future revenues are recommended to be explored. One recom-
mendation is to extend the analysis to incorporate more qualitative variables, such as comfort, safety, and
network characteristics. Additionally, studying the effects of transport measures on mode choice, such as
public-transport subscriptions, road pricing, parking fees and congestion charges, could provide valuable
insights. Another avenue worth investigating is the connection between sustainable transportation and
other sustainable objectives such as health, climate change, and energy.
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