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ABSTRACT

Globally, road crashes are a leading cause of fatalities and serious injuries, placing a
significant burden on healthcare systems and resulting in substantial economic and
social losses. These challenges highlight the critical importance of road netfetyk sa
planning and policymaking. Road crashes result from a complex interplay of factors,
including roaddesign environmental conditions, vehicle characteristics, and human
behavior Among these, humdrehavioris the most significant contributor, accoimgt

for 90% of all crashes. Conventional safety planning relies on historicabds¢al

crash prediction models to minimize craslated costs. While such approaches are
helpful in pinpointing factors affecting crash frequency/severity and locatingrisigh
areas, they fail to incorporate travelers' sdfetiyaviorspreferences, and netwevkde
interactions, limiting their ability to resolve safety issues proactively. To address these
limitations, this thesis proposes integrating safety models withegtmeory and
network equilibrium approaches, enabling the explicit modeling of traveler behaviors
and interactions within transportation systems. Such integration can address several key
challenges in the field and contribute to develogingactiveimprovement strategies

and policies.

First, this thesis examines crash severity prediction modeling techniques, which rely on
two main methodological approaches: (a) statistical models and (b) machine learning
(ML) models. These approaches aim not only to improve predictive accuracy but also
to offer a better understandingthe factors influencing severity. Although ML models
often deliver superior or comparable predictive performance relative to statistical
models, limited research has explored whether the contributing factors identified by
these two approaches are consistent, particularly in the context of vulnerable road users

in developing countries. To address these gaps, this thesis utilizes motorcycle crash data



from Pakistanlt employs a Shapley valtmased cooperative game theory approach to
interpret the outputs of ML models in crash severity analysis. The results are compared
with those derived from traditional statistical models, revealinguberbehavior (e.g.,
distracted riding) is the most significant factor affecting crash severity. Moreover, the
contributing factors identified by ML models align closely with those derived from
statistical models, thus enhancing confidence in the interpiigtadfiiML models for
transportation safety analysis. Thds®lings strengthen our comprehensihML
applications in safety research and support their use in formulating effective safety

policies.

Second, this thesis highlights the need for effective screening methods that proactively
identify and rank critical links by safety importance, a crucial step for prioritizing
interventions and improving overall network saférrent approaches, such as crash
prediction models, identify critical links by analyzing relationships between variables
(e.g., roadway characteristics, traffic flow) and safety metrics like crash frequency and
severity However, these methods are limited in evaluating how disngta one or

more links (e.g., crashes) impact overall network safety due to travelers' rerouting
behavior and often ignore netwewkde interactions. This thesis addresses these
limitations by developing a framework that integrates transportation safatyses and
network equilibrium analysis using a Shapley vabased cooperative game theory
approach, where links are treated as players to accountledsaative interactions. A
flow-dependent safety evaluation metric, which asseasgety based oravying traffic
conditions, is used to calculate the Shapley value. This value represents the average
marginal contribution of links to network safety, considering all possible combinations
of links known as link coalitions. The results demonstrate thatStiepley value

comprehensively captures safety contributions, identifying links connecting multiple
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origin-destination pairs as having higher safety importance due to greater interactions.
This approach provides planners with a valuable tool to identify safigigal links,

enabling improvements in network safety during the planning stage.

Third, this thesis emphasizes the importaotenhancinghe widely used foustep
transportation planning model, which is primarily mob#tgised and often overlooks
travelers' safetpreferenceandbehaviors This model involves several key decisions
travelers make, such as whether to travel (trip generation), where to go (trip
distribution), which mode of transport to use (modal split) and which route to take
(traffic assignment). Car ownership and car type choice are integral to the trip
generationand modal split, as they influence the number of trips generated and the
modes of transport selected. Given the critical role safety plays in these decisions, as
highlighted by numerous empirical studies, it is essential to integrate safety
considerationgnto the transportation planning process. This need is further amplified
by the rise of new technologies like autonomous vehicles (AVs), which introduce
additional safety and security concerns. To address this, this thesis considers travelers'
safety behawrs across various stages of transportation planning using network
equilibrium approaches. Specifically, it employs a disechi@ce modelinghased
equilibrium analysis framework to examine joint car ownership and car type choice
behaviors It incorporatesafety and security risk concerns for both conventional and
autonomous vehicles. The findings indicate that safety preferences significantly
influence car ownership and car type decisions. Moreover, reductions in travelers' risk
perceptions toward AVehd to significant increases in AV adoption, highlighting the

critical role of public trust in transitioning to Adominated markets.

