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Abstract: Amman, the capital of Jordan, has experienced significant traffic congestion due to the rise
in private vehicle ownership and limited public transportation services. A Stated Preference (SP)
survey was conducted to determine public transportation users’ willingness to use the Bus Rapid
Transit (BRT) service. Another survey assessed the demand for an on-demand transit bus service
with flexible and moderate costs, particularly for individuals far from the main BRT stations who
need to reach them. Two models, Multinomial Logit (MNL) and Mixed Logit (ML), were utilized
to understand user preferences for work-related trips. The study findings indicate that the cost of
the trip and the waiting time are the two primary factors influencing public transport users’ choices.
Furthermore, sociodemographic factors, such as age, income, household size, and current status,
were found to have a significant impact. The results reveal that approximately 71% of participants
would utilize an integrated public transportation system comprising BRT and on-demand services.
The findings underscore the potential benefits of an integrated public transport system in addressing
Amman’s traffic congestion. By combining BRT and on-demand services, the city can offer residents
comfortable, affordable, and efficient transportation options, thus effectively mitigating congestion.

Keywords: congestion; public transport service; bus rapid transit; on-demand mobility; stated
preference survey; multinomial logit; mixed logit

1. Introduction

Jordan has a population of approximately 11 million residents, with nearly half resid-
ing in the capital city, Amman [1]. This surge in population has led to a significant upsurge
in the number of registered vehicles in the country. According to a study by the Jordanian
Traffic Department, registered vehicles rose from 1,412,817 in 2015 to 1,677,061 in 2019. This
represents an annual growth rate of approximately 5.5%. Consequently, this increase has
resulted in traffic congestion, amplified levels of air pollution, and escalated emissions of
greenhouse gases, such as carbon dioxide [2].

The issue of traffic congestion has emerged as a significant societal concern in large
metropolitan areas globally. The adverse effects of this phenomenon are significant in terms
of impeding efficient transportation, disrupting urban economic activities, and exacerbating
environmental concerns. In the year 2014, the United States economy experienced a
substantial loss of $160 billion, while in 2011, the environment was burdened with the
emission of over 560 billion pounds of lethal carbon dioxide due to the issue of road traffic
congestion [3,4]. In unpredictable scenarios like traffic congestion, bus vehicle scheduling
must be considered [5]. Efficient transportation infrastructure is pivotal in urban areas,
ensuring the smooth movement of people and goods [6]. Smart cities are becoming crucial
to the progression of urbanization, known as the “next stage urbanization”, due to their
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incorporation of comprehensive digital infrastructure and communication technologies
that enhance the effectiveness of the urban movement [7].

In addition, several alternatives have been implemented to alleviate traffic congestion,
such as the adoption of public transport services, including on-demand services and Bus
Rapid Transit (BRT) systems. These alternatives have proven effective in reducing traffic
jams. On-demand services refer to adaptive transportation services that utilize vehicles
to offer flexible shared transport to passengers whenever and wherever they require it.
For instance, on-demand services connect passengers with drivers using smartphone
applications, known as ride-sourcing.

On-demand, shared mobility services reduce mode choice bias. The research con-
ducted in Lahore, Pakistan, proposes that energy-efficient shared modes like car-sharing,
bike-sharing, and ride-hailing may sometimes replace private car use [8]. When mode
choice decisions are less biased, these shared mobility options can dramatically cut transport-
related energy usage. Sharing options like car-sharing and bike-sharing may boost transport
system energy efficiency. Shared modes may be more efficient in low-density locations
than public transit [9]. This suggests that shared mobility services could supplement public
transit and minimize automobile ownership.

On the other hand, the BRT system provides residents with frequent transportation
services at affordable fares, covering a wide area. As a result, the BRT system is typically
employed in major transportation corridors, while on-demand, shared mobility services are
more suitable for areas with lower demand. In Amman, the Greater Amman Municipality
(GAM) has proposed the implementation of a BRT system to address the issue of traffic
congestion. The BRT system comprises three routes. The first route runs from Swuayleh to
Al Mahattah, the second route spans the Sport City Circle to Al-Muhajereen, and the third
route connects Zarqa to Amman. Each corridor covers a distance of twenty-five kilometers.
The initial phase of the BRT system, which includes the first route, was inaugurated in 2021.
The second route was inaugurated in August 2022, while the third route of the BRT system
is expected to be operational by the end of 2023, with the goal of reducing traffic congestion.
However, it is worth noting that these three corridors are currently not integrated with
other modes of transportation. Therefore, the establishment of connections between these
corridors would greatly enhance the efficiency and convenience of the transportation
services, allowing passengers from surrounding low-demand areas to access the major
corridors easily [10].

Several studies have inquired into how on-demand services could be included in the
BRT system. The BRT system represents a transit bus service that provides efficient and
rapid transportation in terms of travel time and cost. This mode of transportation encom-
passes various features, including dedicated lanes, traffic signal priority, and improved bus
and passenger stations, all of which contribute to enhancing the overall experience for road
users [11].

The current study aims to explore user preferences for Amman’s BRT system and
on-demand transit services in an urban setting. Initially, a Stated Preference (SP) survey was
conducted to assess the willingness and acceptance of public transportation users towards
utilizing the BRT service. Subsequently, an additional survey was conducted to investigate
the demand for an on-demand transit bus service that operates with flexible hours and
offers reasonable costs to facilitate access to the nearest BRT station for individuals far from
the main BRT stations. The data obtained from the SP survey was subjected to rigorous
analysis employing econometric models, such as the Multinomial Logit (MNL) and Mixed
Logit (ML) models.

2. Literature Review

This section presents previous studies on preferences for using BRT, integrating on-
demand and BRT services, and discrete choice modeling, as shown in Table 1.
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Table 1. Previous studies on preferences for using BRT, integrating on-demand and BRT services, and
discrete choice modeling.

Study Approach Location Main Findings

[12] RP India
Students and 30 to 50-year-old men are more

likely to switch to BRT. Increased travel time and
cost contribute to modal shift.

[13] RP Netherlands Micro-transit is not utilized due to inconvenience.

[14] RP Belleville,
Canada

Travelers are unhappy with service waiting time
and reliability.

[15] SP Khon Kaen
City, Thailand

Psychological factors and social influence affect
BRT choice.

[16] SP Riyadh, Saudi
Arabia

Travel costs, walking time, and pricing policies
influence sustainable transport choices.

[17] SP Pakistan Students, low-income people, and non-drivers
use BRT more.

[18] SP Hanoi,
Vietnam

Private vehicle users stick with cars, even with
longer travel distances.

[19] MNL Karachi,
Pakistan

An inverse relationship between trip time and
cost with BRT usage.

[20] MNL Multiple
Locations

BRT service became less appealing with increased
travel time and ticket prices.

[21] MNL Multiple
Locations

Sociodemographic and trip information predict
BRT usage.

[22] SP–RP Surabaya City,
Indonesia

Elderly individuals, larger family incomes, and
non-educated users were more likely to use BRT.

