
Academic Editor: Marilisa Botte

Received: 15 February 2026

Revised: 10 March 2026

Accepted: 24 March 2026

Published: 2 April 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Home-to-Campus Commuting Mode Choice Among University
Students in a Small-Scale City: A Mixed Multinomial Logit
Analysis of Sustainable Mode Preferences
Raziye Peker 1,*, Mustafa Sinan Yardım 2 and Kadir Berkhan Akalın 3

1 Transportation Program, Department of Civil Engineering, Graduate School of Science and Engineering,
Yildiz Technical University, Istanbul 34220, Türkiye

2 Department of Civil Engineering, Yildiz Technical University, Istanbul 34220, Türkiye; yardim@yildiz.edu.tr
3 Department of Civil Engineering, Eskisehir Osmangazi University, Eskisehir 26480, Türkiye;

kbakalin@ogu.edu.tr
* Correspondence: raziye.peker@std.yildiz.edu.tr

Abstract

Rapid growth in urban population, vehicle ownership, and spatial expansion places increas-
ing pressure on urban transportation networks, necessitating a shift toward sustainable
mobility solutions. Accordingly, this study examines the determinants of university stu-
dents’ mode choice preferences for home-to-campus commuting in a small-scale city. The
analysis incorporates socio-demographic factors, mobility resources, and travel attributes
as potential influencers of mode choice. For modeling preferences, a Multinomial Logit
(MNL) model was initially used to estimate deterministic effects, followed by a Mixed
Multinomial Logit (MMNL) model to capture unobserved heterogeneity at the individual
level. The results demonstrate that gender, vehicle ownership, and travel distance play
statistically significant roles in mode choice. Crucially, the MMNL analysis reveals that
while students’ sensitivity to travel time is relatively homogeneous, their sensitivity to
travel cost exhibits significant unobserved heterogeneity. Moreover, the study reveals
the potential for a modal shift toward sustainable options such as walking, cycling, and
public transport. These findings offer valuable insights for promoting sustainable urban
mobility and developing data-driven transport policies, specifically in alignment with
the “Sustainable Cities and Communities” goal of the United Nations (UN) Sustainable
Development Goals (SDGs).

Keywords: active transport; sustainable mobility; mixed multinomial logit; mode choice;
travel behavior

1. Introduction
With the rapid growth of urban populations, increasing vehicle ownership, and spatial

expansion, the efficiency and sustainability of urban transportation systems remain critical
subjects of research [1]. Factors such as urban size, infrastructure conditions, and land
use characteristics are key elements shaping individuals’ transportation preferences [2,
3]. In this context, the home-to-campus commuting habits of university students are
of significant importance for both individual well-being and the development of urban
transportation policies.

However, university students face specific real-world challenges and pain points in
their daily mobility [4,5]. Especially in smaller urban centers, campus transportation is often
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hindered by bottlenecks such as poorly coordinated networks, insufficient bus lines, and a
lack of diverse infrastructure [6–8]. These systemic inefficiencies, coupled with the slow
development of public transport, increase traffic pressures and create significant barriers
to sustainable commuting [4,7,8]. Recent studies also highlight that in other small-scale
universities, the choice of one transport mode over another is closely connected to the
efficiency of the public service offered [9]. Furthermore, students -particularly those from
lower-income backgrounds-face intense economic pressure and limited access to digitally
enabled, smart mobility solutions due to high costs and usability issues [8,10,11]. These
factors often force a heavy and burdensome reliance on personal vehicles [4,8,10]. While
university students represent a demographic group whose travel behaviors are shaped
by a complex interaction of multidimensional factors [4,8], the practical difficulties they
encounter in smaller cities -ranging from accessibility issues to physical inactivity caused
by inadequate facilities- remain a pressing urban problem [4,5,8].

The literature highlights that mode choices are shaped by a diverse set of socio-
demographic characteristics [12,13], economic factors [14,15], urban scale [12,16], infras-
tructure quality [17–20], and attitudes toward sustainable transport modes [21–23]. Socio-
demographically, higher income levels are consistently associated with a preference for
private vehicles [4,24], while age and gender also play critical roles; for example, younger
students and females are often more likely to walk or use public transit, whereas males
show a higher propensity for cycling and driving [4,24]. From an economic and opera-
tional perspective, reductions in travel time and lower travel costs are decisive in shifting
preferences away from private cars and toward public transport utilization [4,24,25]. Fur-
thermore, psychological and policy-related factors heavily influence mobility: positive
attitudes toward health and the environment increase active mode adoption [24], while
the implementation of parking fees and a reduction in free parking effectively decrease
car use. Improved physical infrastructure, such as well-maintained sidewalks and bike
lanes, directly promotes walking and cycling [4,24,25]. In addition to these various factors
cited in the broader literature, recent studies highlight how, particularly in small-scale
universities, the choice of one mode of transport over another is deeply connected to the
efficiency of the public service offered [8,9]. When public transit is inefficient or unreliable,
students are often forced to rely on personal vehicles, which subsequently increases the
overall carbon footprint.

Despite these insights, limitations in existing studies persist. Most research focuses on
large metropolises, leaving a gap in understanding the unique spatial dynamics of smaller
cities. Furthermore, existing studies often fail to sufficiently capture the heterogeneity in
how students perceive travel costs and time, often assuming uniform preferences across
the population.

Accordingly, the research objective of this study is to address these gaps by analyzing
the individual, mobility-related, and travel attributes influencing university students’ home-
to-campus mode choices in the city of Kütahya. By examining the relationship between
individual preferences and urban/infrastructural factors in this specific context, the study
aims to provide context-specific insights for developing sustainable transportation policies.

The innovations of this study are characterized by its focus on a small-scale urban
environment and its methodological depth. Unlike many studies that rely on base models,
this research employs a Mixed Multinomial Logit (MMNL) model to explicitly account
for unobserved heterogeneity at the individual level. By testing random coefficients for
travel time and cost using various constrained distributions, this study reveals the hidden
sensitivity variations in student decision-making processes that standard models overlook.
This detailed modeling approach contributes to the urban planning literature by providing
a more nuanced understanding of transport mode choice in small-to-medium-sized cities.
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2. Background
It is well-established that individual characteristics, gender, and socio-economic status

significantly influence students’ transportation preferences [16,20,22]. For instance, while
female students exhibit a higher propensity for private vehicle use, male students are found
to be more likely to switch transportation modes throughout the year [12]. Travel distance is
also a key determinant; studies indicate that public transport and walking are the preferred
modes among university students, particularly for short distances [14]. Active transport
modes are generally preferred for distances up to 3 km, whereas public transport becomes
more attractive for distances exceeding 4 km [17].

Urban scale is a critical factor directly affecting university students’ mode choices. In
small urban areas, the central location of campuses and the concentration of activities within
short distances encourage active modes such as walking and cycling [12,16]; however,
low-cost parking facilities and adverse weather conditions can increase private vehicle
usage [19]. Conversely, in medium and large-scale cities, accessibility, diversity, and quality
of public transport become prominent. While advanced public transport systems like
subways and buses positively influence student preferences in large cities, improving these
services in suburban areas can reduce individual vehicle use by up to 9.5% [19].