Additionally, travelers' heterogeneous safety preferences are incorporated into route

choice and traffic assignmefitA) models, exploring aspects such as safetyscious
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route choice sets, safety reliability requirements, and travelers' heterogeneous value of
safety. The results demonstrate that equilibrium flow patterns derived from these
models differ from those of conventional mobHligsed models, with higjh safety
conscious travelergrioritizing safer routes, even at the cost of longer travel times.
These models can serve as a foundation for safetgcious planning, enabling
planners to develop targeted safety improvement policies informed by travelers' safety

behaviors, rather than relying solely on historical crash data or past experiences.

In summary, this thesis contributes to transportation network safietyplanningoy
integrating safety models, cooperative game theory, and network equilibrium
approaches, offering insightsito theory and practice. First, it enhances the
interpretability of ML-based crash prediction models through the Shapley value,
comparing the consistency of crash contributing factors with traditional models and
translating these insights into policy recomm@&mons. Second, it develops a
transportation network safety analysis framework for identifying the safety critical
links, enabling proactive improvements in network safety during the planning stage.
Finally, the thesis considers travelers' safety behsvilorcarownership, car type
choice, and traffic assignment, shifting from reactive to proactive, bekawvire
strategies. Together, these enhancements provide new insights into network safety,
policy development, and safetpnscious transportation planning, esfhg practical

strategies for improving overall network safety.
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CHAPTER 1 Introduction

1.1 Background

Road crashes are among the leading causes of fatalities and serious injuries globally,
contributing to immense economic and social losses while placing significant pressure
on healthcare systenis.2021, an estimated 1.19 million individuals died as a result of
road crashes, making these incidents the foremost cause of mortality for children and
young people aged 5 to 29 and the twelfth leading cause of death @uétall 2023.

The situation is especially severe in laweome nations, where the likelihood of dying

in a road crash is three times greater than in-ligbme countries, even though these
regions possess | ess ¢ Yunerable Pébadwders,tsutleaswo r |
motorcyclists and pedestrians, are disproportionately affected, representing 30% and
21% of global road fatalitiesespectivel\WHO, 2023. Recognizing the urgency of
these challenges, the 2030 Agenda for Sustainable Develdperaphasizes road
safety as aital component of creating inclusive, safe, resilient, and sustainable cities.
Similarly, the Decade of Action for Road Safety2@02030% declared by the UN
General Assembly in 20 to savemillions of lives, underscores the need for proactive

road safety planning and evideruased policymaking

Road crashes result from a complex interplay of factors, including roadway
characteristicsenvironmental conditions, vehidleaturesand user behavigbamani

& Vedagiri, 2023 Sze & Wong, 200;AWong et al., 200/ Among these, user behavior
stands out as the most significant contributor, accounting for approximately 90% of all

crashegNHTSA, 2009. While roadwayand environmental factoso play a role,

1 https://unctad.org/publication/roahfetyconsiderationsuppori2030-agendasustainable
development
2 Decade of Action for Road Safety 262030


https://unctad.org/publication/road-safety-considerations-support-2030-agenda-sustainable-development
https://unctad.org/publication/road-safety-considerations-support-2030-agenda-sustainable-development
https://www.who.int/teams/social-determinants-of-health/safety-and-mobility/decade-of-action-for-road-safety-2021-2030

improving road safety requires a deemnderstanding of user behavid€rash
prediction models (CPMs) are widely used to identify crasftributing factors
(Mannering et al., 2090 These models rely on historical crash data to estimate crash