[23] RP–SP Madrid, Spain Pure transfers have a penalty, and overcrowded
transitions increase commuter dissatisfaction.

[24] RP–SP Multiple US
Cities

Integration of ride-sourcing services with public
transportation maximizes transit

infrastructure utilization.

[25] Various
Auckland,
London,

Canberra

Integration of BRT and micro-transit improves
multimodal trips and travel time savings.

[26,27] On-demand
Canberra,
Australia;

USA

On-demand micro-transit services improve transit
services, reduce congestion and lower emissions.

[28] DRT Oberharz,
Germany

Rural users prefer Demand Responsive Transport
(DRT) over the bus.

[29] Paratransit Bangkok,
Thailand Integration of paratransit to reduce congestion.

[30] On-demand USA Suggests tax-free or free on-demand transit
services to encourage usage.

[31] On-demand USA On-demand transit services attract young riders
and increase satisfaction.

[32–34] Logit Various
Locations Logit models assume uniform preferences.

[35] Logit
Quartier Latin

district of
Paris

Pedestrian behavior at crosswalks is influenced
by crossing distances and traffic flow.
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Table 1. Cont.

Study Approach Location Main Findings

[36] Logit San Francisco Micro-transit station distance affects preferences.

[37] Logit Detroit,
Michigan

Male, highly educated travelers willing to use
mobility on-demand (MoD) transit service.

[38] MNL Chicago Public transport users are more likely to choose
flexible transit services.

[39] MNL University of
Michigan

Reducing waiting time and providing last-mile
connections could increase transit use.

[40] ML North
England

ML models compare present services to Demand
Responsive Transport (DRT).

[41] ML New York
City

ML models used to study mobility on-demand
(MoD) service preferences.

2.1. Preferences for BRT

Preference surveys are commonly conducted to investigate how travelers will respond
to an integrated system of on-demand and BRT. There are two types of preference surveys:
the first one is Revealed Preference (RP), and the second is SP. The RP presents real data
and takes into consideration observed variables (i.e., cost of trips), while the SP defines
hypothetical data and includes existing and proposed various mode choice alternatives [42].

Mane et al. (2015) used the RP approach to study the BRT service’s influence on modal
shift in India [12]. Demographic, socioeconomic, and trip-related factors were studied
using a binary logistic model. Students and 30-to-50-year-old men are more likely to switch
to BRT. Increased travel time and cost will contribute to this change.

The RP approach was used in the Netherlands to study older adults’ preferences for
micro-transit services (e.g., carrying small numbers of passengers at a time) [13]. Their
investigation found that micro-transit is not utilized since it is inconvenient compared to
other means of transport.

Zhang et al. (2021) used the RP approach to study Belleville, Canada’s on-demand
transport riders’ happiness and activity engagement [14]. Results revealed that travelers
were unhappy with service waiting time and reliability. Using the RP approach, these
studies used real data to examine users’ preferences for current services.

Multiple studies have used the SP survey to analyze users’ mode choice behavior
preferences. To assess these choices, the SP survey considers total cost, total time (from
origin to destination), and travel time. Using a discrete choice model in Khon Kaen City,
Thailand, the SP survey was used to study how psychological factors affect mode choice
behavior [15]. The results showed that BRT choice behaviors were affected by service
attribute factors (travel time and cost) and perceived social influence.

Youssef et al. (2021) conducted a study using the SP approach to sustainable trans-
port in Riyadh, Saudi Arabia. The study highlights the importance of factors like travel
costs, walking time, and pricing policies in influencing the shift towards more sustainable
transportation choices, with socioeconomic factors having a lesser impact [16].

Another study used the SP survey to analyze what draws Pakistani private car users to
BRT [17]. They examined vehicle ownership, driving license, demographics, travel purpose,
and BRT use. They used descriptive analysis and MNL models. The data showed that
students, low-income people, and non-drivers used BRT more.

Tuan (2015) used the SP approach to study the mode choice models for different
population segments in Hanoi, Vietnam. Private vehicle users tend to stick with their cars,
especially if they have trip chaining or young children in the family. Surprisingly, longer
travel distances do not necessarily lead to a higher shift to public transport [18].

The BRT service became less appealing as travel time and ticket prices increased. The
SP survey design aims to evaluate individuals who use private vehicles, public transport,
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and university shuttle services. This survey examines socioeconomic factors like age,
gender, income, and travel behavior, with an emphasis on the BRT system.

In Karachi, Pakistan, the MNL model revealed an inverse relationship between trip
time and cost parameters with utility [19]. The BRT service had minimal impact on shuttle
riders, as their existing public transportation was fast and subsidized. The Binary Logit
model revealed that consumers’ preferences dropped with rising trip time and cost. BRT
usage was higher among older motorbike riders, females, and those without driving
permits [20]. In another study, linear hierarchical regression analysis revealed that 93% of
users will utilize BRT in the future based on socio-demographic and trip information (e.g.,
gender, monthly income, current mode of transportation, and travel purposes) [21].

MNL models assessed the gender and income of Dhaka workers, which affect BRT
use. The results showed that poor, female, and mature workers use BRT. Most bus riders
who cannot afford higher bus prices will not switch to BRT [43].

An Indonesian BRT service in Surabaya City was assessed using the SP survey of indi-
vidual characteristics, mode qualities, mode availability, and vehicle ownership. According
to the MNL model, elderly individuals, larger family incomes, and non-educated users are
more likely to use BRT, while automobile owners prefer their own vehicles [22].

Researchers use SP–RP approaches to examine BRT preferences to overcome SP and
RP’s drawbacks. For example, socioeconomic and travel data were used to evaluate
interest in the proposed BRT service in Dhaka using RP of the real-time journey and SP
of hypothetical scenarios. Only bus users, young passengers under 30, and low-income
people were more interested in BRT. BRT ridership decreased as travel time increased [19].

Cascajo et al. (2017) used RP and SP approaches to estimate multinomial logit models
in Madrid, Spain. The findings reveal that a pure transfer has a penalty regardless of in-
vehicle duration, walking and waiting time, or congestion. This penalty rises with transfers.
Commuter dissatisfaction rises when overcrowded transitions need more transfers for the
whole route [23].

BRT examined the BRT’s applicability in China utilizing SP–RP survey methodologies
of personal and trip characteristics [20]. Their study used the MNL model and concluded
that females are more likely to use the BRT, and public transit passengers will switch to
the BRT due to bad service. BRT is inversely related to travel time and cost. The RP–SP
survey was used to evaluate Quetta, Pakistan, BRT mode alterations. RP data came from
recent public transit travels, while SP data represented hypothetical BRT travel behavior
attributes. MNL and ML models indicated that trip time and cost are inversely related,
while seat and air conditioning availability positively influence BRT choice [21].