Land use diversity is another significant determinant of mode choice. High land use
diversity encourages the use of sustainable transport modes, particularly public transport,
cycling, and walking [17,20]. As walkability elements improve [26], pedestrian volume
increases. Furthermore, the presence of residential, commercial, and recreational areas in
the immediate vicinity increases students’ orientation toward active transport modes [22].
The density and accessibility of land use play a decisive role in walking distance, the
efficiency of public transport services [27], and travel time [17,19].

It has been observed that university students’ travel behaviors, including their re-
liance on private cars for commuting to campus, can significantly impact traffic congestion,
sustainability, and the well-being of surrounding communities [28]. Similarly, research
suggests that transportation choices made during pre-university years can have a lasting
effect on individuals’ future travel preferences [29]. Individuals’ sustainable transportation
choices are closely linked to environmental awareness [19,30]. Studies demonstrate that
information campaigns on environmental issues can reduce private vehicle use by 5.8% [16]
and significantly promote sustainable travel behaviors. Improvements in public transport
services have been found to provide environmental benefits by not only increasing ac-
cessibility but also reducing traffic congestion and emissions [22,31]. These benefits also
encompass environmental perceptions, safety, and the enhancement of infrastructure and
service quality [32,33].

To develop sustainable transportation policies aligned with universities’ environmen-
tal goals, urban mobility must be considered within a broader context. While developed
countries may need to retrofit existing systems, developing countries have the opportunity
to build low-carbon transport systems from scratch [34]. This dual approach can lead to
more inclusive and climate-friendly urban growth, benefiting both the environment and
society [35]. Addressing land use and transportation planning holistically can enable the
development of public transport infrastructure and a reduction in private vehicle depen-
dency. In small urban areas, transit-oriented development approaches can positively shape
transportation behaviors around university campuses by increasing accessibility [13,16,19].

In this context, this study provides context-specific insights that promote environmen-
tal sustainability in alignment with the Sustainable Development Goals (SDGs), specifically
sustainable cities and communities (SDG 11) and climate action (SDG 13) [34].

Despite the extensive research on student mobility, several critical gaps remain in the
current literature. First, most studies have been confined to the limitations of MNL models,
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which fail to capture the complex, unobserved heterogeneity in individual preferences
due to the restrictive Independence of Irrelevant Alternatives (IIA) assumption [36,37]. By
assuming uniform coefficients for travel time and cost, these models often underestimate
the value of travel time savings and overlook how different students perceive and react to
these factors differently [38,39].

Second, existing research has largely focused on mega-cities and metropolitan areas,
creating an urban bias that neglects the unique mobility patterns and infrastructural con-
straints of smaller cities or suburban contexts [40,41]. While some studies on mobility in
small-scale contexts do exist, they remain notably limited and seldom incorporate the rigor-
ous travel behavior modeling required to explain mode choice [7,8,10]. Consequently, there
is a distinct lack of research simultaneously examining the interaction of socio-demographic,
travel attributes and economic factors through a formal behavioral lens in these smaller
urban settings.

By employing an MMNL approach, this study aims to uncover hidden variations in
cost and time sensitivity that traditional models fail to reveal [25,42,43]. Integrating such ro-
bust econometric methods allows for a more flexible specification of travel behavior [37,44],
thereby filling these critical gaps and providing a more precise empirical foundation for
mode choice analysis in similar small-scale urban contexts.

A literature summary presenting the themes, methods, and key findings of studies
conducted in different countries and samples regarding university students’ transportation
preferences is provided in Table 1.

Table 1. Summary of literature review on university-related transportation preferences.

Author(s) Year Region/Country Sample Theme Method Key Findings

Cattaneo
et al. [16] 2018 Italy 827 participants

Individual
Characteristics &
Socioeconomic

Factors

MNL

Gender and environmental
awareness significantly impact

private vehicle use. Information
campaigns can reduce vehicle

usage by 5.8%.

Shakeel and
Jahanzaib [20] 2019 Pakistan 400 households

Individual
Characteristics &
Environmental

Perception

MNL

Socioeconomic status is a
significant determinant in the

preference for public transport and
cycling.

Chaudhry and
Elumala [17] 2024 India 945 participants Distance & Land Use MNL

Active transport is preferred for
distances up to 3 km, while public
transport becomes more attractive

for distances over 4 km.

Obaid and Hamad
[28] 2020 Saudi Arabia 4000+ participants Private Vehicle

Dependency MNL
Private vehicle dependency has a

negative impact on traffic
congestion and sustainability.

Peker et al. [32] 2024 Türkiye 1027 participants Safety &
Infrastructure MNL

Safety and service quality are
critical determinants of mode

choice.

Tepecik [33] 2025 Türkiye 280 participants Infrastructure &
Service Quality MNL

An increase in service quality
correlates with a higher preference

for public transport.

Gehrke and Clifton
[13] 2014 USA 4183 home-based

trips
Transit-Oriented

Development (TOD) MNL
Transit-oriented development

effectively reduces dependency on
private vehicles.

Pasha et al. [45] 2020 Australia
(Brisbane) 1435 participants Airport Access

Mode Choice MNL & MMNL

Income, trip purpose, luggage, and
group size are key factors. MMNL

outperformed MNL by better
capturing heterogeneity in user

preferences.

Mariante et al. [46] 2018
Luxembourg

(Cross-border: DE,
FR, BE)

955 participants
Cross-border

Commuting &
Discretionary Trips

MMNL

Travel time, distance, and
individual differences are critical.

MMNL offered more realistic
results than MNL. Appropriate

policies can enhance public
transport appeal despite car

dominance.
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Table 1. Cont.

Author(s) Year Region/Country Sample Theme Method Key Findings

Dell’Olio et al. [47] 2019 Spain (Univ. of
Cantabria) 200 participants

Parking Policies &
Sustainable
Transport

MMNL

Parking fees reduce private vehicle
use and promote sustainability.

The study revealed user
heterogeneity and showed that

optimized fees can fund
sustainable transport policies.

Kohlrautz and
Kuhnimhof [48] 2025 Germany

(RWTH Aachen) 2960 participants Bicycle Parking
Preferences MMNL

Key factors include sensitivity to
walking distance, preference for

secure/indoor parking, and bicycle
value. Significant heterogeneity

exists among user groups.

Liu and Sanko [49] 2025 Japan
(Kobe Univ.) 208 participants

Shared Autonomous
Vehicles (SAV) &

Last-Mile
MMNL

Students showed no resistance to
SAVs for station-to-campus trips,
perceiving them similarly to taxis.

SAVs should be prioritized for
last-mile connectivity.

As summarized in Table 1, existing literature predominantly utilizes MNL and MMNL
models to explore the impact of socio-demographic characteristics, travel attributes, land
use, and infrastructure on mode choice across various global contexts. However, the
synthesis of these studies reveals a persistent gap in comprehensively addressing preference
heterogeneity, particularly within small-scale and transit-developing urban environments.
This study aims to contribute to addressing this gap.