frequency and severity and to identify higbk locationsn a road network

Two main types of CPMs are commonly employed: traditional statistical models
(Quddus et al., 200&hankar & Mannering, 199@nd modern machine learning (ML)
models(AbdelAty & Abdelwahab, 2004Rezapour et al., 2021With the growth of

big data, ML models have gained popularity dudghieir advanced ability to make
accuratepredictons However while ML models excel in predictive accuracy, they are
often criticized for their blackox nature, as they lack interpretabiliggardinghow
variables influence outcomégudin, 2019. In contrast, although traditional statistical
models rely on assumptignsuch as specific statistical distributions, they offer the
advantage of interpretability by quantifying the effects of variables through coefficients
and elasticities.To improve the transparency of ML models, researchers have
developednterpretable ML techniquesuch aSHAP (Shapleyadditive explanations)
which is grounded in the Shapley value from cooperative game tl{eangberg &

Lee, 2017 Shapley, 1958

Although these approaches have prokelpful in reducing crastielated costsashift
toward proactive, safetgonscious planning is essential to address safety issues more
effectively. Unlike conventionalechniqwes, which assess safety only after the planning
processs complete safetyconscious planning integrates safety considerations during
the process itself. For instance, macroscopic CBWduate network safetyy using
zonallevelvariables such asip generation variables, soesxzonomic facta, and land

use(AbdelAty et al., 2013Cai et al., 2019Lovegrove & Sayed, 2006These models



help planners optimize population densities and employment intensities to achieve

desired safety outcomes.

Conventional transportation]|pl:
r Trip Ge erTartiiponDist_’lil‘inuudalonfmlit
(Travel)c_F(:Liomeatiom tr@mehtel o dh oR ocuel

Limitation Safetoymscious transpor|tation “gIMdrd
'gnoreswt_ravequwrtsegrategzmn”(arseharrlyl%tkwork Canraqctcoun
safgty pngmferences equilibrijum modell s netWAdder_S)
their choi cebs t rawé@lher
Crash(faatdalrisCrash frpfuency . i
R o a d wasye r b,e—havd)rorseve#iftceyr?f)? %Inzlr 1N IJ
enviromvelkndgller edi cti dn del s Y

Conventional safety anal ysis

Figurel.1l. An integrated approach to saf@gnscious transportation planning

However, crash datased approaches hakey limitations. They fail to account for

user behaviors and preferences, such as how individualgsamtimgsafetypreferences
maketravel choicesuch as vehicle type, and route choics] how these choices
impact overall network safetyConventional safety analysis treats traffic flow as
exogenous, overlooking the endogenous effects of user decisions and their network
wide impactsTo comprehensively evaluate the interplay between traveler behavior and
netwok safety, it is essential to explicitly incorporate safety preferences and behaviors
into transportation planningpecifically within the four steps of trip generation, trip
distribution, mode choice, and traffic assignmédspite advancements, challenges
remain, including limited data and the lack of models that capture both newidek
effects and user behaviokddressing these challenges is crucial domprehensive
transportation network safety analysis and achieving meaningful improvements in road
safety outcomesThis thesis proposes integrating crash risk models with cooperative

game theory and equilibrium analysis

t

o



behaviors, preferences, amktwork interactions Such integrationsupports the
development of proactive, behavitlyainformed safetystrategies and policieBigure

1.1 illustrates how incorporating crash risk models, game theory, and network
equilibrium approaches can model travele

process, while also highlighting the limitations of current methods.

