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Abstract: The constant evolution of many urban areas ultimately reaches a point where the current
infrastructure cannot further serve the needs of citizens. In the case of transport networks, congested
roads, increased delay, and low level of service are among the indicators of a need for road infrastruc-
ture upgrade. Thessaloniki is the second-largest city in Greece with a population of over 1 million
inhabitants in its metropolitan area. Currently, a significant share of the city’s traffic demand is served
via its ring road, whose capacity is set to be enhanced through the construction of a flyover highway
with the simultaneous upgrade of the existing ring road. The current study aims at investigating
the key factors determining the final route choice of drivers between the two road axes. To that end,
data from a combined revealed and stated preference survey targeting car drivers were collected,
which were later exploited as the basis for the development of binary route choice regression and
machine learning models. The results reveal that drivers’ choice is affected by criteria such as total
travel time, the probability of accident occurrence, and closure time due to accident. The results of
this paper could prove beneficial to transport researchers in forecasting drivers’ behavior in terms of
route choice and to practitioners during the planning phase of similar infrastructure projects.

Keywords: flyover; route choice model; stated preference; machine learning; ring road; artificial
neural network

1. Introduction

Modern lifestyle in urban centers combined with traffic congestion make existing
road networks saturated. In recognizing the modern challenges that cities face due to the
inability of the existing form and structure of the transport system to meet the needs of
sustainable development, it is considered necessary to redefine the practices of urban and
transport planning as well as changes in the way major road projects are planned and
implemented. Although the concept of sustainability is mainly linked to the promotion of
cleaner modes of transport, such as walking, biking, and the use of public transport, proper
planning of major urban transport infrastructure projects can also contribute to the concept
of sustainability [1].

One of the most important socioeconomic benefits expected from the implementation
of an urban transport infrastructure project, such as a new motorway, is the time savings
for passengers of various means of transport. These savings are not limited to the users
of the particular motorway but extend to a greater or lesser extent to the rest of the road
network in the study area where there will be positive effects from the expected traffic
redistribution [2]. The construction of a motorway will create better traffic conditions which
effectively translate into higher speeds on the urban road network, where speeds are low,
and consequently into lower operating costs for both light and heavy vehicles. In addition,
increasing speeds also reduces the pollutants emitted by vehicles, while improving the flow
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of traffic will reduce the number of times vehicles’ engines are running, hence reducing
the environmental burden simultaneously, as well as reducing congestion and improving
users’ experience [3]. Last but not least, a new motorway can improve the road safety of
users and reduce the severity of traffic accidents [4].

In transport planning, six route choice models seek to explain and predict individuals’
preferences over a discrete set of alternative travelling routes. Their results are valuable for
a wide spectrum of transport planning decisions. The accurate prediction of route choice
behavior might assist in evaluating traffic congestion, environmental impact, and feasibility
of investment projects regarding transport infrastructures and services. Travel time [5–7],
travel cost [8–10], travel distance [11,12], safety [9,10,13], and socioeconomic or trip-related
characteristics of travelers [7,8,13–15] have been underlined as critical explanatory factors
for selecting among alternative road routes. The discrete choice logit models, based on
the random utility maximization theorem, have been the predominant research tools for
explaining route choice behavior [16]. However, despite their general merits (easy inter-
pretability, straightforward specifications), there are researchers who discussed the fact
that they are not always able to adequately account for the complicated nature of route
choice behaviors, due to their restricted model complexity, the bias inserted from small
sample sizes, and the risk of subjective decisions of modelers regarding the selection and
combination of the independent variables [10,17]. In the discrete choice framework, binary
logistic regression is the simplest but not the only available method [18]. Studies from dif-
ferent domains have compared the performance of logistic regression models and artificial
neural networks, demonstrating either similar results or improved prediction capabilities
of artificial neural networks [19–24]. In the choice modelling field, the comparative benefits
of further utilizing machine learning methods have been recently discussed in terms of
model building, model estimation, data handling, etc. [25].

The research objective of this paper is twofold. Firstly, this paper aims to provide
recent findings regarding the key decision factors which affect drivers’ choices between two
alternative routes with specific characteristics. Secondly, we compare the predictability and
accuracy of the traditional discrete choice models and the more advanced machine learning
methods in terms of explaining the route choice behavior. Therefore, we contribute to the
ongoing discussion regarding the applicability and the potential of the two methods in
this field.

In this respect, this paper presents the results of a revealed preference and stated
preference questionnaire survey, which was undertaken to highlight the willingness of
commuters to use a new elevated highway that is going to be constructed in the city of
Thessaloniki, Greece. Binary logistic regression and artificial neural network models were
formulated and compared, in order to explore the importance of trip-related attributes and
user-specific characteristics in route choice. To this end, binary logistic regression models
are compared against artificial neural network models.

The remainder of this paper is organized as follows. The Section 2 presents a literature
review on the route choice criteria of commuters. The case study, the questionnaire survey,
as well as an overview of the data collected, are described in the Section 3. The Section 4
presents the methodology on which the development of route choice models was based.
The Section 5 reports the results of the binary logistic regression and artificial neural
network models which were developed. The Section 6 summarizes the main findings and
limitations of the study as well as recommendations for future research.

The entire methodological approach is briefly presented in the following Figure 1,
while all the stages of the methodology are analyzed in detail in the following sections.
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2. Literature Review

The investigation of route choice behavior has a long research history. It is traditionally
based on the random utility maximization theorem, which assumes that when a traveler
is to select among a set of travel routes, he/she will decide taking the one that exhibits
the highest utility for him/her [26,27]. Considering this theory, researchers have mainly
developed binary or multinomial logit discrete choice models [5,7,13,15,28,29] and varia-
tions of them, such as nested or mixed logit ones [6,15,30–32], to uncover the factors that
determine route choice decisions, along with their relative magnitude. A wide array of road
user categories has been examined, ranging from private car drivers [5,8,11,12,14,15,33–35]
and truck drivers [9,28,36,37] to motorcycle riders [13] and bicycle users [38,39]. The nec-
essary data are primarily derived from customized revealed or/and stated preference
surveys [5,9,13,35–37,39,40], while other studies have also utilized activity-based vehi-
cle data which rely on Global Positioning System (GPS) technologies [15,28,34,35,38,41].
The attributes of route alternatives (i.e., congestion, road properties, speed), trip, and
socioeconomic individual characteristics along with other external factors, such as weather
conditions and time, have long been recognized as key determinants of route choice behav-
ior [42]. An alternative approach for predicting choice behavior, in general, is emerging
thanks to machine learning methods, which are more capable in handling unstructured
data and may demonstrate greater accuracy of results [25]. Table 1 presents an overview of
recent studies on route choice behavior and lists their corresponding features. The research
findings on route choice behavior, considering discrete choice model analysis and machine
learning methods, are further discussed in the next two subsections.