3. Methods
In this study, Multinomial Logit (MNL) and Mixed Multinomial Logit (MMNL) mod-

els were employed to model the transportation preferences of university students for
educational trips. These methods, falling within the scope of discrete choice modeling,
allow for the quantitative examination of factors influencing individuals’ choices among
different transport modes [50,51].

While analyzing decision-making processes based on utility maximization, the MNL
model evaluates the effects of variables such as travel time, cost, and access on mode
choice [52,53]. Although widely preferred in transportation research due to its simple
structure and computational ease, its assumption of fixed coefficients for all individuals
can sometimes be insufficient in reflecting unobserved heterogeneity in preferences [54,55].

The MMNL model, used to address this limitation, represents preference heterogeneity
more flexibly by defining parameters that are randomly distributed across individuals. This
approach has the potential to predict the transportation preferences of different user groups
more accurately [46,54]. However, the MMNL model introduces higher computational
complexity and challenges in parameter interpretation. Therefore, when selecting a model,
both predictive power and ease of application must be considered.

3.1. Multinomial Logit (MNL) Model

The MNL model is a widely used statistical tool for predicting outcomes when the
dependent variable is categorical with two or more possible outcomes. Based on the
random utility maximization theory, this model assumes that individuals choose the
transportation alternative that provides the highest utility. In transport-related research,
the MNL model is extensively utilized due to its ability to model discrete choice behavior,
offering a mathematically convenient and computationally efficient closed-form solution
for predicting travel mode and route choices [24,39,56]. This model is particularly effective
in identifying the significance of various attributes—such as price, convenience, and user
demographics—on individuals’ decision-making processes [4,56]. The utility associated
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with each alternative is modeled as a function of observable attributes and individual-
specific characteristics [51,57,58].

Uij = Vij + εij = β j0 + ∑K
k=1 β jkxijk + εij (1)

where Uij is the utility of mode j for individual i, Vij is the deterministic component, and
εij is the error term. β j0 represents the alternative-specific constant, β jk are the parameters
of mode j with k explanatory variables, and xijk is the vector of explanatory variables.

The probability Pij that individual i chooses mode j is given by [50,51,59]:

Pij =
eVij

∑j∈J eVij
(2)

The parameters of the MNL model are estimated using the maximum likelihood
method. To facilitate estimation, the log-likelihood (LL) function is used, which simplifies
computations by converting products of probabilities into sums [50,51,59]:

LL(β) =
N

∑
i=1

∑
j∈J

δijln
(

Pij
)

(3)

where δij is the selection indicator, taking the value 1 if individual i chooses mode j, and
0 otherwise.

The practical applicability of the MNL model in urban mobility is well-illustrated in
recent literature. For instance, in a study identifying the factors influencing the choice of dif-
ferent ride-hailing services in Shenzhen, China, the MNL model was employed to analyze
how service-specific attributes and user profiles dictate market shares [56]. Such applica-
tions demonstrate that the model can effectively calibrate significant factors—including
age, income, travel purpose, and comfort levels—to predict the probability of choosing
specific transport services. By comparing these predictions with actual survey data, the
model provides a robust framework for validating travel behavior patterns and informing
policy-making in diverse urban contexts.

3.2. Mixed Multinomial Logit (MMNL) Model

The Mixed Logit model, an extension of the traditional logit family, accommodates
random taste variation by allowing at least one parameter vector (β) to vary randomly
across individuals in the population. These random parameters are assumed to follow
continuous probability distributions—such as normal, constrained normal, uniform, or
triangular—thereby capturing unobserved heterogeneity in preferences. The choice prob-
ability of individual n selecting alternative i under the MMNL framework is defined as
follows [45,60]:

Pni =
∫

Lni(β) f (β|θ)dβ (4)

where Lni(β) is the logit probability evaluated at parameters β, and f (β|θ) is a density
function of the random parameters defined by θ.

The MMNL model has gained wide acceptance in the literature for modeling individ-
ual preference heterogeneity (e.g., value of time) by relaxing the restrictive assumptions
of the MNL model [61,62]. A critical methodological decision in this process is selecting
the appropriate probability distribution for random parameters such as travel time and
cost [63]. In this study, the following distributions were considered:

• Normal Distribution (n): While commonly preferred due to its symmetric structure
and ease of application [64], its unbounded nature assigns probability to every real
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number. This can lead to the wrong sign problem, where the model implies that a
portion of the population derives positive utility from higher travel times or costs, a
result that contradicts rational economic behavior [62,65].

• Uniform Distribution (u): This distribution assumes that preference parameters are
distributed evenly across a specific range without a distinct peak [65]. Similar to
the Normal distribution, if the spread is sufficiently large relative to the mean, the
Uniform distribution can cross into the positive domain. This results in theoretical
inconsistencies where a segment of the population is estimated to have positive
coefficients for cost or time [62,66].

• Triangular Distribution (t): Favored for its bounded nature and defined peak, the
triangular distribution avoids the infinite tails of the Normal distribution. However,
in its unconstrained form, it shares the same flaw as the Normal and Uniform dis-
tributions, potentially extending into the positive domain. To resolve this, it is often
applied under linear constraints to guarantee the negativity of the cost parameter
while allowing for flexible modeling of heterogeneity [65,67].

• Constrained (or Truncated) Normal Distribution (cn): This specification restricts the
domain of the Normal curve, typically truncating it at zero. By doing so, the ana-
lyst enforces theoretical consistency, preventing the model from estimating positive
coefficients for cost or time (ensuring negative marginal utility). This approach effec-
tively handles issues of indifference and avoids the variance inflation associated with
Log-normal distributions, allowing for more controlled and consistent modeling of
outliers [52,65].

Although the lognormal distribution is sometimes used to fix parameter signs, its
long tail can lead to excessive standard deviation estimates and convergence issues [68,69].
Research suggests that using constrained distributions, with bounds derived directly from
the data, is a more robust methodological approach to minimize estimation bias caused by
fixed or unbounded distributions [65]. Particularly for Value of Time (VoT) estimations,
fixing the cost parameter or carefully constraining the distribution is vital for the reliability
of the economic values obtained [70].

3.3. Factors Affecting Mode Choice

Individuals’ mode choice preferences are shaped by the interaction of numerous
individual and environmental variables. In this context, demographic characteristics,
socioeconomic status, and travel attributes factors significantly influence the choice between
sustainable and non-sustainable transport modes.

• Demographic Characteristics: Age, gender, household size, and resident status play
a determining role in individuals’ transportation preferences. Notably, women and
individuals in lower income groups exhibit a higher tendency to prefer sustainable
transport modes, such as public transport [71].

• Socioeconomic Variables: Income, vehicle ownership, financial considerations and
environmental awareness are critical for promoting sustainable transportation op-
tions [32,71]. Limited access to economic resources and sensitivity to environmental
issues can encourage individuals to shift from private motorized vehicle use toward
more sustainable choices.