2.2. Integrating Services

Transportation networks should offer well-integrated multimodal services, including
on-demand mobility and micro-transit, to serve users efficiently from their starting point to
their destination. These services combine traditional public transportation with intelligent
applications like ride-sourcing. Micro-transit, utilizing flexible schedules with minibuses
and shuttles, complements fixed public transit, reducing vehicle miles traveled (VMT)
and private vehicle use while enhancing trip planning. Safety and income are crucial
factors affecting implementation [43]. In Manhattan, integrating mobility-on-demand with
other travel modes using MNL models showed that increasing ride-sourcing taxes without
raising fares can boost ridership and reduce VMT [22].

Ride-sourcing apps like Uber have expanded study areas. Several researchers exam-
ined the effects of using Uber instead of public transportation to avoid fixed schedules.
High-income users may use Uber [44]. Additionally, California Uber adoption charac-
teristics were examined. They used Logit models to discuss how Uber could minimize
private vehicle use and improve public transportation in terms of travel time, cost, comfort,
safety, and convenience. Users were willing to use Uber, reducing private automobile
utilization [45].
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Ride-sourcing and public transportation must be integrated. For efficiency and last-
mile connections, the University of Michigan preferred integration [39]. The Discrete Choice
Model was used to examine the data, which revealed that the integration would improve
last-mile transit services. The use of ride-sourcing services with public transportation in the
US was studied to minimize private vehicle use and VMT [46]. About 37% of respondents
struggle to locate parking due to its high cost.

In order to decrease the use of private vehicles, increase mobility, and develop collabo-
ration between the private and public sectors, research examined the opportunities and
challenges of integrating ride-sourcing services with public transportation in seven cities:
Austin, Boston, Chicago, Los Angeles, San Francisco, Seattle, and Washington, DC. The
utilization of transit infrastructure will be maximized by this integration [24].

Micro-transit services are new and gaining popularity. For instance, a study examined
BRT and micro-transit integration at the University of Auckland and University College
London [25]. This study found that integrating these services will improve multimodal
trips, first-mile-last-mile services, and travel time. Canberra investigated integrating high-
frequency buses with hubs or shuttles. The analysis found that this integration might
save travel time by two units without raising cost [25]. Additionally, some studies have
suggested adding on-demand micro-transit services to current transportation systems
to improve transit services. These solutions provide first- and last-mile services, reduce
congestion, and lower emissions [26,27]. Oberharz, Sörensen et al. (2021) examined
Demand Responsive Transport (DRT) to feed the public transportation system. The study
indicated that rural users liked the DRT service better than the bus [28].

The integration of paratransit into Bangkok’s public transportation system has been
discussed to reduce congestion [29]. In the USA, it is suggested that integrating on-demand
transit services with public transportation should be tax-free or offered as a free service [30].
On-demand transit services have shown positive impacts on transportation systems, at-
tracting young riders, with 72% using them for work. Users express high satisfaction due
to readily available information and the ease of nighttime travel, potentially leading to
increased income [31].

2.3. Discrete Choice Modeling

Discrete choice models describe and predict travel mode choices (e.g., private cars,
public transportation, taxis) for reaching destinations.

Discrete choice models use travel demand models with quantitative parameters like
time, cost, and socioeconomics. These models focus on sociodemographic data without
incorporating people’s attitudes, opinions, and decision-making [47]. On the other hand,
Random Utility Maximization (RUM) models like Logit models use observable variables.
RUM is a fundamental concept in discrete choice modeling, which is used to analyze and
predict individuals’ choices among different alternatives when faced with decision-making
situations. RUM models are commonly used in various fields, including transportation,
economics, and marketing. The basic idea behind RUM is that individuals make choices by
maximizing their utility or satisfaction, but this utility is not entirely deterministic. Instead,
it has a random component that reflects the variability in individual preferences and
decision-making processes. Utility, randomness, maximization, and probability of choice
are the key components of the RUM [48,49]. Thus, such models showed that everyone has
the same preference [32–34]. To avoid evaluating the same choice preference for all users
without addressing their attitudes in decision-making, choice models needed observable
values [33].

The logit model uses observable variables without addressing decision-making at-
titude. This model examined pedestrian behavior at crosswalks by analyzing crossing
distances, traffic flow, and the presence of crossing control devices. It concluded that the risk
of accidents at crosswalks is affected by pedestrians’ decisions in their prior crossings [35].
Another study examined San Francisco users’ opinions on a new micro-transit service.
Logit models showed that micro-transit station distance inversely affects preferences [36].



Urban Sci. 2023, 7, 111 7 of 24

Logit models also indicated that male, highly educated travelers are willing to use the
proposed mobility on-demand (MoD) transit service in Detroit and Ypsilanti, Michigan [37].
This study will determine BRT and MoD mode choice preferences using logit models.

Logit models are extended to focus on relationships between more than two categories
in MNL models. MNL was utilized in several studies to examine service preferences. For
instance, an SP study in Chicago using MNL models indicated that public transport users
are more likely to choose flexible transit services than car users [38]. Another study studied
University of Michigan RP and SP surveys using MNL models to uncover consumers’
opinions on the proposed integrated transit system and concluded that reducing waiting
time and providing convenient last-mile connections could increase transit use [39].

This study will use the MNL model to identify service preference factors. MNL models
have limitations. They are still used in studies when their assumptions align with the
research objectives and when data availability and simplicity are important considerations.
Researchers may use them as a practical starting point for understanding choice behavior
before exploring more complex models that can better capture preference heterogeneity
and interactions among attributes. Since the MNL model assumes the same preference
structure across people, ML models explain taste variation since heterogeneous preferences
would lead to biased estimates and inaccurate predictions. An SP survey in North England
compared present services to DRT, a new service utilizing ML models [40]. Another study
employed an SP survey to understand New Yorkers’ MoD service preferences. MoD ride-
hailing, ride-sourcing pooling, and micro-transit services with capacities 1, 4, and 10 were
used. For example, agencies could raise fares if capacity is 1 and offer discounts if the
service is shared to boost transit ridership [41].

MNL models are used to study generic user preferences on the assumption that
all users are identical. Instead of being identical, ML models utilize users’ preference
heterogeneity to determine responders’ choices.

2.4. Current Situation in Amman, Jordan

Amman faces significant challenges due to its inadequate infrastructure and lack of
efficient and convenient transit systems. According to a study, these issues can be summa-
rized as follows: during peak hours, the waiting time for public transportation was reported
to be between 12 and 23 min, primarily due to the high volume of traffic [50]. Additionally,
there was a shortage of public transport coverage in certain areas and limited routes. Fur-
thermore, the operating systems of public transport were not properly scheduled, causing
further inconvenience to commuters. Another perspective, highlighted by Hurr & Tashman
(2019), emphasized that the VMT for private vehicles exceeded that of public transport,
leading to increased fuel consumption and environmental problems [51]. This highlights
the importance of improving public transit, such as expanding services to suburban regions,
to encourage travelers to switch from private vehicles to public transportation.

2.5. Remarks

Previous studies have indicated that users are inclined to shift towards the BRT service
when the cost and travel time are moderate. However, no studies have been conducted
in Jordan to explore user preferences towards the BRT and Origin-Destination Surveys
(ODS). This study aims to address these gaps by conducting SP surveys to investigate users’
preferences for using the BRT service, particularly when integrating it with shared mobility
options as feeder services to the nearest BRT station. It is important to note that the BRT is
now working on the first two routes, shown in Figure 1.