Table 1. Overview of selected recent studies on route choice behavior research.

Study Data
Collection

User
Segments Network, Location Method Examined

Attributes

Dong et al.,
2022 [10]

Activity-based
vehicle data from
navigation app

All drivers using
navigation app

All roads, South
Korea

Deep sequential
models

Route attributes; travel
distance; travel cost;

safety features

Fadilah et al.,
2022 [13]

Stated preference
survey

Motorcycle
commuters

Urban road
segments, Indonesia

Binary and mixed
logit choice models

Socioeconomic character-
istics; driving

characteristics; traffic
flow; travel time

Jensen et al.,
2020 [12]

Activity-based
vehicle data

from GPS

Private car
drivers All roads, Denmark Mixed logit

choice models

Socioeconomic character-
istics; vehicle-related

features; route attributes,
etc.

Politis et al.,
2020 [9]

Revealed and
stated prefer-
ence survey

Private car and
truck drivers

Tolled and toll-free
motorways, Greece

Binary logit
choice models

Socioeconomic character-
istics; travel time; travel

cost; type of vehicle;
cargo features

Romero et al.,
2020 [29]

Vehicle loop
detectors; license
plate recognition

All drivers Tolled and toll-free
motorways, Spain

Binary logit
choice models

Travel time; travel cost;
travel information;

environmental
conditions, etc.

Vacca et al.,
2019 [41]

Activity-based
vehicle data

from GPS
Car users Road network of

Cagliari, Italy
Binary and mixed
logit choice models

Socioeconomic character-
istics; road attributes;
travel purpose; travel
distance; travel time;

congestion etc.

Yao and Bekhor,
2020 [17]

Household travel
survey and GPS
observation data

Car users Road network of Tel
Aviv, Israel

Random forest
models

Socioeconomic character-
istics; travel purpose;
travel distance; route

attributes, etc.
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Table 1. Cont.

Study Data
Collection

User
Segments Network, Location Method Examined

Attributes

Zhao et al.,
2020 [35]

Stated preference
survey

Private car and
taxi drivers

Urban road segments,
Xi’an, China

Logistic regression
analysis

Socioeconomic character-
istics; travel purpose;

travel information;
driving experience

2.1. Discrete Choice Models

In the early study of Polydoropoulou et al. (1996), the contribution of advanced
traveler information systems to route switching decisions is demonstrated in the case of
car commuters in the California Bay, USA. Results showed that delays, travel time, and
poor availability of traffic information were statistically important variables of the binary
logit models which estimated the probability of using an alternative route [5]. To this end,
the impact of real-time information on route choice preferences was studied by Ben-Elia
and Shiftan (2010), who developed mixed logit models to uncover the association between
travel time variability and informed trip-making decisions [6]. Other studies have also
confirmed that the broadcasting of real-time traffic information may affect drivers’ route
choices. Travel time, travel cost, age, gender, and income were underlined as significant
factors in the multinomial probit models, which predicted the route switching behavior
of car users in the freeway network of Taiwan, given the operation of advanced traveler
information systems [8]. Under a similar research concept, another study in China indicated
the importance of travel time and familiarity of car users with road alternatives when
choosing among available routes [33]. In Madrid, Spain, Romero et al. (2020) employed
binary logit models to analyze vehicle loop detectors’ data and highlighted the impact of
the en-route variable message signs’ (VMS) information, such as travel time estimates and
incidents, on drivers’ choices between a tolled highway and a competing free alternative
of the same corridor [29]. In an urban environment in China, the route choice behavior of
private car and taxi drivers was studied through a stated preference questionnaire survey
and logistic regression models, and it was found that the VMS announcements on delays
and accidents had a critical importance on route choice decisions [35]. More recently, a
study in Iran underlined the influence of personality traits, along with the availability of
VMS delay information, on route switching behaviors [40].

A nationwide questionnaire survey of over 1000 private car users in Taiwan indicated
that when travel distances are over 151 km, car trips are preferably performed on freeways
during off-peak hours for drivers to avoid traffic congestion events and decrease travel time
and stress [11]. In Indonesia, Fadilah et al. (2022) investigated the route choice behavior of
motorcycle riders with binary logit models. They concluded that the provision of real-time
traffic information along with the level of road safety play an important role in selecting an
arterial over a local route, because both traffic flow conditions and individual characteristics,
such as travel purpose, driving style, and trip frequency, appeared to be significant factors
in their discrete choice models [13]. The importance of driving habits and past experiences
regarding the selection of alternative routes in Cagliari, Italy, is also examined in the study
of [41]. Xu et al. (2010) [7] ran multinomial logit models and discovered that under the
impact of travel information, the younger, male, and more experienced car drivers in
Nanjing, China, were more willing to change their travelling routes, while shorter travel
time variability, which is associated with higher travel time savings, was emphasized as a
particularly attractive trip attribute. The latter finding is also confirmed by the research of
Srinivasan and Mahmassani (2003) [32]. Travel cost and toll fees were highlighted as the
most determining factors for the route selections of car drivers, while travel time played
a comparatively more influential role for the decisions of truck drivers in a case study in
Greece, where the utility of two alternative motorways was evaluated [9]. In the same
study, road safety standards were equally appreciated in the decisions which were made



Sustainability 2023, 15, 4614 6 of 23

by both road user categories. A great variety of trip and personal attributes, such as the
number of traffic lights per km, the existence of highways, the time perception, the gender,
age, income, and driving experience characteristics, were confirmed to influence route
switching behavior in Italy, where researchers analyzed data from almost 400 commute trips
under mixed logit modelling specifications [15]. In a similar context, Li et al. (2005) [14]
studied GPS data relevant to the commute trip behavior of almost 200 car drivers in the
metropolitan area of Atlanta, USA, and explained that those individuals who had a higher
income and work schedule flexibility also had a greater propensity to choose multiple
routes. Regarding the significance of vehicle type, the route choice behavior was found to
be more sensitive to travel time and trip length for the drivers of battery electric vehicles in a
large-scale experiment in Denmark [12]. The importance of truck drivers’ temperament for
predicting urban freight route choice decisions is emphasized in a recent study conducted
in Ukraine [37].