• Travel Attributes: Trip-specific characteristics, particularly travel time, travel cost, and
travel distance, constitute the core components of the utility function in discrete choice
models. According to rational economic theory, an increase in travel time or cost
is expected to reduce the utility of a specific mode [51,59]. However, the sensitivity
to these factors can vary significantly across individuals, necessitating the use of
models like MMNL to capture this heterogeneity [72]. Additionally, travel distance
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imposes physical constraints on active modes while making motorized options more
feasible for longer journeys. The spatial location of the campuses further defines these
distance constraints and the accessibility of public transport networks. A comparative
examination of the independent variables reveals that the tendency toward high-
speed modes is generally associated with psychological and physical factors such as
comfort, speed, and the desire for personal space. Conversely, the orientation toward
sustainable modes is observed to have a stronger correlation with factors such as
economic reasons, environmental awareness, and accessibility [73,74].

To measure the impact of these variables, the MNL model provides the capability
to analyze factors affecting students’ transportation preferences across multiple alterna-
tives [75]. The model specifically estimates the propensity to choose sustainable modes
by measuring the effects of variables such as travel time, cost, distance, and individual
characteristics [73].

Furthermore, the MMNL model is employed to account for preference differences
across individuals and to evaluate the impact of these variations on the model [60]. This
allows for more flexible estimation that reflects heterogeneity in individual preferences.
These modeling approaches provide evidence-based data for sustainable urban transport
strategies, such as developing public transport infrastructure, expanding bike-sharing
systems, and designing university-oriented transportation policies [73–76].

3.4. Case Study and Data Source

This study investigates the transportation mode preferences of university students
residing in Kütahya, a small-scale city in Türkiye, with a particular focus on home-based
educational trips. The classification of transportation alternatives was specifically designed
to reflect the unique urban context of Kütahya. For analytical purposes, these alternatives
were grouped into three distinct categories, as illustrated in Figure 1.

 

Figure 1. Classification of transportation modes.

Low-speed modes (LSM) encompass walking, bicycles, e-bikes, and e-scooters. Al-
though these modes exhibit different operational characteristics, they were grouped to-
gether to effectively observe the potential behavioral shifts toward active transportation.
Public transport (PT) comprises buses and minibuses. Finally, high-speed modes (HSM)
cover private cars, motorcycles, taxis, and shared vehicles. Within the HSM category,
private cars and motorcycles are the dominant modes, whereas taxis and shared vehicles
account for a very limited number of observations. Because HSM constitutes a minority
class within the overall dataset, all high-speed alternatives were aggregated into a single
category to ensure statistical reliability.

Data were obtained from the survey database developed within the framework of
the Kütahya Transportation and Parking Master Plan (KTPMP). The dataset consists of
revealed preference (RP) travel surveys conducted with students of Kütahya Dumlupınar
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University and Kütahya Health Sciences University. The survey was administered during
the 2022–2023 fall semester as part of the master plan study.

The sampling strategy was designed within the KTPMP framework based on zonal
distribution principles, ensuring that respondents were proportionally selected from differ-
ent zones of the city in order to represent the spatial distribution of university students.
The original survey dataset was collected and pre-processed by the master plan research
team and then provided to the authors for further analysis.

In total, 1514 valid student responses were included in the analysis. Considering that
the total number of university students in Kütahya is approximately 44,000, this sample
size corresponds to a 95% confidence level with an approximate margin of error of 2.5%,
demonstrating a highly robust and representative sample for discrete choice modeling.

The final dataset includes socio-demographic, socio-economic, and travel-related vari-
ables used to model students’ mode choice behaviour. The variables used in the model are
defined in Table 2. The survey collected RP information, including students’ actual travel
modes and related attributes for their regular trips. Travel attributes such as travel time and
cost were obtained from respondents’ reported travel experiences and were incorporated
into the model as explanatory variables for the available transport alternatives.

Table 2. Variable definitions.

Variable Mean Type Description

Dependent Variable

Mode Choice Categorical

High-speed modes 4.82% High-speed mode is chosen by traveller.

Low-speed modes 27.15% Low-speed mode is chosen by traveller.

Public transport 68.03% Public transport is chosen by traveller.

Independent variables

Travel time 36.90 Numerical Travel time (minutes)

Travel cost 0.36 Numerical Travel cost (USD)

Monthly income 266.79 Numerical Monthly income of the traveller (USD).

Dormitory 24.37% Dummy 1 if the traveller lives in a dormitory, 0 otherwise.

Age 20.81 Numerical Age of the traveller.

Female 46.04% Dummy 1 if female, 0 if male.

Car 37.32% Dummy 1 if the traveller owns a car, 0 otherwise.

Motorbike 3.57% Dummy 1 if the traveller owns a motorbike, 0 otherwise.

Bike 20.28% Dummy 1 if the traveller owns a bicycle, 0 otherwise.

Driving licence 44.85% Dummy 1 if the traveller has a driving licence, 0
otherwise.

Household size 4.22 Numerical Number of persons in the household.

Distance 7.85 Numerical Travel distance (km)

Daylight 90.69% Dummy 1 if the trip was made during daylight, 0
otherwise

Within the scope of the study, the transportation behaviors of university students were
examined from a multidimensional perspective, considering the physical and spatial loca-
tions of two different higher education campuses situated in the center of Kütahya province
(Figure 2). The distance of the campuses to the city center, the surrounding transportation
infrastructure, and physical facilities for micromobility directly influence students’ mode
choice preferences. In this context, travel distance emerges as a primary determinant; the
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propensity for walking increases for short-distance trips, whereas public transport systems
or private vehicle usage become more dominant for long-distance access requirements.

 

Figure 2. Map of the study area (Kütahya).

Furthermore, individual and socio-economic variables, such as vehicle ownership and
household income, play a decisive role in transportation preferences. A higher tendency
toward HSM is observed among students who own vehicles, while walking and public
transport usage are more prevalent among students without vehicles and those with lower
socio-economic status. Income level is evaluated as a multi-layered factor that shapes not
only the cost-related dimension of mode choice but also students’ expectations regarding
time, comfort, and accessibility.

The findings demonstrate that spatial and socio-economic conditions interact to exert
a decisive influence on students’ transportation behaviors. Consequently, it is evident that
the physical location of university campuses, their integration with public transport, bicycle
networks, and planning for campus-city connectivity play a critical role in shaping trans-
portation preferences. These analyses offer significant strategic inputs for local authorities
and university administrations in terms of transportation planning and sustainability-based
policy formulation.

3.5. Modeling Framework

The study utilizes household survey data obtained within the scope of the KTPMP.
The primary objective is to understand university students’ transportation behaviors based
on key variables such as housing type, mode choice preference, travel distance, vehicle
ownership, and income level. Within the framework of discrete choice modeling, the
analysis aims to identify the determinants of students’ home-to-campus mode choices while
accounting for both observable characteristics and unobserved preference heterogeneity.

In this study, a sequence of MNL and MMNL models was estimated following a sys-
tematic and theory-guided specification strategy. The classical MNL model was first applied
to analyze the deterministic effects of observable individual and environmental variables
on mode choice. However, since the MNL model assumes fixed coefficients across indi-
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viduals and therefore cannot capture preference heterogeneity, Mixed Logit models were
subsequently estimated to allow selected parameters to vary randomly across individuals.