The findings of this study will provide valuable insights for decision-makers to en-
hance the BRT services in Amman.
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3. Survey Design and Data Collection

The BRT system in Amman is regarded as a recent addition to the public transportation
network. However, it is currently operating on the first two routes. Conversely, on-demand
shared mobility services are not yet accessible in Amman. A survey was conducted using
SP methodology to assess the acceptance and willingness to utilize the BRT system, and
on-demand shared mobility services in Amman. In this regard, choice experiments were
employed to evaluate various hypothetical scenarios associated with the utilization of the
BRT system and on-demand shared mobility services.

3.1. Survey Design

An SP survey was designed to obtain respondents’ perceptions of using BRT and
on-demand shared mobility services. This survey consists of five sections: socioeconomic
characteristics, daily trip information, public transport, shareability with intelligent trans-
portation applications, BRT, and hypothetical scenarios related to merging more than one
mode of transport and linking them together.

The Jordan University BRT station holds significant importance within the BRT system
due to its proximity to the University of Jordan, resulting in high user demand. This
selection makes it an ideal station for designing hypothetical scenarios. To analyze the
travel patterns in Amman, the average travel distance from the origin to the destination was
determined to be 9 km [52]. To gather data on private vehicles, Google Maps applications
were used by inputting the origin and destination points, allowing for the measurement
of distance, In-Vehicle Travel Time (IVTT), Waiting Time (WT), and fuel consumption and
maintenance costs. Ride-sourcing services data were collected from the Ride-Sourcing
(e.g., Uber) application by entering the origin and destination points and measuring the
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distance, IVTT, WT, and cost. The BRT data used in the analysis were obtained from GAM
(Greater Amman Municipality). Lastly, the bus on-demand data were calculated based on
previous studies. On-demand shared mobility service trips, also known as Micro-transit,
took approximately 2–4 min longer than private vehicle trips [53]. The cost for these trips
was assumed to be 0.55 JD, the same as the BRT cost, and the waiting time for this service
was estimated to be 9 min based on available data.

The five modes are categorized into upper, middle, and lower levels. Three are
considered hybrid services: Private Vehicle (PV) when integrated with BRT, Ride-Sourcing
when integrated with BRT, and Bus on-Demand (BoD) when integrated with BRT. This
design aims to determine users’ preferences for work and study trips. Five sets of choices
were presented to each respondent, e.g., Private Vehicle (PV), Ride sourcing (RS), Private
Vehicle (PV) + BRT, Ride sourcing (RS) + BRT, and Bus on demand (BoD) + BRT. Each
choice set consists of five alternatives based on the following attributes: distance, IVTT, WT,
and cost.

The choice sets were based on key attributes essential for understanding mode prefer-
ences. The values (levels) for these attributes in the choice sets were determined using a
carefully calculated approach. The attribute levels were calculated based on an average
distance of 9 km. The lower distance was multiplied by 0.5, resulting in 4.5 km, and the
upper distance was multiplied by 1.5, resulting in 13.5 km. The IVTT, WT, and cost were
calculated using the same procedure as the JU calculation but with the lower and upper
distances. The final data obtained from designing the survey are summarized in Table 2,
and Figure 2 represents an example of a choice set presented to the survey respondents.

Table 2. Survey modes, attributes, and attributes levels.

PV Ride-Sourcing PV + BRT Ride-Sourcing + BRT BoD + BRT

Distance (km) 4.5, 9, 13.5 4.5, 9, 13.5 4.5, 9, 13.5 4.5, 9, 13.5 4.5, 9, 13.5

IVTT (min) 9, 21.5, 22.5 10, 21.5, 27.5 11.4, 19.3, 22.8 11.4, 21.8, 24.3 15.4, 23.3, 26.8

WT (min) - 2, 3, 4.5 2.5, 2.5, 2.5 4.5, 5.5, 8 7, 9.3, 11.5

Cost (JD) 1.3, 1.6, 1.9 1.63, 3, 3.34 1.77, 1.8, 1.86 1.8, 2.4, 3 0.83, 0.96, 1.1
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3.2. Sample Size

Based on the rule-of-thumb Equation of

n = (500 c)/ta = 125 (1)

where
n: Minimum sample size required
c: Number of analysis cells
t: number of tasks
a: number of alternatives per task
However, the rule of thumb justifies the sample size of 125, that are too small, so the

sample sizes used for discrete choice modeling obtained from previous studies generally
range from about 150 to 1200 respondents [54]. In our study, 708 respondents completed
the survey within the range of a suitable sample size for modeling.

3.3. Data Description

To obtain a deeper understanding of the perceptions held by respondents regarding
BRT in its current state and the potential integration of on-demand mobility services, we
collected the following data from the participants:

Sociodemographic and socioeconomic characteristics: gender, age, household size,
education, driving license ownership, car ownership, income, current status, and disability
are included if they exist.

Travel history information: trip duration, trip purpose, modes of transportation,
parking availability, and parking fees are included in travel history information.

Public transportation information includes the citizen’s opinions on the current public
transportation.

BRT information includes the citizen’s knowledge about the BRT if they can use it or
not, the main mode to reach BRT stations (e.g., feeders), the main determinants of not using
the BRT, and scenarios to be chosen based on the current situation for these attributes, i.e.,
WT, IVTT, and cost.

Scenarios related to merging more than one mode of transport and linking them to
each other.

Attitudinal statements questions about public transportation. Respondents were asked
about their attitude to five statements using a five-point Likert scale ranging from strongly
agree to not strongly agree, as shown in the Questionaire S1.

3.4. Data Collection

The survey was distributed online to the participants of Jordan between 7 December
2021 and 15 January 2022. Responsive sampling was used. This method involves delib-
erately selecting participants based on specific criteria that are relevant to the research
objectives. Researchers choose respondents who are likely to provide valuable insights into
the stated preferences being studied.

The survey was conducted utilizing the QuestionPro platform, with an average time
of 15 min. It was found that some of the respondents completed the survey in remarkably
short time. For example, there were respondents reported to have taken as short a time as
three minutes. In contrast to this, there were other respondents who took over 200 min to
complete the survey.

On the other hand processing and cleaning the raw data is an important thing in order
to have a relatively precise data, data were filtered by removing the following (Geržinič
et al., 2023):

• Respondents with in-completed tasks;
• Respondents who answer the survey much faster than the average time required to

complete the survey;
• Responses with patterns like a straight line or zig-zag in answer options.
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A total of 1232 respondents participated in the initial survey, which was subsequently
refined to 708 participants after the application of data filtering techniques.

4. Methodology

The SP survey was analyzed to investigate the user service preferences and perceptions
toward integrating BRT and on-demand mobility services. All models were estimated using
the PandasBiogeme package in Python, which used the maximum likelihood estimation
technique [55]. Two discrete choice models analyze the user’s preferences toward mode
choice. The first is to have an overview of the current mode of transportation used, and
the other is to understand the preferences toward integrated public modes. Two models
used were MNL and Mixed Logit (ML). The variables used in these models are defined
and summarized in Table 3.