1.2 Motivation and research gaps

A comprehensive transportation network safety analysis must overcome several critical
challenges to ensure the development of safe and reliable systems. This thesis is

motivated by the following key research gaps

First, crash severity prediction studrey on two primary methodological approaches:

(a) statistical models and machine learning (ML) models. These approacheg@im
improve predictive accuracy aradfer insights into thdactors contributing to crash
severity. While comparative studies have shown that ML models often outperform or
at least match the predictive performance of statistical m@delzsapour et al., 2021
Wahab & Jiang, 2019athere has been rgystematidnvestigation into whether the
contributing factors identified by these two approaches are consigteticularly in

the context of vulnerable users for developing countRexently, interpretable ML
techniques, such as SHAP analysis based on cooperative game theory, have been used
to explore contributing factors. Comparing the consistency of crash severity risk factors
between statistical and ML models is crucial for instyl confidence in Mkbased
approaches among transportation safety practitioners and policymakers. However, no
study has systematically examined this consistency. Addressing thisily@rovide

valuable insights and foster greater trust in ML models.



Second, #ective screening methods that proactively identify and rank critical links by
safety importance are crucial for prioritizing interventions and improawnerall
network safety.Current approaches, includingrash prediction models, typically
identify critical links by analyzing relationships between independent variables (e.g.,
roadway characteristics and traffic flow) and safety performance metrics like crash
frequency and severitistipancic et al., 205Yasmin & Eluru, 201R However, these
methods are limited in their ability to assess the contribution of individual links to the
overall network safety performanckloreover these approaches evaluate links in
isolation and fail to account for netwewkide interactions(Liu et al., 201). For
example, disruptions on orme morelinks (e.g., due to crashes) can alter traffic flow
and safety conditions on neighboring links duettos a v edroating lBehavigr
potentially affecting the entire netwoighang et al., 2023 To comprehensively
evaluate a link's contribution to network safety, it is necessary to consider its average
contribution across all possible disruption scenarios, including the ripple effects on
other links.Conventional approaches cannot capture these cooperative link interactions
or endogenous traffic flow effects they treat traffic flow as an exogenous input rather
than an endogenous outcome influenced by driver rerouting behbwiaddress these
limitations, crash risk models can be integrated with network equilibrium and game
theory (e.g., the Shapley value) approaches, enabling the proaeidication of
safetycritical links duringtransportatiorplanning while accounting for networlide

interactions.

Third, theconventionafour-step transportation planning process is primamipility-
based and often overlooks travelers' safatyferences antiehaviors This model
involves several key decisions travelers make, such as whether to (napel

generation) where to gq(trip distribution) which mode of transport to ugmodal



split), and which route to takgraffic assignmentjOrtizar & Willumsen, 201)1 Car
ownership and car type choice are integral to the trip generation and modal split, as they
influence the number of trips generated and the modes of transport sé{ected

2016. As highlighted by numerous empirical studies, safety plays a pivotal role in
shaping these decisis(Rizzi & Ortizar, 2003Yannis et al., 2006However, existing
planning models do not explicitly incorporate these safety preferences, limiting their
ability to capture how individual choices at different planning stages ultimately affect
systemwide safety.This gap is especially significant with emerging technologies like
autonomous vehicles, which raise new safety and security con@eansal &
Kockelman, 2017Hulse et al., 20083 Addressing this requires explicitly incorporating

t r a v safety bebabiors and preferences into the planning prdonésgrating safety
models within a network equilibrium framework enables modedirdgcisions such as
carownership cartype choice,and route choice under safety concefiitss proactive
approach embeds safety into the planning process, not just as a reactive response to
crash data but as a core objective, allowing for safer, beladlyiamformed
transportation networplanning Based on the discussion in this sectiBigure 1.2
illustrates the three key motivations of this thesis, highlighting the telwird more

proactive approachés road network safety.

| i ®@kef @,

~]1f@réjel

v v v
Pol icy Resource all ocatSiadwbobynsciou
recommendati onsstrategies planning

0 €. € mm e
*2l«g h]@® *jo raj{j]|®

Figurel.2. Proactive approaches to road network safety



1.3 Research objectivesnd contributions

In light of the above discussion and literature gaps, this thesis aisrshémcethe
understandingf road network safetlyy integrating crash risk models, game theory and

network equilibrium modelslhe key objectives and contributions are:

I. Analyze the consistency of crash severigk factors between statistical and

interpretable ML models for vulnerable road users.