2.2. Machine Learning Methods

An emerging approach to the above-discussed discrete choice modelling is the utiliza-
tion of machine learning techniques for explaining and predicting route choice behavior.
The research work so far is comparatively less extensive. Specifically, in Japan, a study
compared binary logit models and decision trees to estimate the behavior of expressway
drivers against the selection of two alternative routes. Travel time was highlighted as a key
decision factor in both models, but the decision trees had superior predictive power [36].
Artificial neural networks were utilized in a two-stage analysis of commuting patterns in
the Minneapolis–St. Paul region, USA, where commuters were first grouped into three
clusters and then their route choice behavior was evaluated separately [34]. In the work
of Lai et al. (2019) [43], the performance of random forest models is examined, and they
are proven to be suitable for large network and real-time analyses of drivers’ route choice
behaviors when compared to random utility models. Random forest methods were also
employed along with traditional discrete choice techniques to analyze features in order
to better generate route choice sets and models [17]. In South Korea, the applicability of
advanced neural network models is demonstrated for explaining route choice behaviors,
and travel distance, cost, and safety are highlighted as important features for drivers’
route selection based on the SHAP (SHapley Additive exPlanations) machine learning
algorithm [10].

Our study of the existing literature showed a variety of cases where traditional logit
models are utilized for the estimation of user behavior. On the other hand, more modern
modelling approaches, from the spectrum of machine learning, are not so common. In our
analysis, we attempt to approach the route choice problem with two different modelling
approaches, a binary logit and an artificial neural network, compare their performance,
and identify the key parameters that influence user behavior.

3. Case Study/Data Collection
3.1. Description of Case Study

Thessaloniki is the second-largest city in Greece with a population in its metropolitan
area of about one million inhabitants [44]. It is the economic, commercial, and cultural
center of northern Greece, while at the same time it is a key transport hub at a regional
level, due to its geographical location in the Balkan peninsula. Mobility is one of the
greatest environmental and urban problems in Thessaloniki, since until now there is limited
choice of travel options and transport modes, resulting in the increased use of private cars,
worsening air pollution, and quality of life in general [45].

Thessaloniki’s Internal Ring Road extends over a total length of 22 km and is probably
the most important road infrastructure in Thessaloniki as it ensures the bypass of the city to
many daily commuters in the area. The road was designed in the late 1970s with two lanes
and an emergency lane in each direction and its construction, which was implemented
by segment, was completed in 1993. The road was subsequently upgraded to become
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a closed motorway with interchanges, with three lanes and no emergency lane in each
direction. The number of vehicle crossings per day has increased from 40,000 initially to
120,000 vehicles in 2020 [46,47]. These figures would have increased even more had it not
been for the long-lasting economic crisis and the COVID-19 pandemic.

Based on the above geometric and operational characteristics, the upgrade of the
Internal Ring Road is deemed necessary to be able to serve vehicle traffic that is expected
to increase significantly in the coming years and to significantly improve the level of road
safety, which is at a very low level in the current situation. In the past, various solutions
for the upgrading of the Internal Ring Road were considered but were rejected mainly for
environmental reasons but also due to high implementation and operational costs.

The solution that was finally adopted concerns the upgrading of the existing Internal
Ring Road with the construction of an elevated expressway with two lanes and an emer-
gency lane over a length of 9.5 km. The whole project, named Flyover, was decided to be
financed through Public Private Partnership and is expected to be completed by the end
of 2026. Flyover will serve 10,000 vehicles per hour in each direction and there will be no
tolls. Only cars and small trucks will enter the new motorway while heavy vehicles will be
required to use the existing Internal Ring Road. Finally, it will serve only through traffic
between East and West Thessaloniki with no intermediate exits (Figure 2). The project
has a total budget of €478 million and will be the largest road infrastructure project in
Thessaloniki for many years.
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3.2. Data Collection Survey (RP/SP Survey Description)

In line with our research objective, an online web-based questionnaire survey was
conducted among residents of Thessaloniki and the surrounding areas in February–March
2021. The aim of the survey was to investigate user behavior for different modes of transport
(private cars, motorcycles, trucks, taxi, and buses) in the Internal Ring Road in Thessaloniki
and assess the willingness to use the new Flyover motorway. The questionnaire was
structured in three sections, each of which consisted of different types of questions.
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The first part of the questionnaire is related to the revealed preference (RP) part of the
survey and included questions about the respondents’ most recent trip on the Internal Ring
Road in Thessaloniki. This specific section of the questionnaire was designed to collect
data such as trip frequency and purpose, route length, rating of the Internal Ring Road in
terms of specific characteristics (comfort, safety, etc.), as well as whether the respondent
has encountered an unexpected event (e.g., accident) during their trip and the frequency of
such events based on his/her experience.

The second part of the questionnaire included the stated preference (SP) part of the
survey, where respondents were presented with a set of cards with hypothetical scenarios
for two alternative trip routes. An initial assumption was made of a hypothetical trip,
starting from the west, and heading to the east districts of the city or vice versa, for all
respondents. This assumption was necessary to have a common principle based on which
respondents consider their alternatives. To perform this trip, the user can follow two
possible routes, Route A: existing Internal Ring Road and Route B: Flyover. Before the
alternative scenarios were presented, a brief description of the main characteristics of Route
A and Route B was given, showing indicative road lengths, number of lanes, and road
capacity. In total, nine different scenarios were formed and the total trip duration, the
probability of a serious accident, and the recovery time in case of an accident were chosen
as the main attributes of the two alternative routes.

The aforementioned attributes of the SP survey were chosen due to the fact that
the main differences between the alternative routes examined are mainly related to trip
duration and the level of road safety which is either expressed in terms of the probability of
a serious accident to occur or is also linked to the time required to return traffic to normal
after an incident occurs. Common variables examined in such surveys, such as travel cost,
were decided not to be considered in the specific questionnaire survey as the total travel
cost on both routes is considered to be identical, mainly due to the absence of tolls on the
new motorway.

The determination of trip characteristics’ values for both routes was not made ran-
domly but was based on the traffic simulation model created within the Flyover investment
project as well as on relevant studies and other data collected. The nine cards with hypo-
thetical choice scenarios for both routes were then presented to the users.

Table 2 shows the attribute levels, as were given to the respondents through the SP
card games. Overall, the construction of the new motorway is expected to reduce travel
time as it would reduce delays that may be caused by heavy vehicle traffic, delays that may
be associated with the absence of an emergency lane, and delays that may be caused by the
presence of a high number of interchanges serving as entry/exit points to a motorway. All
the above would also improve the level of road safety in the new motorway compared to
the relatively low safety level in the current situation. However, accident recovery time
is expected to be increased in the new motorway, namely because Flyover will operate
as a “closed” motorway as there will be entry/exit points only at the start and at the
end of the motorway, thus making it more difficult for emergency services to approach a
potential accident.