Table 3. Description of model variables.

Variable Definition Variable Definition

Choices
for the current

situation scenario

1. if the preference for Private Vehicles
2. for Ride-Sourcing

3. for Ride-Sourcing and BRT
Driv. lic.

1. if the user has a driver’s license
2. if the user does not have a

driver’s license

Choices
for the integration
situation scenario

1. if the preference for Private Vehicles
and BRT

2. for Ride-Sourcing and BRT
3. for Bus on-demand and BRT

4. for Private vehicle

Number Veh.

1. if the user does not have a vehicle
2. if the user has one vehicle

3. if the user has two vehicles
4. if the user has three or more vehicles

Gender 1. male user
2. female user Income

1. if the user’s income is low (<499 JOD)
2. if the user’s income is medium

(500–1499 JOD)
3. if the user’s income is high (1500 JOD

or more)

Age

1. for young users (18–24)
2. adult users (25–44)

3. middle-aged users (45–64)
4. senior users (65 and above)

Education Lev.

1. if the user has a high school certificate
2. if the user has a Diploma certificate

3. if the user has a Bachelor’s certificate
4. if the user has a

Postgraduate certificate

Household size

1. two or fewer family members
2. three or four family members

3. five or six family members
4. six or more family members

Current Status

1. if the user is a student
2. if the user is an employee
3. if the user is a housewife

4. if the user is retired

Disabilities 1. user with a disability
2. user without disability

Average Daily
Trips

1. if the average daily trips are low
2. if the average daily trips are medium

3. if the average daily trips are high

Travel Time

1. for less than 10 min travel time
2. for 10–20 min travel time

3. 21 min to 39 min
4. for 40–60 min travel time

5. larger than 60 min travel time

Major

1. if the trip is for work
2. if the trip is for studying
3. if the trip is for recreation

4. if the trip is for other purposes

Trans Mode
1. if one mode is used

2. if two modes are used
3. if three or more modes are used

Main Modes

1. if the user travels by walking
2. if the user travels by private vehicle

3. if the user travels by
public transportation

4. if the user travels by
Ride-sourcing services

5. if the users travel by taxi.
6. if the users need more than one mode
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Table 3. Cont.

Variable Definition Variable Definition

Parking
1. if the parking available with fees

2. if the parking is available without fees
3. if the parking is not available

IVTT

IVTT_PV
IVTT_Ride-Sourcing

IVTT_BRT
IVTT_PvBRT

IVTT_Ride-Sourcing_BRT
IVTT_BoDBRT

IVTT_PV

WT

WT_PV
WT_Ride-Sourcing

WT_BRT
WT_PvBRT

WT_Ride-Sourcing_BRT
WT_BoDBRT

WT_PV

Cost

Cost_PV
Cost_Ride-Sourcing

Cost_BRT
Cost_PvBRT

Cost_Ride-Sourcing_BRT
Cost_BoDBRT

Cost_PV

4.1. Multinomial Logit Model (MNL)

The MNL model estimates the coefficients in the utility functions and identifies the
user’s and trip characteristics in mode choice [56]. In this study, MNL is used to investigate
the factors affecting the service’s preference for the given alternatives of transportation
modes. However, although MNL gives the basic parameters of the mode choice, it is weak
in assuming an identical population, and the estimation does not account for heterogeneity
and correlation among individuals.

4.1.1. MNL for the Current Transportation Conditions

This study presents the results of the Multinomial Logit (MNL) model, which analyzes
transportation choices based on various parameters. Table 4 summarizes the MNL model
specifications under the current transportation conditions, including parameters related to
different transportation modes. The parameters include ASCpv, ASCRide-Sourcing, βAge,
βIncome, βCurrent_Status, βNumber_Veh, βMain_Mode, βParking, βIVTT, and βCost,
each with corresponding variables. This table outlines the variables: private vehicle (PV),
ride-sourcing, and bus rapid transit (BRT) options.

Table 4. MNL model specifications based on current transportation conditions.

Parameter
Variables

Private Vehicle Ride-Sourcing BRT

ASCpv 1 - -

ASCRide-Sourcing - 1 -

βAge 2 1 1

βIncome 3 2 1

βCurrent_Status 2 1 1

βNumber_Veh - 1 1

βMain_Mode - - 3

βParking 1 - 3

βIVTT IVTT_PV IVTT_Ride-Sourcing IVTT_BRT

βCost Cost_PV Cost_Ride-Sourcing Cost_BRT
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4.1.2. MNL for the Proposed Scenarios of Integrating Modes

This section presents the MNL model specification for the proposed scenarios, as
shown in Table 5. The table outlines various parameters and their corresponding variables,
crucial for the study analysis.

Table 5. MNL model specification for the proposed scenarios.

Parameter

Variables

Public Modes Private Mode

PV_BRT Ride-Sourcing_BRT BoD_BRT PV

ASCPV_BRT 1 - - -

ASCRide-Sourcing_BRT - 1 - -

ASCBoD_BRT - - 1 -

βGender - - - 1

βAge 3 1 1 2

βIncome 3 1 2 3

βEducation_Lev 2 4 1 1

βCurrent_Status 2 3 1 3

βNumber_Veh 2 1 1 2

βMain_Mode
-
- 4 3 2

βWT WT_PvBRT WT_Ride-SourcingBRT WT_BoDBRT WT_PV

βCost Cost_PvBRT Cost_Ride-
SourcingBRT Cost_BoDBRT Cost_PV

4.2. Mixed Logit Model (ML)

The ML model is used to find the random taste variation of choices provided to respon-
dents by taking into account the preference heterogeneity of users in which the coefficients
of the attributes varied randomly rather than being identical for all users [57]. The ML
model used two additional coefficients in addition to the coefficients used in the MNL
model, which are the standard deviation of the distribution of the two random parameters.

The choice of modeling approach depends on the specific research questions, the
nature of the data, and the goals of the study. Other models like Nested Logit, Probit,
or more advanced choice models like Latent Class Choice Models or Mixed Logit with
more complex structures may be appropriate for different research questions or data
characteristics. In the case of the current research, MNL and ML were likely chosen because
they provided a suitable balance between model complexity and the ability to capture the
essential aspects of public transportation mode choice in Amman. The MNL model was
selected for its simplicity and ability to estimate coefficients in utility functions, shedding
light on the factors influencing mode choices for public transportation users. MNL’s
ease of interpretation and its role as a benchmark model in transportation studies make
it a valuable starting point for understanding the average behavior of the population.
However, acknowledging the limitations of MNL, particularly its assumption of identical
preferences among all individuals, the researchers also employed the ML model. ML was
chosen because it accommodates preference heterogeneity, recognizing that individuals
may have diverse mode preferences. By allowing for random variation in coefficients, ML
captures the richness of individual choices and accounts for correlations and heterogeneity
among users. The additional parameters introduced by ML, such as standard deviations
of random parameters, provide a deeper understanding of the variation in preferences
within the population [58]. Thus, the use of MNL and ML in this study not only helps
identify the factors influencing mode choice but also accounts for the diversity of user
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preferences, ultimately guiding the development of effective transportation policies to
alleviate Amman’s traffic congestion.