This objective compares theash severityisk factors between traditional statistical
andmodernML modelsusing SHAP analysis (based on the Shapley value) to provide

actionable insights for policymakers

Il. Develop a proactive framework for identifying the safetyical links in a road

networkduringthe planning stage.

This objective advances the network screening analysis by proposing a framework that
identifies the most safetyritical links, i.e., those that contribute the most to network
safety. By integrating safety analysis with network equilibrium analysis and game
theory it captures the effect of travelers rerouting behaviors under link disruptions
while also accounting for the cooperative interactions between links in a transportation

network.

[ll. Develop joint car ownership and car type equilibrium choice model incorporating

travel ersod6 perceptions of safety and se

This objective aims to incorporate the tr
car ownership and car type choice stage of the planning model. It explicitly develops
an equilibrium analysis framework teodel the joint car ownership and car type choice

decisiondased on endogenous travel disutiliépnsidering the specific characteristics



of each car typdt explicitly considestravelers' risk perceptions related to safety (crash
risk) and security issues of AVs, as well as the range anxiety associated with EVSs,

within the joint choice equilibrium model.

IV. Propose a traffic assignment felalitpe wor k

andunreliability preferencealong withsafetyconscious route choice sets.

This objective advancesafetyconscious planninpy 1 ncor por ating tr e
behaviors and preferences within a network equilibrium framework. It models the

t r a v betemgeseduyzreferences for reliability and unreliability of safety variability

and considerssafetyconscious route choice sdbr each user classt divides the

population into discrete class@$us, users within each class have heterogenous safety
reliability requirements as well as their own route choice &t objective ans to

explore thenetwork flowpatterns oheterogeneoussers

V. Develop a traffic assignment f r-affme wo r k
between travel time and safety by incorporating their hetesogen safety

preferences.

This objective focuses on modeling the tradiebetween travel time and safety for
travelers with heterogeneous safety preferendes value of safety (VoS) is proposed
to model travelers' heterogeneous safety preferentiee proposed model can
endogenously determine the number of user classes and their travel patterns in a

network by incorporating VoS as a continuous variable.

Figure 1.3 summarizesach objectivehighlighting the features being modeled, the
models being used, atitkir outomesand implicationsThis visual overview provides
a clear roadmap of how the studyods object

overall research framework.
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objective

1.4 Research gynificance

This thesis contributes to transportation network sad@ity planningby integrating

crash risk models, cooperative game theory, and network equilibrium apprddghes.
highlighting the consistency of crash severity risk factors between statistical and ML
models it enhances the confidence of researchers and safety planners in using the ML
models for policymaking and improvement strategies for network safety. Based on the
identified factors it provides policy recommendations for improving the safety of
motorcyclists in a developing country. Moreover, it provides a framework for
proactivelyrecognizingthe safetycritical links in a transportation network that can be

used for investment strategi@sringthe planning stage.

It most importantlyadvancesafetyconscious transportation planning by integrating

t r av el eprefed@nceaadbahaviprs into car ownership, route choice, and traffic



assignment models. It enables planners to anticipate how travel patterns may shift as
safety becomes a more prominent consideration in the era of emerging technologies.
By providing tools to design safer transportation networks and develop targeted safety
improvement policies based on traveler behavather than relying solely on historical
crash data or past experiendss work has the potential to transform transportation
planning.It ensures the development of safer, more reliable transportatiwarike by

prioritizing safety alongside mobility

1.5 Thesis Organization

This thesis is organized into eight chaptarsl two partsThe thesis structure is

presented ifrigurel.4.

Chapb8afety inl Car \‘
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|
Research badckgraoundEndogenous travel disuti/l
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Figurel.4. Thesis structure
Chapter Jpresents the research problem and detailglifetivesof the study Chapter
2 presents a comprehensive literature revieart | which focuses on crash severity
factors investigation and network safety evaluaticonsists of Chapter3 and 4.