Table 2. Variables and attribute levels for the SP survey.

Attributes Route A: Internal Ring Road Route B: Flyover

Travel time (min) 7 9 12 7 8 9

Possibility of serious accident (%) 2 4 6 1 2 3

Accident recovery time (min) 15 25 45 20 40 60

The third and last part of the questionnaire included questions about socioeconomic
characteristics such as gender, age, number of persons living in the same household, income,
occupation, etc.
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3.3. Data Overview

Due to the COVID-19 pandemic, the questionnaire survey was conducted using elec-
tronic mass media (e.g., social media, e-newspapers, etc.). In total, 450 valid questionnaires
were collected [48]. Tables 3 and 4 present the descriptive statistics for the scale and nom-
inal/ordinal variables, respectively, which were quantified by this questionnaire survey
and used further in the analysis of this study.

Table 3. Descriptive characteristics of main scale variables.

Variable Description Min Max Mean Standard
Deviation Variance

Number_travelers Number of persons in vehicle 1.00 6.00 1.63 0.92 0.84

Number_people Number of people in the household 1.00 7.00 2.97 1.25 1.57

Number_workers Number of workers in the household 1.00 7.00 1.90 0.73 0.54

Cars Number of available cars in the household 0.00 4.00 1.68 0.77 0.59

Lorigin Trip length (km) from origin to destination
on the Internal Ring Road 0.00 12.80 6.28 4.35 18.92

Ldestination Trip length (km) from destination to origin
on the Internal Ring Road 0.00 12.80 6.05 4.34 18.88

Frequency_accident Accident occurrence frequency
(Internal Ring Road) 0.00 100.00 13.14 16.85 283.75

Travel_Time_Difference Travel time (Internal Ring Road) (−) Travel
Time (Flyover) (based on SP attribute levels) −2.00 * 5.00 1.33 2.87 8.22

Accident_Difference

Probability of accident occurrence
(Internal Ring Road) (−) Probability of

accident occurrence (Flyover)
(based on SP attribute levels)

−1.00 * 5.00 2.00 2.45 6.00

Recovery_Time_Difference

Recovery time in case of an accident
(Internal Ring Road) (−) Recovery time in

case of an accident (Flyover)
(based on SP attribute levels)

−35.00 * 5.00 −11.67 17.00 288.96

* In case the difference between the SP attribute levels of the two possible routes (Internal Ring Road (−) Flyover)
are examined, negative values indicate that the relative values for the Internal Ring Road are lower than those of
the Flyover.

Table 4. Descriptive characteristics of main nominal/ordinal variables.

Variable Description Range Frequency Type of Variable

Years Years of use (Internal Ring Road)

1: 0–5 years 19.30%

Ordinal
2: 5–10 years 15.30%

3: 10–15 years 16.40%

4: >15 years 48.90%

Frequency Frequency of use (Internal Ring Road)

1: 5–7 times per week 31.80%

Ordinal

2: 2–4 times per week 23.80%

3: Once per week 12.00%

4: Few times per month 18.70%

5: Few times per year 13.80%
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Table 4. Cont.

Variable Description Range Frequency Type of Variable

Mode
Transport mode used during last trip

(Internal Ring Road)

1: Car (as a driver) 81.60%

Nominal

2: Car (as a passenger) 12.90%

3: Motorcycle 2.00%

4: Bus 0.90%

5: Taxi 0.20%

6: Light truck 2.20%

7: Heavy truck 0.20%

Reason_trip Trip purpose of last trip
(Internal Ring Road)

1: Commuting 32.40%

Nominal

2: Business purposes 21.30%

3: Education 3.10%

4: Recreation 28.40%

5: Health/Other 7.10%

6: Companion 7.60%

Road_time
Travel time assessment for the most

recent trip (Internal Ring Road)

1: Very bad 5.10%

Ordinal

2: Bad 10.20%

3: Neutral 34.70%

4: Good 38.70%

5: Very good 11.30%

Road_cost
Travel cost assessment for the most

recent trip (Internal Ring Road)

1: Very bad 4.20%

Ordinal

2: Bad 9.60%

3: Neutral 41.60%

4: Good 28.40%

5: Very good 16.20%

Road_safety Safety assessment for the most recent
trip (Internal Ring Road)

1: Very bad 29.80%

Ordinal

2: Bad 38.00%

3: Neutral 21.30%

4: Good 9.10%

5: Very good 1.80%

Road_comfort
Comfort assessment for the most
recent trip (Internal Ring Road)

1: Very bad 15.60%

Ordinal

2: Bad 30.40%

3: Neutral 32.20%

4: Good 16.70%

5: Very good 5.10%

Road_environment
Environmental impact assessment for
the most recent trip (Internal Ring Road)

1: Very bad 10.00%

Ordinal

2: Bad 22.40%

3: Neutral 49.80%

4: Good 14.20%

5: Very good 3.60%



Sustainability 2023, 15, 4614 11 of 23

Table 4. Cont.

Variable Description Range Frequency Type of Variable

Road_reliability Reliability assessment for the most
recent trip (Internal Ring Road)

1: Very bad 18.20%

Ordinal

2: Bad 31.60%

3: Neutral 35.60%

4: Good 12.20%

5: Very good 2.40%

Road_info
Information assessment for the most

recent trip (Internal Ring Road)

1: Very bad 30.90%

Ordinal

2: Bad 33.30%

3: Neutral 25.60%

4: Good 8.90%

5: Very good 1.30%

Road_service
Service assessment

(Internal Ring Road)

1: Very bad 21.10%

Ordinal

2: Bad 27.60%

3: Neutral 36.40%

4: Good 12.00%

5: Very good 2.90%

Accident Accident occurrence in a past trip
0: No 14.90%

Nominal
1: Yes 85.10%

Gender Gender of respondents
0: Male 66.70%

Nominal
1: Female 33.30%

Age Age of respondents

1: 18–24 17.80%

Ordinal

2: 25–34 23.80%

3: 35–44 27.10%

4: 45–54 21.10%

5: 55–65 8.00%

6: >65 2.20%

Monthly_income Monthly household income
of respondents

1: <500€ 3.10%

Ordinal

2: 500–1000€ 15.10%

3: 1001–2000€ 36.20%

4: 2001–3000€ 26.00%

5: 3001–4000€ 6.20%

6: >4000€ 13.30%

Work Occupation of respondents

1: Employee 51.10%

Nominal

2: Freelancer 27.10%

3: Student 15.80%

4: Housekeeping 1.80%

5: Retired 4.20%

Residence Residence in Thessaloniki
0: No 5.60%

Nominal
1: Yes 94.40%

Choice
Choice of users

(based on SP responses)
0: Existing motorway 35.40%

Nominal
1: Flyover 64.70%
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The main conclusions that emerged from the analysis of the survey results can be
summarized as follows:

• About half of the survey respondents have been using the Internal Ring Road for more
than 15 years while more than 67% of the respondents use the existing motorway at
least once a week, which highlights the importance of the road axis under examination
for the city of Thessaloniki.