Alternative model specifications differed only with respect to the distributional as-
sumptions of the travel time and travel cost parameters, while the remaining attributes
and utility structure were kept identical across all models. Specifically, four alternative
distributions were tested for these parameters—normal, truncated normal, uniform, and
constrained normal—resulting in a total of 16 MMNL specifications in addition to the
baseline MNL model.

Model performance was evaluated using several goodness-of-fit indicators, including
LL, adjusted McFadden’s R2 (ρ2), the Akaike Information Criterion (AIC), and the Bayesian
Information Criterion (BIC). In addition, model accuracy was assessed using a deterministic
preference approach by comparing predicted choice outcomes with the observed choices.
To ensure behavioral validity, coefficient sign expectations were examined alongside these
performance measures. However, model selection was primarily guided by information
criteria, overall goodness-of-fit, and predictive accuracy. All explanatory variables were
retained across model specifications to maintain comparability. A minimum confidence
level of 90% was required for statistical significance; however, the number of significant co-
efficients was not used as a model selection criterion. After identifying the best-performing
specification, the consistency of the estimated coefficient signs with theoretical expectations
was further evaluated.

All MMNL models were estimated using maximum simulated likelihood with 500
pseudo-random draws, applying the same random seed across all model estimations to
ensure reproducibility. Model convergence was assessed through the stability of the log-
likelihood values and gradient convergence diagnostics, and all estimated models achieved
stable convergence.

Model estimations were performed using the R version 4.5.1 statistical computing
environment [77]. The mlogit [78] and gmnl [79] packages were utilized for estimating the
MNL and MMNL models, while ggplot2 [80] was employed for graphical visualization of
the results.

The analytical framework provided by the final model not only offers insights into
current preferences but also enables impact analysis of policy scenarios regarding trans-
portation systems. By quantitatively demonstrating the variable effects on sustainable
and high-speed modes, the study contributes to structuring decision-making mechanisms
in transportation planning and environmental policy-making in a more data-driven and
effective manner. In this context, the study is directly aligned with the sustainable cities
and communities goal of the SDGs. The findings indicate that students’ transportation
preferences are not solely shaped by individual tendencies but possess a structure that can
be strategically guided toward sustainability.

4. Results
Table 3 presents a comparison of the estimated MNL and MMNL models. As a

baseline, the MNL model was first estimated, yielding an LL value of −450.3, an adjusted
ρ2 of 0.587, and a prediction accuracy of 91.48%. While these goodness-of-fit statistics and
overall accuracy indicate a satisfactory level of explanatory performance, the MNL model
assumes homogeneous preferences across individuals. Consequently, it has limited ability
to capture the behavioral heterogeneity in students’ transportation mode preferences.
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Table 3. Comparison of Estimated MNL and MMNL Models.

Model
ID

Model
Type

Travel Time
(Dist., Sign)

Travel Cost
(Dist., Sign)

Number of
Significant β LL AIC BIC Adj. ρ2 Accuracy

M1 MNL Fixed (+ **) Fixed (− *) 15 **/1 * −450.3 952.6 1091.0 0.587 91.48%
M2 MMNL cn (− **) cn (− **) 13 **/4 * −418.4 892.8 1041.8 0.613 92.27%
M3 MMNL n (+ **) cn (− **) 13 **/4 * −419.6 895.2 1044.2 0.612 91.48%
M4 MMNL t (− **) cn (− **) 13 **/4 * −419.9 895.8 1044.8 0.612 91.15%
M5 MMNL u (+ **) cn (− **) 13 **/4 * −419.4 894.8 1043.8 0.612 91.15%
M6 MMNL cn (− **) n (− *) 14 **/3 * −437.8 931.6 1080.6 0.596 91.48%
M7 MMNL n (+ **) n (− *) 14 **/3 * −437.8 931.6 1080.6 0.596 91.48%
M8 MMNL t (− **) n (− *) 14 **/3 * −437.8 931.6 1080.6 0.596 91.48%
M9 MMNL u (+ **) n (− *) 14 **/3 * −437.8 931.6 1080.6 0.596 91.48%
M10 MMNL cn (− **) t (− **) 13 **/3 * −444.5 945.0 1094.0 0.591 91.02%
M11 MMNL n (+ **) t (− **) 13 **/3 * −443.2 942.4 1091.4 0.592 91.02%
M12 MMNL t (− **) t (− **) 13 **/3 * −444.5 945.0 1094.0 0.591 91.02%
M13 MMNL u (+ **) t (− **) 13 **/3 * −444.5 945.0 1094.0 0.591 91.02%
M14 MMNL cn (− **) u (− *) 14 **/3 * −443.1 942.2 1091.2 0.592 91.15%
M15 MMNL n (+ **) u (− *) 14 **/3 * −443.1 942.2 1091.2 0.592 91.15%
M16 MMNL t (− **) u (− *) 14 **/3 * −443.1 942.2 1091.2 0.592 91.02%
M17 MMNL u (+ **) u (− *) 14 **/3 * −443.1 942.2 1091.2 0.592 91.02%

** Significant at 95% confidence interval, * Significant at 90% confidence interval.

Table 3 also provides insights into the distributional assumptions and statistical sig-
nificance of the estimated parameters. Across the MMNL specifications, the number of
statistically significant coefficients remains relatively stable, typically ranging between
13–14 parameters significant at the 95% confidence level and 3–4 parameters at the 90%
level. This stability indicates that differences in model performance are mainly attributable
to the specification of random parameter distributions rather than changes in the statistical
relevance of the explanatory variables.

However, the sign of the travel time parameter varies depending on the assumed dis-
tribution. In particular, models employing normal and uniform distributions occasionally
produce a positive travel time coefficient, which contradicts the theoretical expectation that
increases in travel time reduce the utility of a transportation mode. In contrast, specifica-
tions using constrained normal or triangular distributions consistently yield negative and
statistically significant coefficients for travel time, aligning with behavioral expectations.
Similarly, the travel cost parameter generally maintains the expected negative sign across
both MMNL and MNL models, although its level of statistical significance varies slightly
depending on the assumed distribution.

The results indicate that the MMNL models consistently outperformed the MNL base-
line. The LL values for the MMNL specifications ranged from −444.5 to −418.4, all showing
improvement over the MNL model. Similarly, the Adjusted ρ2 for the MMNL models
ranged between 0.591 and 0.613, surpassing the baseline performance. This improvement
serves as a clear indicator of the random parameters’ capacity to capture unobserved
heterogeneity in students’ transportation preferences.

A detailed examination of Figure 3 reveals a distinct pattern regarding parameter
sensitivity. While varying the distributional assumption of travel cost parameter leads to
substantial changes in evident from the distinct vertical bands in the heatmaps—altering
the distribution of travel time has a minor effect on model performance. This suggests that
the model fit is driven primarily by how the heterogeneity in travel cost is specified.
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Figure 3. Performance evaluation of MMNL models with varying random parameter distributions:
(A) Adjusted McFadden’s R2 (B) Model Accuracy.