Chapter 3 analyzes crash severity risk factors using crash prediction models. Chapter 4

10



develops a proactive tool for evaluating road network saRatst. I, which focusesn
incorporating travelersd safety behavior:
with particular emphasis on car ownership choices and traffic assignroasists of

Chapters 5 to.7The detailed content of each chapter is described below:

Chapter 1introduces the research background, establishing the context for this thesis.
It then presents the motivation for the study and identifies specific research gaps
addressed in this work. The chapter clearly states the research objectives and outlines
the key contributions of the thesis, followed by a discussion of its overall significance.
Finally, it concludes with an overview of the thesis structhrefly outlining each

subsequent chapter.

Chapter 2 presents a comprehensive literature review relevant to the research
objectives of this thesis. It first examines existing crash severity prediction models and
network screening approaches. The chapter then rethe8sapley valudased game

theoretical method®r transportation safety and network analysis. Finally, it explores
travel ersé safety behaviors famugdngoprcaef er en

ownership, car type selection, and route choice.

Chapter 3 addressethe first research objective by assessing the consistency of crash
severity risk factors identified by statistical and machine learning modedsShapley

value method from cooperative game theory is used to interpret the machine learning
models' resultsUsing crash data for vulnerable road users from a developing country,

this chapter also provides policy recommendations aimed at enhancing road safety

Chapter 4 addresses the second research objective by developing a tool for proactively
identifying safetycritical links within a road network during the planning stage. This

chapter integrates transportation safety analys@ditionally conducted without

11



considering network effegtsand transportation network analyéigpically performed

without accounting for safety impagissing a Shapley valdeased cooperative game

theory approaclCo mbi ni ng t hese met hodol ogi es, the
rerouting behaviors and cooperative interactions among network links under all
possible disruption scenarios, thereby comprehensively identifiimgnost safety

critical links.

Chapter 5 addresses the third research objective by proposing an equilibrium
framework for jointly modeling car ownership and car type choice decisions,
incorporating endogenous travel disutility and the specific characteristics of each car

type. The model explicgl ac c ount s pdreeptiond of safetg and sesudity
regardingautonomous vehicleSpecifically, a dogit model is adopted to model the car
ownership choice by considering captive travelaral a nested logit (NL) model is

adopted to moel the car type choice by accounting for similarities among different car

types based on their associated risk perceptibims. framework supports evaluating

and developing safety onsci ous transportation polici

perceptions and demati@pendent disutility into lorterm decisiormaking

Chapter 6 addresses the fourth research objectivey model i ng tra
heterogeneous safety preferences in the traffic assignment model. It intr@suces
integrated network equilibrium framework that models safetyscious classpecific

route choice sets while simultaneously incorporating travelers' concerns about the
reliability and unreliability of safety and travel timEhe route choice set for each class

is defined based on their safety score requirements, with the score of each route
guantified byits roadway characteristic3.he users are divided into two discrete
classesThe safety variabilitconcerndor heterogeneous travelers are modeled using

t h erelidble mearexcess concept, aracrash risk cost distribution represents their

12



safety variability concern3he proposed framewognables transportation planners to

consider the impact of evolving travel behaviors on demand trends

Chapter 7 addresses the fifth research objective by modeling thedafety tradeoff

in traffic assignment for travelers with heterogeneous safety preferences. It introduces
the concept ofhevalue of safety (VoS) as a continuous variable, enabling a nuanced
representation of individual safety preferences rather than grouping travelers into
discrete classes. A bicriteria traffic assignment model incorporating the continuous VoS
distributiondetermines route flows betwe@D pairs based otravel time andafety
considerations. This framework provides a foundation for saf@tgcious planning,
allowing transportation planners to develop targeted safety improvement policies

informed by travelersd safety behaviors.