4.2.1. ML for the Current Transportation Conditions

As shown in Table 6, the Study analysis includes parameters related to Private Vehicle,
Ride-Sourcing, and Bus Rapid Transit (BRT). When considering the ‘βIncome’ parameter,
it is evident from the table that Private Vehicle and Ride-Sourcing exhibit higher values
compared to BRT, indicating a potential relationship between income and mode choice.

Table 6. ML for the current transportation conditions.

Parameter
Variables

Private Vehicle Ride-Sourcing BRT

ASCpv 1 - -

ASCRide-Sourcing - 1 -

βAge 2 1 1

βIncome 3 2 1

βCurrent_Status 2 1 1

βCurrent_Status_S 2 1 1

βNumber_Veh - 1 1

βMain_Mode - - 3

βMain_Mode_S - - 3

βParking 1 - 3

βCost Cost_PV Cost_Ride-Sourcing Cost_BRT

4.2.2. ML for the Proposed Scenarios of Integrating Modes

This research explores integrating various modes of transportation in the proposed
scenarios. As shown in Table 7, we consider various variables, including Public Modes,
Private Mode, and different parameters.

Table 7. ML for the proposed scenarios of integrating modes.

Parameter

Variables

Public Modes Private Mode

PV_BRT Ride-Sourcing_BRT BoD_BRT PV

ASCPV_BRT 1 - - -

ASCRide-Sourcing_BRT - 1 - -

ASCBoD_BRT - - 1 -

βGender - - - 1

βAge 3 1 1 2

βAge_S 3 1 1 2

βIncome 3 1 2 3

βEducation_Lev 2 4 1 1

βCurrent_Status 2 3 1 3

βNumber_Veh 2 1 1 2

βMain_Mode - 4 3 2

βAverage_Daily_Trips 1 1 1 2
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Table 7. Cont.

Parameter

Variables

Public Modes Private Mode

PV_BRT Ride-Sourcing_BRT BoD_BRT PV

βWT WT_PvBRT WT_Ride-SourcingBRT WT_BoDBRT WT_PV

βWT_S WT_PvBRT WT_Ride-SourcingBRT WT_BoDBRT WT_PV

βCost Cost_PvBRT Cost_Ride-
SourcingBRT Cost_BoDBRT Cost_PV

βCost_S Cost_PvBRT Cost_Ride-
SourcingBRT Cost_BoDBRT Cost_PV

5. Results and Discussion

This section presents the results obtained from the survey and the model.

5.1. Survey Results

The survey results indicated that 30% of respondents could use the BRT in the current
situation, but when providing integrated services to feed the BRT stations, the percentage
rose to 70%. In addition, the sociodemographic characteristics obtained from the survey
respondents showed that the sample is close to the Jordan population, as presented in
Table 8.

Table 8. Description of the observed variables and Jordanian population.

Variable Level Sample (%) Jordanian Statistics (%)

Gender
Female 49% 53%

Male 51% 47%

Age

Young (18–29) 38.7% 33.5%

Adults (25–44) 46.8% 36.7%

Middle-age (45–64) 14.1% 23.3%

Old (65 and above) 0.4% 6.6%

Family members

Two or less 8.8% 16%

Three or four 35.9% 28.9%

Five or six 36.9% 34.1%

Six and more 18.5% 21.1%

Income

Low (<499 JD) 22% 17.1%

Medium (500–1499 JD) 50.9% 66.4%

High (>1500 JD) 19.6% 16.5%

Education

Secondary school 1.7%

N.A

Tawjihi (General
Secondary Education

Certificate Examination
in Jordan)

10.7%

Diploma 12.4%

Bachelor 57.8%

Higher education 17.4%

The average daily trip data revealed that approximately 34% of respondents reported
trip durations falling within the 20 to 40 min range. Interestingly, respondents expressed
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a willingness to embrace public transportation services, provided they offer comfort and
reliability, as this could significantly alleviate traffic congestion. Conversely, the same
respondents cited several key factors that discourage them from using public transportation.
These included the unreliability of services, the absence of well-defined schedules, and
the availability of alternative, more comfortable transportation options. Furthermore,
respondents highlighted potential solutions to mitigate traffic congestion. They proposed
the provision of buses for commuting to work or university, ridesharing arrangements with
others, the adoption of flexible working hours, and the integration of public transport with
ride-sourcing services as promising strategies to address the issue.

Another point was found from the results that the preference to use ride-sourcing
services rather than taxi services due to the ability to follow the driver, knowing the travel
time needed, the possibility to pre-order trips, and knowing the cost in advance.

The respondents showed that the BRT serves only 30% of the users since it is still
under its soft operation, so the coverage area is considered low, making it challenging to
reach BRT stations. Therefore, PV was the primary mode to reach BRT station, followed by
walking, public transportation, and ride-sourcing services. The users also preferred to use
BRT in the summer and spring seasons.

The proposed scenario of integrating more than one mode of transportation services
showed that the respondents highly accepted this idea in reducing the cost of trips, enhanc-
ing public transportation and conversation, and creating jobs for young people.

5.2. Model Results

The results of the mode of transport, for example, Private Vehicles, BRT, or ride-
sourcing based on the obtained work-based trips, revealed that about 64.4% of the partici-
pants used private vehicles. This reflects the current situation in Jordan, as using private
vehicles is affordable, and the flexibility allows users to make secondary trips easily. On
the other hand, about 21.3% of the participants used Ride-sourcing services. This could be
referred to as the fact that this service has flexible schedule trips, comfort, and reliability.
On the other hand, the BRT service was selected by 14.3%, which indicated that few people
were attracted to the BRT service under the existing situation of the soft operation of BRT.

According to the current situation in Jordan, public transportation services suffer from
several barriers related to accessibility, flexibility, affordability, reliability, and convenience.
So, to increase the ridership of public transportation, new services are suggested to connect
and integrate with BRT. It was found that when integrating the BRT with other modes
of transportation, the percentage of mode choice increased to 70.8%, classified as 32.1%
when integrated with private vehicles and providing parking services; about 20.3% when
integrated with ride-sourcing services; almost 18.4% when integrated with on-demand
mobility services; and about 29.2% of users still preferred to use their private vehicles,
and these users preferred to use their vehicles since they have secondary trips. Under the
existing transportation services, most of the participants who chose private vehicles held
a driving license, with a percentage of 93.2%. Moreover, private vehicles were chosen by
highly educated participants, with a percentage of 78.3%. On the other hand, participants
who chose ride-sourcing services were employers, with a percentage of 65.6%.

After integrating BRT with other modes of transportation, participants who chose the
BRT service were employers with a percentage of 70.2%. Also, participants who chose BRT
held a driving license with a percentage of 83.3%. Finally, participants who chose private
vehicles were graduate and postgraduate degree users, with a percentage of 74.6%.