• Commuting seems to be the most prevalent trip purpose when using the Internal Ring
Road for 32.40% of the sample, followed closely by trips for recreation purposes.

• Regarding the qualitative evaluation of the existing motorway based on specific
criteria, the analysis showed that the lowest scores were given to safety conditions and
information provision about accidents and other incidents, while the highest scores
were given to travel time and cost.

• Most of the sample, namely 85.10%, has experienced an unexpected event during their
trips on the Internal Ring Road, a very high percentage that raises several concerns
about the safety conditions and the level of service of this central artery of the city.
Such events can be either an accident or road maintenance incident, which can cause
the temporary closure of traffic lanes and lead to long delays due to the lack of an
emergency traffic lane.

• A percentage of around 20% of the sample uses the existing Ring Road from its initial
to its final junction, namely through trips from East to West Thessaloniki and vice
versa. This is a significant percentage of traffic that can be served by the construction
of the Flyover.

• Regarding the socioeconomic characteristics of the sample: 33.3% were women, 27.10%
of the participants belong to the age group 35–44, the average total number of persons
in the household is 3 persons, and the average total number of vehicles in the house-
hold accounts for 2 vehicles. The monthly household income for more than 50% of
the respondents is <2000 € while 51.1% of the sample are employees in the public or
private sector. Age and income were considered as the two control variables used for
the representativeness of the sample to the total population.

• Finally, based on the responses of the SP part of the survey, almost 65% of users would
choose the Flyover as an alternative trip route, which proves the attractiveness of the
new motorway.

Before proceeding further to the development of the route choice models, it is crucial
to examine the relationship between the dependent variable of our survey, namely the
choice of users, with all the other independent variables of our sample. The correlation
between the variables was examined to determine which of them would be taken into
account as input variables for the formulation of the route choice models.

In our analysis, we assessed correlations at a significance level of 95%, with the use
of appropriate inferential statistical tests. The selection of the appropriate statistical tests
was based on the type of variables examined each time [49]. Correlations of the different
independent variables were assessed against the dependent variable of “choice”. To this
end, the impact of different variables on users’ route choice is examined. Table 5 presents
the results of the statistical tests performed in the context of the present study.

Based on the above results, it can be concluded that the parameters that influence the
choice of commuters the most are:

• User characteristics such as gender as it appears that women, compared to men, are
more likely to choose the new motorway.

• Qualitative characteristics of the existing motorway such as safety, comfort, reliability,
information, service, and travel time assessment. The higher the rating given to the
above characteristics, the more likely users are to continue to use the existing Internal
Ring Road.

• Trip characteristics and, more specifically, the difference between alternative routes
regarding travel time, probability of accident occurrence, and recovery time in case of
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an incident. The better trip characteristics of one route are compared to the other, the
more likely users are to choose the specific route over the other.

Table 5. Statistical test results (* denotes a variable significant at the 0.05 level).

Dependent
Variable Independent Variable Type of Test Value Sig.

Choice

Years Mann–Whitney U −0.48 0.64

Frequency Mann–Whitney U −1.04 0.30

Mode Chi-squared test 7.06 0.32

Reason_trip Chi-squared test 6.89 0.23

Road_time Mann–Whitney U −3.27 0.01 *

Road_cost Mann–Whitney U −1.44 0.15

Road_safety Mann–Whitney U −6.43 0.00 *

Road_comfort Mann–Whitney U −6.58 0.00 *

Road_environment Mann–Whitney U −1.56 0.12

Road_reliability Mann–Whitney U −5.47 0.00 *

Road_info Mann–Whitney U −3.53 0.00 *

Road_service Mann–Whitney U −2.85 0.00 *

Accident Chi-squared test 2.48 0.12

Gender Chi-squared test 3.75 0.05 *

Age Mann–Whitney U −1.14 0.25

Monthly_income Mann–Whitney U −1.44 0.15

Work Chi-squared test 14.78 0.05 *

Residence Chi-squared test 0.36 0.55

Number_travelers Independent Samples t Test 1.01 0.90

Number_people Independent Samples t Test 4.95 0.41

Number_workers Independent Samples t Test 2.07 0.95

Cars Independent Samples t Test 1.24 0.50

Lorigin Independent Samples t Test 1.08 0.06

Ldestination Independent Samples t Test 0.05 0.12

Frequency_accident Independent Samples t Test 10.89 0.11

Travel_Time_Difference Independent Samples t Test 59.42 0.00 *

Accident_Difference Independent Samples t Test 26.45 0.00 *

Recovery_Time_Difference Independent Samples t Test 194.90 0.00 *

4. Route Choice Models
4.1. Binary Logit Regression

The primary purpose of this section is to examine the intention of respondents to
choose one route over the other. To this end, binary route choice models are constructed
through the binary logistic regression process and the use of the statistical program IBM
SPSS Statistics [50]. Generally, a binary logistic regression predicts the probability that an
observation falls into one of two categories of a dichotomous dependent variable based on
one or more independent variables that can be either continuous or categorical. In develop-



Sustainability 2023, 15, 4614 14 of 23

ing the logistic regression equation, the LN of the odds represents a logit transformation,
where the logit is a function of covariates such that [50]:

Yi = logit(Pi) = LN
(

Pi
1 − Pi

)
= β0 + β1 × X1,i + β2 × X2,i + . . . . . . + βK × XK,i (1)

where β0 is the model constant and the β1, . . . , βK are the unknown parameters corre-
sponding with the explanatory variables (Xk, k = 1, . . . , K the set of independent variables).

Based on specific trip and route characteristics, drivers who currently use the Internal
Ring Road in Thessaloniki have two distinct choices, to continue using the existing motor-
way or to shift to the new Flyover. Thus, a binary logistic regression model could be used
for explaining drivers’ behavior as a function of various observable factors. The variables
tested for inclusion in the model are the following:

• Route characteristics as presented in the SP part of the questionnaire (travel time,
probability of a serious accident, and the recovery time in case of an accident).