Chapter8 summari zes the thesisbds primary cont

further research
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CHAPTER 2 Literature Review

Overview
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terature

2.1 provides an overview of different sections related to each objective.
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The primary objective of this thesis isdnhancéransportation network safety analysis
by integrating crash risk models, game theory and equilibrium analysis chapter
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Section 2.2 examines: (a) craslseverity prediction modeling techniques using
motorcycle crash data, (b) factors influencing crash severity for motorcyclists, and (c)
crash predictiotbased road network screening technigu&esction 2.3 explores the

application of cooperative game theory, particularly the Shapley value, in the context
of (a) transportation network safety analysis and (b) transportation network analysis
of

perception®n (a) their vehicle choices in the era of autonomous vehicles and (b) their
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route choices and traffic assignment models. This structured approach ensures a
thorough examination of the key areas relevant to transportation network safety analysis

by identifying theknowledgegaps in SectioR.5.

2.2 Transportation safety analysis using crash prediction models

2.2.1 Statistical models for motorcycle crash severity analysis

Statisticalmodels such as thaultinomial logit MNL) model(Shankar & Mannering,

1996 Wahab & Jiang, 2019bthe ordered logit mod€D'donnell & Connor, 1996
PourRouholamin et al., 20)7and the ordered probit modgl et al., 2021 Zeng et

al., 2022 have been widely used for modeling motorcycle crash injury severity.
Shankar and Mannering (1996ised the MNL model to investigate the factors
contributing to motorcycle crash injury severifyuddus et al. (2002)sed the ordered
probit model to account for the ordinal nature of motorcycle crash severity outcomes.
In more recent studie®ahman et al. (2021)sed the binary logit model, whereas
Schneider and Savolainen (20u$ed the MNL model and the ordered probit model to
study the crash injury severity levels of motorcycle crashes. These models have shown

promising performance in investigating the contributing factors.

However, these models are not without limitations. They assume that estimated
parameters are fixed and do not vary across observaiidmsh might not entirely

reflect the real world. Due to unobserved factors (not collected in the data, such as
driver aggression), the effects of an observed variable might be different across
different individuals instead of fixed effects over the popoia Ignoring the
unobserved factors may result in biased parameter estimates (termed unobserved
heterogeneityfPervez et al., 2031Several kinds of random parameter models have

been introduced to address these concerns, including the mixed or random parameter
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logit/probit model(Islam et al., 2014Pervez et al., 203,Land the latent class model
with random parametefShaheed & Gkritza, 20)4Kitali et al. (2020)analyzed the
injury severity of motorcycle crashes in Dar es Salaam, Tanzania, using the Bayesian
Dirichlet-MNL model and four years of data (2G2816). This model accounts for
unobserved heterogeneity by including a Dirichlet random effect paramebdary,

Cunto and Ferreira (201@dopted mixeardered response models to investigate the
factors influencingnotorcycle craslinjury severityin the urban streets of Fortaleza,
Brazil. Specifically, they estimated conventional and migedered logit models using

8 years of crash data (2Q@D11). Farid and Ksaibati (2021extended the random
parameter logit model by considering interaction effects and revealed several
unobserved effects and interaction effects pertaining to motorcycle crash injury

severity.
2.2.2 Machine learning models for motorcycle crash severity analysis

Although the statistical models introducedSection2.2.1 can be easily interpreted,

the performance of these models in terms of prediction accuracy may not be the best as
they cannot capture the complex relationships between dependent variables and a large
number of predictors. In recent years, ML methods hawerged as promising
alternatives that address tlsgnificant limitations of statistical models. Unlike
traditional statistical methods, ML models do not rely on strong assumptions as needed
in statistical models (such as th® lhassumption of MNL model) and can better deal

with complex nonlinear relationship between dependent and independent vdtiables

et al.,, 2013 ML models such as artificial neural networks, support vector machines
(SVM), decision tree (DT), the random forest (RF), anckthearest neighbors (KNN)