5.2.1. Model Estimation

All models were estimated using the PandasBiogeme software package in Python,
which used the maximum likelihood estimation technique to find the optimal way to
fit a distribution to the data [55]. This study used the MNL model as a starting model,
considering it simpler. The ML model was used after the MNL to test the taste variation
of variables.
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The T-test is a type of inferential statistics based on the t-distribution of the bell-shaped
curve, which is used to test if there is a significant difference between the means of groups.
The t-test is used in this study since the variance is unknown and the sample size is large.

The general preference based on the Associated Constants (ASCs) under the current
situation was for private vehicle alternatives followed by ride-sourcing and ride-sourcing
with BRT, respectively. This might be related to the soft operation of the BRT and the
flexibility of using PVs in which the user can make secondary trips easily. Figure 3 shows
how observable factors affect the scenario. The Associated Constants (ASCs) preferred
private vehicles, ride-sourcing, and ride-sourcing with BRT. This might be related to the soft
operation of the BRT and the flexibility of using PVs in which the user can make secondary
trips easily.
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The parameter estimates of the MNL and ML models for the current situation are pre-
sented in Table 9. Based on the sociodemographic characteristics, affluent adults were more
likely to prefer private vehicles in employment. On the other hand, ride-sourcing services
were more likely to be preferred by young students with average incomes. Moreover, the
BRT service was more likely to be preferred by young students with low incomes. Public
transportation users were generally more willing to use the BRT service. Another point
related to car ownership is that the users who do not own a private vehicle were more
willing to use ride-sourcing and BRT services. Also, the unavailability of parking was one
of the reasons for choosing the BRT.
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Table 9. Estimated parameter for MNL and ML models (Current public transport).

Model Parameter
Choice

MNL ML

Estimate Robust t-Test p-Value Estimate Robust t-Test p-Value

ASCPV 2.279 7.937 1.999 × 10−15 (***) 2.492 7.989 3.995 × 10−13 (***)

ASCRide-sourcing 1.882 7.677 1.643 × 10−14 (***) 2.019 7.357 2.199 × 10−12 (***)

βAge 0.314 2.908 3.643 × 10−3 (*) 0.375 2.683 6.088 × 10−3 (*)

βIncome 0.240 2.037 4.168 × 10−2 (*) 0.336 2.211 2.427 × 10−2 (*)

βCurrent_Status 0.344 2.669 7.603 × 10−3 (*) 0.489 2.204 1.585 × 10−2 (*)

βCurrent_Status
SD - - - 1.607 2.611 4.92 × 10−3 (*)

βNumber_Veh 1.072 3.878 1.055 × 10−4 (*) 1.452 3.635 1.541 × 10−4 (*)

βMain_Mode 1.862 5.497 3.845 × 10−8 (**) 1.944 5.108 4.076 × 10−7 (**)

βMain_Mode
SD - - - 0.683 1.302 1.364 × 10−1

βParking 0.436 2.637 8.354 × 10−3 (*) 0.550 2.654 6.792 × 10−3 (*)

βIVTT −0.179 −0.299 7.639 × 10−1 - - -

βCost −2.035 −2.371 1.78 × 10−2 (*) −2.422 −4.978 2.235 × 10−2 (*)

βCost
SD - - - 0.963 1.225 1.1 × 10−1

SD represents the standard deviation; * indicates statistical significance at a significance level of 0.05. ** indicates
moderate statistical significance. *** indicates highly statistical significance.

The cost parameter for all modes has a negative sign in both models, representing an
inverse relationship with a preference; the more the cost, the less the users choose. Again,
this is consistent with what was found in previous studies.

The problems related to the connectivity and low coverage areas of public trans-
portation were the main reason for the proposed model, which is to have integrated and
connected modes of public transportation. The general preference based on the ASCs was
for PV with BRT followed by ride-sourcing with BRT, then followed by BoD with BRT
compared to a fixed constant of private vehicles.

The parameter estimates of MNL and ML models for the integration services are
presented in Table 10. Based on the sociodemographic characteristics, PV with BRT was
more likely to be preferred by the employer middle-aged with high income who had a
diploma certificate. Ride-sourcing with BRT was more likely preferred by young and low-
income users with postgraduate degrees. BoD with BRT was more likely to be preferred
by young students who live in a family with an average income. Males and housewife
users who live in a family with a high income were more likely to prefer their own private
vehicles. The availability of private vehicles has a significant effect on the choice; the users
who live in a family without a private vehicle selected the choices of Uber and BoD with
BRT, while the users who live in a family with one vehicle selected, such as private vehicles
and private vehicles with BRT when parking is provided (Figure 4).

The average daily trips also significantly impacted the choices; when the trips were
considered low, the preference for public modes was high, but when the trips were high, the
preference for private vehicles was high since the users could make secondary trips easily.

Cost and WT parameters were highly significant, with an inverse relationship with
the preference. The selection of a mode decreases as the cost increases. The same applies to
the WT. Conversely, when the WT is high, the mode is least selected.
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Table 10. Estimated parameters of MNL and ML models (After integration).

Parameter
MNL ML

Estimate Robust t-Test Estimate Robust t-Test

Choice Model

ASCPV_BRT 0.816 4.882 0.919 5.001

ASCRide-sourcing_BRT 0.926 4.519 1.073 4.418

βAge 0.308 3.632 0.268 2.356

βAge
SD - - 0.962 1.615

βIncome 0.254 2.474 0.277 2.496

βCurrent_Status 0.219 2.054 0.242 1.988

βEducation_Lev 0.320 2.493 0.349 2.519

βNumber_Veh 0.229 2.017 0.255 1.997

βMain_Mode 0.417 3.318 0.418 3.075

βWT −0.542 −2.661 −0.512 −2.299

βWT
SD - - 0.655 1.185

βCost −1.868 −4.277 −2.288 −3.965

βCost
SD - - 0.956 1.346

SD represents the standard deviation.
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5.2.2. Model Performance

Table 11 shows the outcomes of MNL and ML under existing transportation modes
and integrated transportation modes. In the existing transportation modes scenario, the
MNL model demonstrates a higher model fit and rho-squared value of 0.367 compared
to the ML model, which has a rho-squared value of 0.355. First, it is important to note
that pseudo R-squared values in logit analysis tend to be considerably lower than the
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R-squared values in ordinary regression analysis. This is because the nature of logistic
regression is different from linear regression, and the concept of R-squared does not directly
apply. Instead, logit models use pseudo R-squared values as a measure of goodness-of-fit.
According to (Kusumastuti & Nicholson, 2017), a pseudo R-squared value between 0.2 and
0.4 can be considered equivalent to an R-squared value between 0.5 and 0.8 in ordinary
regression analysis.

Table 11. Models outcomes.