• Trip characteristics (trip purpose, frequency, assessment of existing infrastructure, etc.).
• User characteristics (gender, age, income, etc.).

The description and coding of all variables tested in the model are presented in
Tables 2 and 3. The dependent variable is the users’ choice, taking values 0 and 1. Zero
(0) stands for selecting the existing Internal Ring Road and one (1) for selecting the new
Flyover. Different combinations of explanatory variables were tested. The form of the
model is given by the following Equation (2) [50]:

Pi ( f lyover) =
e(b0+ b1∗x1+ b2∗ x2+···+ bk∗ xk)

1 + e(b0+ b1∗x1+ b2∗ x2+···+ bk∗ xk)
(2)

where
Pi is the probability of the ith case to choose the Flyover,
bi is the odds ratio.
The statistical tests carried out in order to evaluate the statistical significance of the

model were the following:

• The Nagelkerke R Square index, which gives an indication of the size of the sample
variance that is ultimately interpreted by the regression. The closer to 1 the value of
this indicator is, the better the model adapts to the sample data.

• Another measure of the good adaptation of the model is the Classification Table, which
compares the observed probabilities with those provided for by the model. The higher
the percentage of cases of the dependent variable correctly predicted based on the
model, the better the model adjustment [50].

4.2. Artificial Neural Network

For the purpose of achieving the best possible predicting model of the user’s road
choice behavior, we developed an artificial neural network (ANN) additional to the binary
regression model. The ability of ANNs to fit complex datasets and in some cases identify
latent relations between variables are some of their advantages against traditional statistical
models. On the other hand, the higher computational requirements, in combination with
their non-parametric nature, often deter researchers from choosing them.

Depending on the problem at hand, different types of ANNs can be used. For instance,
convolutional neural networks are mainly exploited in problems of computer vision, while
recurrent neural networks can be used to incorporate temporal parameters in an analysis.
The widest family of ANNs, the feedforward neural networks, have a wide variety of ap-
plications, through their ability to solve regression, classification, and clustering problems.

The architecture of an ANN, i.e., the number of layers and the number of neurons
in each layer, is the most crucial part of developing the model. The determination of
the optimal combination of layers and neurons is determined through a trial-and-error
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approach, with the assessment of performance metrics working as a guide for the suitability
of each combination. Along with the architecture, the hyperparameters of the network
also affect the performance of the model. Among those parameters are the activation
function associated with each layer of the network, the number of training cycles of the
network, called epochs, the learning rate of the network, and the batch size, which refers to
the number of data points/rows inserted in the network at each training instance.

Model Architecture and Complexity Assessment

In our analysis, we chose a feedforward neural network with backpropagation as our
model. In order to determine the optimal model, we assessed the achieved accuracy of
several different architectures. However, although higher accuracy is the main requirement
for all predictive models, in the case of deep learning, this could come at the cost of high
computation time and high resource consumption, especially when it comes to large and
detailed datasets [51]. As a result, an additional parameter that needs to be taken into
account when choosing the optimal model is its complexity.

Model optimization based on complexity is a process that can include a variety of
parameters, such as model framework, optimization process, data complexity, etc. Model
size is also a parameter that affects complexity and in cases where all other parameters are
fixed, can be regarded as a measure of complexity [52]. A common metric of model size is
the number of trainable parameters, which translates as the number of weights and biases
that need to be optimized during the model’s training process. Processing time can also be
regarded as a metric of model complexity, one that is directly in conjunction with model
size, as more complex models often take more time to train.

In the case of our model, we chose the number of trainable parameters and the
processing time as measures of complexity. Figure 3 illustrates the results of the complexity
analysis. As can be seen, the best overall performance was achieved by the architecture
that includes three hidden layers of eight neurons each. More complex architectures led to
marginal gains in accuracy (size of 0.1–0.5%), while at the same time significant overfitting
was observed along with unstable performance through the training epochs. Additionally,
increased complexity also affected processing time, with the selected model architecture
achieving the optimal trade-off between accuracy and processing time.
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Figure 3. Accuracy for different network architecture combinations (the values inside the brackets
refer to the number of trainable parameters per network architecture, while the values inside paren-
theses refer to the processing time in seconds; the metrics of the chosen network architecture are
highlighted in bold).

The architecture of the network was completed with the addition of the input layer,
which consists of the X vector (Equation (3)), which includes five neurons, as many as the
independent variables of our problem (the same variables that were included in the binary
logit regression model) and the output layer, which consists of two neurons, as many as the
classes of our dependent variable.

X , [X1, X2, . . . , X5] (3)

Concerning the activation functions, we chose to use the sigmoid function (Equation (4))
between all layers, as it provided more robust results. Furthermore, several trials with
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different values for the learning rate and the batch size were attempted, with the values
of 0.0001 and 256, respectively, returning the best overall performance. The model was
trained on an 80/20 dataset ratio for 300 epochs, after which, according to the learning
curves (Figure 4), the model does not achieve higher accuracy.

f =
1

1 + e−x (4)
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The evaluation of the performance of the ANN model was performed based on the
classification table, as well as the values of different metrics, i.e., accuracy, precision, and
recall described from the following equations:

Accuracy =
TP + TN

TP + FP + TN + FN
(5)

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)

where TP (true positives) are the values that are correctly assigned to class i, TN (true
negatives) are the values correctly not assigned to class i, FP (false positives) are the values
falsely assigned to class i, and FN (false negatives) are the values falsely not assigned to
class i.

After the establishment of the most robust model, the SHAP algorithm [53] was fitted
for the estimation of the effect of each of the independent variables on the choice of users.
More importantly, since the network that was finally chosen is comprised of three (3)
hidden layers, and thus, is a deep learning network, the algorithm that was chosen was the
DeepSHAP algorithm.

5. Results and Discussion

The analysis of the results focuses on two objectives; firstly, the assessment of the
predictive capabilities of the two applied methods and secondly, the determination of the
factors that affect user choice, as deriving from each model. Concerning the fit of both
models on the user choice problem, both applied models demonstrated similar predictive
capabilities, with the ANN appearing to be slightly more accurate.

The accuracy of the regression model, as can be seen in Table 6, is 81%. By looking
at the parameter estimates for each variable, we can initially assume that there is an a
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priori tendency of drivers toward choosing the flyover for their travel. The most important
parameters that affect users’ decision are the probability of accident occurrence, travel
time, and recovery time in case of an accident. Results also indicate that improved road
conditions on the new motorway compared to the existing situation, prompt users to
choose the new alternative route. Furthermore, users who make longer journeys are more
likely to use the new flyover. When it comes to the quality of service of the existing road, it
is evident that road safety is the most important criterion in route selection, which again
demonstrates the low level of road safety characterizing the existing road infrastructure.
Other quality of service parameters were not considered to be included in the model due to
multicollinearity issues with the other independent variables and weak correlation with
the dependent variable.