Considering prediction accuracy together with all other evaluation metrics, the specifi-
cation in which both travel time and travel cost were modeled using a constrained normal
(cn) distribution emerged as the best-performing model. This specification achieved the
highest overall model fit while simultaneously ensuring theoretical consistency by yielding
the expected negative signs for both travel time and travel cost parameters.

The fact that the adjusted ρ2 reached significantly higher levels compared to the MNL
model demonstrates the substantial improvement provided by the mixed logit specification.
Crucially, the standard deviations for travel time and cost variables were found to be
statistically significant, confirming the existence of inter-individual heterogeneity. The
finding that travel cost, in particular, is perceived differently across individuals highlights
the theoretical advantage of the MMNL framework. In light of these findings, when model
fit, information criteria, and explanatory power are evaluated collectively, it was concluded
that the MMNL model with constrained normal distributions for both travel time and cost
is the most appropriate model for this study. This model best meets the study’s objectives
both theoretically and in terms of statistical performance.

Table 4 presents the estimation results of the final MMNL model—utilizing constrained
normal (cn) distributions for travel time and travel cost—compared with the classical
MNL model. In both models, HSM was set as the reference alternative. Consequently,
the coefficients represent the utility of LSM and PT relative to HSM. Although HSM
represents a relatively small share of the observations (4.82%), it was deliberately selected
as the baseline category because it represents the most carbon-intensive and cost-dominant
mode. Setting HSM as the reference provides the most intuitive and policy-relevant
interpretation for the coefficients of sustainable alternatives (LSM and PT). In addition,
robustness checks—including stochastic cumulative probability assessments across all
model specifications—yielded consistent behavioral interpretations.

Travel attributes: In the MMNL model, the travel time coefficient (−0.131) is negative
and statistically significant, aligning with theoretical expectations that an increase in travel
time reduces the utility of a transportation mode. Conversely, the MNL model yielded a
positive coefficient for travel time (0.081), a result that contradicts fundamental economic
theory and behavioral expectations. Because the standard MNL specification assumes fixed
parameters across individuals and relies on the IIA property, it may inadequately represent
variations in sensitivity to travel time within a heterogeneous student population. As a
result, the estimated coefficient may partially reflect aggregated behavioral responses or
correlations with other travel attributes, such as travel distance. When a single uniform
sensitivity parameter is imposed across individuals with diverse travel patterns, the model
may fail to accurately capture the expected negative marginal utility of travel time. This
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correction of the coefficient sign in the MMNL specification demonstrates its superior
capability in modeling realistic travel behavior compared to the base MNL model.

Table 4. Estimation results for the final MMNL and the classical MNL models.

Coefficients
Final MMNL Classical MNL

Estimate p-Value Estimate p-Value

Travel time −0.131 ** <0.001 0.081 ** <0.001

Travel cost −4.342 ** 0.018 −0.214 * 0.075

sd. Travel time 0.010 0.982 - -

sd. Travel cost 5.840 ** 0.004 - -

Constant
LSM 18.681 ** 0.002 7.726 ** 0.001

PT 14.957 ** 0.009 4.789 ** 0.005

Monthly income
LSM −0.004 * 0.085 0.000 0.677

PT −0.003 0.235 −0.001 0.418

Dormitory
LSM 0.698 0.751 0.111 0.877

PT 0.055 0.980 −0.607 0.382

Age
LSM −0.416 0.102 −0.228 ** 0.008

PT −0.359 0.136 −0.166 ** 0.006

Female
LSM 2.439 * 0.056 0.551 0.154

PT 2.651 ** 0.033 0.838 ** 0.010

Car
LSM −11.984 ** <0.001 −3.913 ** <0.001

PT −11.106 ** <0.001 −3.287 ** <0.001

Motorbike
LSM 3.876 * 0.080 2.435 ** 0.007

PT 0.625 0.767 −0.514 0.476

Bike
LSM 0.962 0.342 0.183 0.664

PT 1.166 0.226 0.462 0.155

Driving licence
LSM −3.446 ** 0.030 −1.122 ** 0.005

PT −3.236 ** 0.036 −1.058 ** 0.001

Household size
LSM 0.723 ** 0.031 0.489 ** 0.003

PT 0.565 * 0.087 0.362 ** 0.005

Distance
LSM −1.057 ** <0.001 −1.004 ** <0.001

PT 0.395 ** 0.004 0.141 ** 0.000

Daylight
LSM 1.755 0.151 0.425 0.437

PT 1.344 0.252 −0.046 0.919
** Significant at 95% confidence interval, * Significant at 90% confidence interval. HSM is used as the reference category.

Regarding travel cost, the mean coefficient in the MMNL model (−4.342) is both
negative and statistically significant, confirming that higher costs systematically reduce the
utility of a chosen mode. Crucially, the standard deviation for the travel cost parameter
(sd. Travel cost) was estimated at 5.840 and also found to be statistically significant. This
finding is pivotal: while the population generally exhibits price sensitivity (indicated by the
significant negative mean), there is substantial unobserved heterogeneity in how intensely
individual students perceive these costs (indicated by the significant standard deviation).
This variance justifies the use of the MMNL framework over the fixed-parameter MNL
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model. In contrast, the standard deviation for travel time (0.010) was not significant,
suggesting that sensitivity to travel time is relatively homogeneous across the sample.

Travel distance exhibits a dual effect: it has a strong negative correlation with LSM
(−1.057), confirming that active modes are less preferred as distance increases. However, it
shows a positive association with PT (0.395), suggesting that for longer distances, students
are more likely to choose public transport over high-speed modes (likely due to the cost
constraints of HSM options like taxis for non-car owners).

Socio-economic factors: Mobility resources are among the strongest predictors of
mode choice. Car ownership has a substantial negative impact on both LSM (−11.984) and
PT (−11.106) preferences. This indicates that students who own cars are significantly less
likely to walk, cycle, or use public transport compared to using high-speed modes. Similarly,
possessing a driving license negatively influences the choice of sustainable modes.

Motorbike ownership, on the other hand, shows a positive effect on LSM (3.876). This
finding suggests that students who own motorbikes may still exhibit a greater tendency
toward active modes for short-distance trips, possibly due to greater familiarity with
flexible and individual mobility options or the relatively compact urban structure of the
study area.

Monthly income has a small but negative impact on LSM (−0.004), indicating that as
students’ income levels increase, the likelihood of choosing active transportation modes
slightly decreases. This pattern suggests that higher-income students may be more in-
clined to shift toward faster or more comfortable motorized modes as their financial
capacity allows.

Socio-demographic factors: Regarding demographics, gender (female) shows a posi-
tive coefficient for both LSM and PT. Specifically, female students are significantly more
likely to choose Public Transport compared to males (2.651). Household size also shows a
positive relationship with sustainable modes, reaching statistical significance for LSM in
the MMNL model.

Age generally exhibits a negative association with LSM and PT, though the significance
levels vary between the MNL and MMNL specifications. This variation highlights the
ability of the mixed logit model to account for unobserved heterogeneity and to provide
more reliable estimates of demographic effects.