Performance Measures
Existing Transportation Modes Integrated Transportation Modes

MNL ML MNL ML

Rho-square-bar 0.367 0.355 0.231 0.314

Initial log-likelihood −718.492 −705.149 −1513.214 −1425.779

Final log-likelihood −444.857 −443.124 −1153.31 −963.672

No. of estimated
parameters 10 12 11 15

BIC 954.546 964.045 2378.823 2025.782

Additionally, McFadden stated that a pseudo R-squared value between 0.2 and 0.4 de-
notes an excellent fit. In the current research, a rho-squared value of 0.367 falls within the
range of 0.2 to 0.4, denoting an excellent fit. Therefore, a rho-squared value of 0.367 can
be considered satisfactory and indicative of a good fit for the mixed-logit transportation
model [59].

This difference could be attributed to the ML model utilizing a larger number of
estimated parameters and including those that are insignificant in the model. On the other
hand, in the integrated transportation modes scenario, the ML model achieves a higher
model fit and rho-squared value of 0.314, whereas the MNL model shows a rho-squared
value of 0.231. It is worth noting that the initial log-likelihood values of the models were
low, but the final log-likelihood values were high, indicating that the estimated models
provided a better fit to the data sets. The Bayesian Information Criterion (BIC) is used to
estimate the likelihood of the model’s predictions. Generally, the model with the lowest BIC
value is considered the best. The MNL model demonstrates a high model fit in the existing
transportation modes scenario with a BIC value of 954.54. On the other hand, the machine
learning model demonstrates a strong level of compatibility in the context of integrated
transportation modes, as evidenced by a BIC value of 2025.782. These results are consistent
with findings from previous studies and provide further support for the effectiveness of
the MNL and ML models in analyzing transportation scenarios [38,39,60,61].

The study addressed various inadequacies of prior transportation mode choice stud-
ies. This study used real-world user preferences and demographic data, unlike previous
research. This study used Maximum Likelihood models to account for taste differences,
unlike earlier studies that assumed homogeneous preferences. It also stressed the con-
vergence of transportation modes to improve mobility and reduce private automobile
use. Despite previous research constraints, this study revealed more realistic insights into
mode-choosing behavior.

5.2.3. Recommendations

The following are the recommendations that are based on the research results and
aim to address the key factors influencing mode choice and public transportation usage
as identified in the survey. To ensure the effectiveness of these recommendations, it is
important to continuously monitor and adjust strategies based on evolving transportation
needs and preferences.

The results show that when integrated services are provided to feed the BRT stations,
the percentage of respondents willing to use the BRT service increases from 30% to 70%.
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Therefore, it is recommended to focus on integrating various modes of transportation, such
as private vehicles, ride-sourcing services, and on-demand mobility services with the BRT
system. This integration can help improve the overall convenience and accessibility of
public transportation.

Respondents expressed a willingness to embrace public transportation services if they
offer comfort and reliability. To address this, it is recommended to work on enhancing the
reliability of public transportation services, including BRT. This may involve implementing
well-defined schedules, real-time tracking, and better maintenance of vehicles to reduce
service disruptions.

The survey results suggest that respondents see flexible working hours as a promis-
ing strategy to mitigate traffic congestion. Encouraging employers to adopt flexible
working hours could help reduce peak-hour congestion and make public transportation
more attractive.

The analysis shows that cost parameters have a significant impact on mode choice. To
enhance public transportation ridership, it is recommended to explore measures aimed at
lowering the expenses associated with public transportation use, which may include the
implementation of subsidies, discounts for students, or the introduction of monthly passes.

Since the BRT service currently has low coverage, it is important to expand the cov-
erage area to make it more accessible to a larger population. This expansion can encour-
age more people to use the BRT system, especially if integrated with other transporta-
tion modes.

The preference for ride-sourcing services over traditional taxis is influenced by factors
like knowing travel time, pre-ordering trips, and knowing the cost in advance. To com-
pete with ride-sourcing services, public transportation should provide similar levels of
information and communication to users.

For integrated transportation modes, it is recommended to provide parking services
for private vehicle users who choose to combine their trips with BRT. This can make the
transition from private vehicles to public transportation more seamless.

Understanding the sociodemographic characteristics of mode preferences is crucial.
Targeted marketing campaigns can be designed to attract specific groups of users to public
transportation services, for example, focusing on young students with low incomes for BRT
promotion and affluent adults for private vehicle alternatives.

Continuing to use statistical models like MNL and ML to monitor and evaluate the
impact of policy changes and improvements in the transportation system is encouraged,
such as regularly updating strategies based on the results of these models to optimize
public transportation services.

By involving the public in decision-making processes related to transportation im-
provements, gathering feedback and insights from users can help identify specific pain
points and areas for improvement.

This study incorporates interdisciplinary insights, such as the environment, safety and
security, infrastructure development, technology, community engagement, private-public
integration, and long-term sustainability, which can aid in the development of an effective
public transportation system that attracts a diverse range of users and evolves in response
to changing preferences and needs; thus, transportation planners, urban designers, and
behavioral psychologists work together. This can facilitate the development of transporta-
tion systems that consider the policy implications of psychological and social elements
influencing mode selection.

6. Conclusions

The study employs SP surveys and advanced choice models, including Multinomial
Logit (MNL) and Mixed Logit (ML), to model user preferences for integrated transit services.
This contributes to the academic literature by offering a comprehensive understanding
of the factors influencing commuters’ mode choices, including cost, waiting time, and
sociodemographic variables. By analyzing user preferences, the research also predicts
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traffic demand for future public transportation improvements in various integrated transit
system scenarios. This predictive modeling adds valuable insights to the field, assisting
urban planners and policymakers in making data-driven decisions about transportation
infrastructure development. The study explores the integration of various transportation
modes, including private vehicles, ride-sourcing services, and Book-on-Demand (BoD)
services with the BRT system. This holistic approach to transportation planning provides a
novel perspective on addressing congestion and improving public transportation systems.
The findings of this research also offer practical solutions to address the significant traffic
congestion issues faced by Amman, Jordan. The recommendation of integrating BRT with
on-demand services can alleviate congestion, making transportation more efficient and
accessible for residents. The study emphasizes the importance of reducing waiting times
and trip costs for commuters. Public and private transportation service providers can use
this insight to collaborate and offer affordable, efficient, and user-friendly transit options,
ultimately enhancing the overall commuting experience for the residents of Amman. The
research recognizes the upcoming expansion of BRT routes and the potential impact on
transportation patterns. This practical insight allows for proactive planning and coordina-
tion among relevant stakeholders to ensure a smooth transition and integration of the new
routes into the existing transportation network. The study acknowledges the limitations
imposed by the COVID-19 pandemic and suggests potential avenues for future research,
including personal interviews and focus-group discussions. This practical adaptability
highlights the importance of continuing research in the face of unforeseen challenges to
improve transportation systems. This research not only advances the academic understand-
ing of user preferences and transit integration, but also offers practical recommendations
for policymakers, transportation authorities, and service providers in Amman, Jordan, and
similar urban settings. By addressing traffic congestion, enhancing commuting experiences,
and planning for future growth, the study contributes to the ongoing efforts to create
sustainable and efficient transportation systems in rapidly growing cities.
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