Table 6. Parameter estimates and performance metrics for the binary regression model.

Variable B Std. Error Sig. exp(B)

intercept 0.33 0.15 0.03 1.40

Travel_Time_Difference 0.30 0.02 0.00 1.36

Accident_Difference 0.49 0.02 0.00 1.63

Recovery_Time_Difference 0.05 0.00 0.00 1.05

Length to destination 0.04 0.01 0.01 1.04

Safety_assessment_bad −0.65 0.12 0.00 0.52

Safety_assessment_neutral −0.82 0.14 0.00 0.44

Safety_assessment_good −0.89 0.19 0.00 0.41

Safety_assessment_very_good −0.93 0.43 0.03 0.39

Performance metrics

Nagelkerke R Square 0.44

Percentage correct (existing motorway) 58.70%

Percentage correct (flyover) 93.10%

Overall accuracy 81.00%

The calculation of the odds ratio ((exp(B) in Table 6) allows for the comparison of the
effect of each independent variable to the outcome of the model. Based on the results, it
can be concluded that the most important parameter that affects users’ choice is travel time,
probability of accident occurrence, and recovery time in case of an accident.

Furthermore, probability charts for the binary choice model were also constructed for
travel time, probability of accident occurrence, and recovery time in case of an accident
(Figures 5–7). For each examined variable, different attribute levels were examined while
for the other variables, the mean values were used for the calculation of probabilities. These
charts indicate that users’ choice is most influenced by the difference in the probability
of accident occurrence between the examined routes. Even if the probability of accident
occurrence in the existing motorway is lower than that of the new motorway, users tend
to choose the Flyover to a higher percentage compared to the existing motorway. On the
other hand, even when travel time and recovery time in case of an accident is to some
extent longer in the existing situation compared to the new one, users appear reluctant to
choose the new route over the one they already use. Once again, it is proven that one of the
greatest problems of the Internal Ring Road is road safety.



Sustainability 2023, 15, 4614 18 of 23

Sustainability 2023, 15, x FOR PEER REVIEW 17 of 22 
 

Safety_assessment_neutral −0.82 0.14 0.00 0.44 
Safety_assessment_good −0.89 0.19 0.00 0.41 

Safety_assessment_very_good −0.93 0.43 0.03 0.39 
Performance metrics 

Nagelkerke R Square 0.44 
Percentage correct (existing motorway) 58.70% 

Percentage correct (flyover) 93.10% 
Overall accuracy 81.00% 

The calculation of the odds ratio ((exp(B) in Table 6) allows for the comparison of the 
effect of each independent variable to the outcome of the model. Based on the results, it 
can be concluded that the most important parameter that affects users’ choice is travel 
time, probability of accident occurrence, and recovery time in case of an accident. 

Furthermore, probability charts for the binary choice model were also constructed 
for travel time, probability of accident occurrence, and recovery time in case of an accident 
(Figures 5–7). For each examined variable, different attribute levels were examined while 
for the other variables, the mean values were used for the calculation of probabilities. 
These charts indicate that users’ choice is most influenced by the difference in the proba-
bility of accident occurrence between the examined routes. Even if the probability of acci-
dent occurrence in the existing motorway is lower than that of the new motorway, users 
tend to choose the Flyover to a higher percentage compared to the existing motorway. Οn 
the other hand, even when travel time and recovery time in case of an accident is to some 
extent longer in the existing situation compared to the new one, users appear reluctant to 
choose the new route over the one they already use. Once again, it is proven that one of 
the greatest problems of the Internal Ring Road is road safety. 

 
Figure 5. Distribution of decision probability depending on travel time difference between the ex-
amined routes. 
Figure 5. Distribution of decision probability depending on travel time difference between the
examined routes.

Sustainability 2023, 15, x FOR PEER REVIEW 18 of 22 
 

 
Figure 6. Distribution of decision probability depending on difference in the probability of accident 
occurrence between the examined routes. 

 
Figure 7. Distribution of decision probability depending on difference in the recovery time in case 
of an accident between the examined routes. 

The ANN developed achieved marginally better results in comparison to the regres-
sion model, as can be seen in Table 7. More specifically, the model demonstrates an overall 
accuracy of 82.10%, while the recall metric for the users choosing the existing motorway 
and the flyover is 58.5% and 95.5%, respectively. Although the ANN is equally able to 
predict users that choose the existing road infrastructure, there is a distinguishable im-
provement in the predictive capability concerning users that choose to travel via the flyo-
ver. 

Table 7. ANN performance metrics. 

Characterization Precision Recall F1 Score Support 
Choose Existing Motorway 0.879 0.585 0.703 212 

Choose Flyover 0.802 0.955 0.872 374 
Overall accuracy 82.10% 

Figure 6. Distribution of decision probability depending on difference in the probability of accident
occurrence between the examined routes.



Sustainability 2023, 15, 4614 19 of 23

Sustainability 2023, 15, x FOR PEER REVIEW 18 of 22 
 

 
Figure 6. Distribution of decision probability depending on difference in the probability of accident 
occurrence between the examined routes. 

 
Figure 7. Distribution of decision probability depending on difference in the recovery time in case 
of an accident between the examined routes. 

The ANN developed achieved marginally better results in comparison to the regres-
sion model, as can be seen in Table 7. More specifically, the model demonstrates an overall 
accuracy of 82.10%, while the recall metric for the users choosing the existing motorway 
and the flyover is 58.5% and 95.5%, respectively. Although the ANN is equally able to 
predict users that choose the existing road infrastructure, there is a distinguishable im-
provement in the predictive capability concerning users that choose to travel via the flyo-
ver. 

Table 7. ANN performance metrics. 

Characterization Precision Recall F1 Score Support 
Choose Existing Motorway 0.879 0.585 0.703 212 

Choose Flyover 0.802 0.955 0.872 374 
Overall accuracy 82.10% 

Figure 7. Distribution of decision probability depending on difference in the recovery time in case of
an accident between the examined routes.

The ANN developed achieved marginally better results in comparison to the regression
model, as can be seen in Table 7. More specifically, the model demonstrates an overall
accuracy of 82.10%, while the recall metric for the users choosing the existing motorway and
the flyover is 58.5% and 95.5%, respectively. Although the ANN is equally able to predict
users that choose the existing road infrastructure, there is a distinguishable improvement
in the predictive capability concerning users that choose to travel via the flyover.