Possessing a driving license has a strong negative effect on the likelihood of choosing
sustainable modes. This finding indicates that students who are licensed drivers are signif-
icantly less likely to prefer active transportation or public transport, as access to driving
privileges increases the attractiveness of private or high-speed motorized travel options.

5. Discussion
In this study, the transportation mode preferences of university students in a small-

scale city were analyzed using MNL and MMNL models. The comparative analysis
revealed distinct performance differences between the two modeling approaches in de-
termining mode choice for educational trips. The MNL model, one of the most widely
used methods in discrete choice analysis, relies on the assumption of independent and
identically distributed (IID) error terms and the IIA [51,81]. However, these assumptions
are often insufficient to reflect the preference heterogeneity among individuals [82]. The
MMNL model, employed to overcome this limitation, offers a structure where coefficients
are randomly distributed across individuals, thus modeling heterogeneous preferences
more realistically [62,83]. Because the primary objective of this study was to explicitly
capture unobserved heterogeneity and unconditionally relax the restrictive IIA assumption,
a formal pre-test (e.g., Hausman-McFadden) for the baseline MNL was bypassed. The
highly significant standard deviations of the random parameters in the subsequent MMNL
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estimations empirically confirm that the strict IIA assumption was indeed violated, fully
justifying the transition to the mixed logit framework. Indeed, in this study, the MMNL
model provided a significant improvement in the log-likelihood value and an increase
in the ρ2 value. This empirical evidence supports the model flexibility–fit improvement
relationship emphasized by [62,82].

The findings demonstrate that individual and environmental factors exert significant
effects on transportation preferences. Gender emerged as a significant determinant; the
probability of female students choosing both LSM (walking, e-scooter, etc.) and PT (minibus
or bus) is significantly higher compared to male students. This indicates that women pos-
sess higher sensitivity regarding safety, accessibility, and planned transport infrastructure,
suggesting that gender equity must be prioritized in transportation planning. Similarly,
household size exhibits a positive correlation with the preference for public transport and
low-speed modes. This tendency likely stems from lower vehicle availability per capita in
larger families or the economic necessity of using shared transport options in communal
living arrangements. Although the age coefficient is not statistically significant its negative
sign is consistent with previous findings [84] suggesting that younger individuals may
have a greater tendency to prefer active transport modes.

Car ownership and driver license possession variables were found to negatively affect
the orientation toward low-speed modes. This parallels findings by [85] and [86], which
highlight the reductive effect of private vehicle ownership on public transport and active
mobility usage. This suggests that some students utilize private cars not merely as a means
of transport but as a tool for flexibility and creating alternatives. Conversely, a positive
relationship was observed between bicycle ownership and the preference for PT and LSM.
This finding indicates that bicycle ownership does not compete with public transport but
rather reinforces the adoption of sustainable transportation habits. It implies that students
who own bicycles are more likely to engage in multimodal travel (potentially using bicycles
for the first/last mile of public transport trips) or simply possess a stronger propensity for
active mobility compared to car-dependent students.

Contrary to the general consensus in the literature [65,82], which typically identifies the
heterogeneity of time sensitivity as the primary justification for employing MMNL models,
this study observed a distinct pattern. Although the mean coefficient for travel time was
estimated as negative and statistically significant—confirming the theoretical expectation
that students consistently derive lower utility from longer journeys—its standard deviation
was statistically insignificant. This indicates that while the student population is universally
sensitive to travel time, this sensitivity is relatively homogeneous. Consequently, the
superior performance of the MMNL model in this context is driven primarily by its ability
to capture substantial unobserved heterogeneity in travel cost.

Regarding travel cost, both the mean coefficient and its standard deviation were found
to be statistically significant. As expected, the mean effect is negative, indicating that as
costs increase, the utility of a mode decreases. However, the significance of the standard
deviation reveals that students’ sensitivity to price varies substantially across the sample.
This likely reflects the varying degrees of economic sensitivity and vulnerability among
university students; while the entire group is cost-conscious, the intensity of this constraint
differs from person to person. Consequently, this underscores the necessity of developing
student-specific pricing policies, subscription systems, and incentive-based applications in
public transportation to address these diverse economic constraints effectively.

In conclusion, it has been determined that gender, vehicle ownership, economic status,
and trip characteristics must be evaluated holistically to encourage sustainable transport
behaviors in small-scale cities. The study’s findings demonstrate that the MMNL model
offers higher explanatory power than the MNL model from both methodological and
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empirical perspectives, consistent with trends reported in the literature. However, since the
advantages provided by MMNL come with higher computational costs and interpretation
challenges [62], model selection in policy applications should be made by considering data
structure, sample size, and analysis objectives. These findings provide critical strategic
inputs for both local transport planners and university campus administration in the policy
development process.

6. Conclusions
In this study, the determinants affecting the transportation mode preferences of univer-

sity students were analyzed using data from 1514 students in Kütahya, Türkiye. Compared
to existing studies that predominantly focus on large metropolises and assume uniform
preferences, the innovative aspect of this research lies in its dual focus: empirically address-
ing the unique mobility dynamics of a small-scale city and employing a robust MMNL
framework to uncover hidden unobserved heterogeneity. The MNL model was used as a
baseline, while the MMNL model was applied to capture individual preference heterogene-
ity. The results revealed that travel time, travel cost, driving license possession, gender,
car ownership, household size, and travel distance exert statistically significant effects
on mode choice. Crucially, the MMNL analysis highlighted a distinct behavioral pattern:
while sensitivity to travel cost exhibited substantial unobserved heterogeneity across the
student population, sensitivity to travel time was found to be relatively homogeneous. This
finding distinguishes the behavioral dynamics of student populations in small-scale cities
from the patterns commonly reported in the broader literature and underscores the need
for differentiated pricing strategies in sustainable transport policy.

Accordingly, it has been established that transport policies must focus not merely on
basic demographics but also on daily mobility habits, vehicle ownership, and environmen-
tal factors to meet the SDGs. In developing sustainable transport policies, key intervention
areas include supporting active transport modes (walking and cycling), reducing the num-
ber of transfers or enhancing comfort in public transport, and improving safe transport
opportunities for female students.

The findings derived from this study, conducted to understand the factors affect-
ing school-related transport choices in a small-scale city, revealed the multidimensional
structure of travel behavior. Based on the significant effects of gender, vehicle ownership,
trip characteristics, environmental factors, and cost, the following policy implications are
proposed to contribute to sustainable and inclusive transportation planning:

• Gender-sensitive infrastructure: The tendency of female students toward low-speed
and public transport highlights the critical importance of safety, accessibility, and
comfort. Consequently, infrastructure around the campus should prioritize adequate
lighting, safe waiting areas, and gender-sensitive transport services.

• Integration of private and micromobility: The strong influence of car and motorcycle
ownership on mode choice suggests a need to manage the transition from private
vehicles to sustainable modes. To achieve this, integrating vehicle parking areas with
micromobility points (e.g., shared e-scooter or bicycle stations) should be encouraged
to promote multi-modal travel.