Table 7. ANN performance metrics.

Characterization Precision Recall F1 Score Support

Choose Existing Motorway 0.879 0.585 0.703 212

Choose Flyover 0.802 0.955 0.872 374

Overall accuracy 82.10%

In succession of the development of the ANN model, the SHAP algorithm was applied,
in order to determine the effect of each of the studied variables to the dependent variable.
The results (Figure 8) indicate the difference in accident occurrence probability between
the two route options as the most important variable, while the recovery time and travel
time difference are the next two variables. For each one of these three factors, as their value
increases, meaning that travel conditions (road safety, congestion level, etc.) in the existing
road axis are worse than in the flyover, users tend to choose the flyover as their route
more often. Regarding the effect of the qualitative assessment of road safety of the existing
motorway, the higher the rating the lesser the number of users who leave the existing
motorway in favor of the flyover. Finally, the travel distance is the least important of the
variables in the model, since the SHAP values do not deviate significantly from the zero-line
as its value increases/decreases. Overall, there appears to be an agreement on the results of
both models, regarding which input variables are considered as important contributors to
route choice and how strongly each of these variables affect drivers’ decision.



Sustainability 2023, 15, 4614 20 of 23

Sustainability 2023, 15, x FOR PEER REVIEW 19 of 22 
 

In succession of the development of the ANN model, the SHAP algorithm was ap-
plied, in order to determine the effect of each of the studied variables to the dependent 
variable. The results (Figure 8) indicate the difference in accident occurrence probability 
between the two route options as the most important variable, while the recovery time 
and travel time difference are the next two variables. For each one of these three factors, 
as their value increases, meaning that travel conditions (road safety, congestion level, etc.) 
in the existing road axis are worse than in the flyover, users tend to choose the flyover as 
their route more often. Regarding the effect of the qualitative assessment of road safety of 
the existing motorway, the higher the rating the lesser the number of users who leave the 
existing motorway in favor of the flyover. Finally, the travel distance is the least important 
of the variables in the model, since the SHAP values do not deviate significantly from the 
zero-line as its value increases/decreases. Overall, there appears to be an agreement on 
the results of both models, regarding which input variables are considered as important 
contributors to route choice and how strongly each of these variables affect drivers’ deci-
sion. 

 
Figure 8. SHAP values for the effect of each independent variable on the choice of the flyover as the 
preferred travel route. 

The existing literature confirms the effect of travel time on user choice [5,6,8,9,33,36], 
while on the other hand there is limited research [9] on the significance of road safety on 
route choice. Additionally, there is no literature supporting or contradicting the effect of 
recovery time on route choice either. Furthermore, past research findings provide evi-
dence on the significance of travel distance in route choice [11,12]. 

6. Conclusions 
Route choice is one of the most important steps of transport planning and thus, the 

determination of the key factors that affect it is a constant objective of interest and re-
search. The present study aims at identifying the key factors that affect user choice be-
tween the existing ring road in Thessaloniki, Greece, and a future flyover motorway. For 
the purposes of the research, two choice models, a binary regression and an ANN, were 
developed, based on user preference data from an RP and SP survey. 

Both models demonstrated moderate predictive capabilities, with the ANN proving 
to be the most robust model of the two. After the establishment of both models, the iden-
tification of the most influential factors was undertaken. Both methods reached a similar 
outcome, by indicating the difference in travel time, accident occurrence probability, and 
recovery time between the existing and future motorway, as the three most important 
factors. In more detail, worse conditions on the existing road infrastructure, as depicted 
by these variables, lead users to choose the future flyover motorway. The significance of 

Figure 8. SHAP values for the effect of each independent variable on the choice of the flyover as the
preferred travel route.

The existing literature confirms the effect of travel time on user choice [5,6,8,9,33,36],
while on the other hand there is limited research [9] on the significance of road safety on
route choice. Additionally, there is no literature supporting or contradicting the effect of
recovery time on route choice either. Furthermore, past research findings provide evidence
on the significance of travel distance in route choice [11,12].

6. Conclusions

Route choice is one of the most important steps of transport planning and thus, the
determination of the key factors that affect it is a constant objective of interest and research.
The present study aims at identifying the key factors that affect user choice between the
existing ring road in Thessaloniki, Greece, and a future flyover motorway. For the purposes
of the research, two choice models, a binary regression and an ANN, were developed,
based on user preference data from an RP and SP survey.

Both models demonstrated moderate predictive capabilities, with the ANN proving
to be the most robust model of the two. After the establishment of both models, the
identification of the most influential factors was undertaken. Both methods reached a
similar outcome, by indicating the difference in travel time, accident occurrence probability,
and recovery time between the existing and future motorway, as the three most important
factors. In more detail, worse conditions on the existing road infrastructure, as depicted
by these variables, lead users to choose the future flyover motorway. The significance of
road safety was also underlined by the fact that users who rate safety levels on the existing
infrastructure with a lower score, are more likely to choose the flyover instead. Lastly, an
increase in trip distance also seems to favor the flyover.

Based on the empirical findings of this study, several implications can be highlighted
regarding the increase in the attractiveness of a motorway, that can be useful to transport
infrastructure operators or transport planners. Initially, the enhancement in road safety
can consequently increase the perception of safety of users and thus persuade them to
use a particular road section/axis. Additionally, an enhancement in road safety can also
contribute to the minimization of traffic disruption phenomena due to accidents, thus
ensuring direct and immediate trips. Furthermore, suitable traffic management schemes
that contribute to the limitation of traffic congestion cases and thus reduce delays, should
also be employed by planners or operators to increase the attractiveness of certain routes.
Finally, the timely detection of accidents or incidents and the corresponding immediate
action toward removing stopped vehicles and repairing infrastructure can also lead to the
increase in the attractiveness of a specific route. To that end, patrol vehicles or specialized
detection equipment (fixed cameras, drones, sensors, etc.) can be exploited to provide input
in such cases.
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Limitations of the present study mainly lie in the data collection process. A wider
survey could provide additional data that would enhance the predictive ability of the
applied models and give more detailed insight into the effect of the independent variables
on user choice. Future research can also focus on the additional assessment of the difference
in cost and in various environmental parameters between two route options as well as
on the inclusion of variables that describe the traffic composition (ratio of private cars to
heavy vehicles, autonomous vehicles, etc.). Additionally, future research could focus on the
comparative analysis of the performance of the two applied models (under different dataset
sizes, or by utilizing different optimization algorithms), i.e., binary logit and artificial neural
network, and add to the existing literature on the subject.
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