• Encouraging Multimodality through Cycling: Although the current model suggests
limited integration between cycling and public transport, positioning cycling as a com-
plementary feeder mode is essential for sustainable mobility. Therefore, to capitalize
on this multimodal potential, cycling infrastructure must be seamlessly integrated
with public transport networks (e.g., bike racks on buses, secure parking at stops).

• Economic accessibility: The negative effect of transportation cost acts as a barrier for
economically vulnerable student groups accessing sustainable modes. To address this,
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specific discounted subscription systems, supportive subsidies for public transport,
and financial support policies for low-income students should be developed.

In conclusion, transportation choice for university students in small-scale cities is a
multidimensional process shaped by infrastructure, safety, socio-economic status, and mo-
bility habits, rather than individual preferences alone. The findings underscore that factors
such as safety, timing, cost, and vehicle ownership are decisive in students’ orientation
toward slow modes and public transport. Therefore, campus transportation policies must
be redesigned to consider not only physical infrastructure but also social inclusion and
economic accessibility. Holistic and student-centered strategies developed in this context
will contribute both to ensuring sustainable urban mobility and enhancing the quality of
university life.

Several avenues for future research emerge from this study. First, the cross-sectional
design limits causal inference; longitudinal or panel data could better capture how students’
mode choices evolve over their academic tenure. Second, integrating stated preference ex-
periments alongside the revealed preference data used here would enable the evaluation of
hypothetical policy interventions, such as congestion pricing or new cycling infrastructure.
Third, the incorporation of attitudinal and perceptual variables—such as environmental
awareness, perceived safety, and comfort—could enrich the behavioral interpretation of
the model. Fourth, a methodological limitation of this study is the aggregation of specific
transport modes into broad categories (such as LSM and HSM) due to the marginal us-
age rates of micro-mobility and specific high-speed options in the local context. Future
research should aim to disaggregate these modes to uncover more nuanced substitution
patterns. Finally, applying latent class models as an alternative to the continuous mixing ap-
proach of MMNL could help identify distinct student segments with qualitatively different
decision-making patterns.

Furthermore, as part of our ongoing research utilizing a more comprehensive dataset,
future studies will significantly benefit from conducting sensitivity analysis. Utilizing
integrated frameworks, such as deep learning combined with global sensitivity analysis,
can effectively prioritize explanatory factors and assess the robustness of model conclusions
against simultaneous variations in key parameter assumptions [87,88].

Author Contributions: Conceptualization, R.P., M.S.Y. and K.B.A.; Methodology and Supervision,
K.B.A. and M.S.Y.; Software, Formal Analysis and Visualization, K.B.A. and R.P.; Resources, Val-
idation, Investigation, Data Curation and Writing—Original Draft Preparation, K.B.A. and R.P.;
Writing—Review and Editing, K.B.A., M.S.Y. and R.P. All authors have read and agreed to the
published version of the manuscript.

Funding: This work has been supported by Yildiz Technical University Scientific Research Projects
Coordination Unit under project number FDK-2025-7231.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data are not publicly available due to privacy restrictions.

Acknowledgments: The authors would like to acknowledge that this paper is submitted in partial
fulfilment of the requirements for a PhD degree at Yildiz Technical University.

Conflicts of Interest: The authors declare no conflicts of interest.

https://doi.org/10.3390/su18073501

https://doi.org/10.3390/su18073501


Sustainability 2026, 18, 3501 19 of 22

References
1. da Silva Neiva, S.; Prasath, R.A.; de Amorim, W.S.; de Andrade Lima, M.; Barbosa, S.B.; Ribeiro, J.M.P.; Ceci, F.; Schneider, J.;

Deggau, A.B.; de Andrade Guerra, J.B.S.O. Sustainable urban development: Can the balanced scorecard contribute to the strategic
management of sustainable cities? Sustain. Dev. 2021, 29, 1155–1172. [CrossRef]

2. Kara, C.; Ozden, A.; Yavuz, A.A.; Bilgic, S. Modeling and variable selection of healthcare trip behaviours using statistical learning
techniques. Transp. Policy 2025, 170, 12–23. [CrossRef]

3. Urrutia-Mosquera, J.; Cortés, Y.; Flórez-Calderón, L.; Lufín, M. Sustainable urban development and mobility. The role of spatial
heterogeneity in sustainable trip patterns. Sustain. Dev. 2024, 33, 2171–2188. [CrossRef]

4. Ribeiro, P.; Fonseca, F.; Meireles, T. Sustainable mobility patterns to university campuses: Evaluation and constraints. Case Stud.
Transp. Policy 2020, 8, 639–647. [CrossRef]

5. Radebe, S.S.; Breukelman, G.J.; Joubert, A.S.; Millard, L. Primary motives and barriers to physical activity participation among
students registered at a semi-rural university: A mixed-methods study. Int. J. Environ. Res. Public. Health 2025, 22, 344. [CrossRef]

6. Du, G. Study on Countermeasures of the Development of Public Transport in Small and Mid-Sized Cities in China. In Proceedings
of the 18th COTA International Conference of Transportation Professionals; American Society of Civil Engineers: Reston, VA, USA,
2018; pp. 959–966.

7. Liu, Y.; Xin, F.; Ye, Y. Research on the Characteristics of Public Transport Infrastructure and Operation in Small Cities. In CICTP
2015; American Society of Civil Engineers: Reston, VA, USA, 2015; pp. 1367–1376.

8. Cáceres-Merino, J.; Coloma, J.F.; García, M.; Monzon, A. The Unsustainable Proximity Paradox in Medium-Sized Cities: A
Qualitative Study on User Perceptions of Mobility Policies. Land 2025, 14, 944. [CrossRef]

9. D’Apuzzo, M.; Silvestri, A.; Nardoianni, S.; Cappelli, G. Towards the Evaluation of Carbon Footprint for University Communities’
Mobility: Challenges, Opportunities, and Reduction Strategies. In Proceedings of the 2024 Third International Conference on
Sustainable Mobility Applications, Renewables and Technology (SMART); IEEE: New York, NY, USA, 2024; pp. 1–6.

10. Islam, R.; Rafique, S.; Bredikhina, O.A.; Jones, S. Getting around in a college town: A case study of transportation barriers faced
by international students at UA. arXiv 2022, arXiv:220806434.

11. Baudens, P.; Hassen, M.; Pasini, J.; Mawussi, A. Mobility capacities and smartphone use of students in Kinshasa, Democratic
Republic of Congo. Mobilities 2025, 20, 536–554. [CrossRef]

12. Delmelle, E.M.; Delmelle, E.C. Exploring spatio-temporal commuting patterns in a university environment. Transp. Policy 2012,
21, 1–9. [CrossRef]

13. Gehrke, S.R.; Clifton, K.J. Operationalizing land use diversity at varying geographic scales and its connection to mode choice:
Evidence from Portland, Oregon. Transp. Res. Rec. 2014, 2453, 128–136. [CrossRef]

14. Kriswardhana, W.; Esztergár-Kiss, D. Identifying heterogeneity in university students’ transport mode choice. In Proceedings of the
IOP Conference Series: Earth and Environmental Science; IOP Publishing: Bristol, UK, 2024; Volume 1294, p. 012027.
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