have been applied to analyze crash injury sevéxitynsoor et al., 202&ilva et al.,

2020. AbdelAty and Abdelwahab (2004gompared ML and parametric models for
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crash severity prediction and suggested that the former performed better than the latter
with higher prediction accuracyrezapour et al. (2028pplied four methods (RF,
supportvector machine, logistic regression, and multivariate adaptive regression) to
predict the motorcycle crash injury severity for ten years of data {2008) from
Wyoming, United States. The results showed that the RF Inootigerformed other
models with an overall accuracy of 76%. In another st&bzapour et al. (2020Db)
modeled motorcycle crash injury severity with several deep neural network models,
such as a deep belief network, a multilayer neural network, a standard recurrent neural
network (RNN), and a singllayer neural network. Their empirical results showed that
the RNN achieved the best classification performance with an accuracy rate of 71%.
ljlaz et al. (2021also compared the performance of various ML classifiers (the RF, the
DT, and decision jungles) in a crash injury severity study of tweeeled motorized
rickshaws in Islamabad, Pakistan. They found that the decision jungle model, with an
overall accurag of approximately 84%, outperformed the other models.

Despite the better performance of ML models in prediction accuracy, the applications
of these methods have often been criticized for poor interpretability pDeeision
makers might prefer models that are easy to interpret and can explicitly support their
policy-making decisions. Concerning this, researchers have recently tried to improve
the interpretability power of ML models using various techniques such &al par
dependence plots and feature ranking techniques for traffic volume prediction, road
crash studies, and mode choice studi@zonder & Miller, 2021Zhang et al., 202Qb

One recent and novel technique introduced.bydberg and Lee (20173 the SHAP
method grounded in the Shapley value technique from cooperative game tivbarly,

helps interpret the results of ML models in traffic crash stu@iesfim & Yan, 2021

Yang et al., 202)1 The SHAP method provides interpretations for each variable similar
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to what conventional statistical models offéfa et al. (2021)developed a deep
learningbased predictive model by employing the boosting ML model (CatBoost) and
SHAP method to identify the significant risk factors of injury. Another study used the
boostingbased ensemble ML models combined with the SHAP methodtorexhe
significant crash risk factor@ong et al., 2022 Though the interpretability of ML
methods on crash severity analysis has been carried out, no study has ever paid attention
to the consistency of the results from ML methods and statistical models. The SHAP
technique provides research opportunitiemtoitively interpretML on crash severity
analysis. It can also help to explore the consistency of significant risk factors, i.e.,
whether the identified risk factors between the two methods are similar and to what

extent
2.2.3 Influencing factors to motorcycle crash severity

Many researchers have studied the injury severity of motorcycle crashes and listed
several possible factors contributing to human injuries. The potential risk factors for
the injury severity of a crash can be grouped into four categories, i.e., thetestobu

the road user, traffic characteristics, roadway features, and environmental attributes
(Damani & Vedagiri, 2021Das et al., 20255ze & Wong, 200;7Wong et al., 200}/

The age and sex of a motorcyclist are examined to influence the severity of a motorcycle
crash(Haque et al., 20Q9afari et al., 2026 Other factors related to drivers, including
in-experienced driving, risky behavior, low helmet use, inadequate driving training,
recklessness, and risky behaviors such as overspeeding alightedolations, are

more likely to result in a more severgury (Cheng et al., 203 damson & Chorlton,

2009 Savolainen & Mannering, 2007Shankar & Mannering, 1996 Traffic
characteristics, e.g., heavy traffic volume, significantly increase the risk of serious

injury (Haque & Chin, 2010 Pai & Saleh, 200/ The severity of injuries to
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motorcyclists in crashes is also affected by motorcycle engingizilus et al., 2002

and crash characteristics such as collision types and collision opjectsri et al.,

2017. Roadway and environment characteristics such as highway functional class,
intersection configuration, configuration of roadside fixed objects, highway alignment
type (curved or straight), lane width, shoulder width, longitudinal slopes, surface
condition visibility levels at horizontal/vertical curves, weather and lighting conditions
have been examined to have impacts on the injury severity of motorc{felstsn et

al., 2018 Quddus et al., 20QRobbins & Fotios, 202®avolainen & Mannering, 2007

Sivasankaran et al., 20R1

2.2.4 Road network safety screening

Road network safety screening is a critical stepafety analysiswhich aims to
evaluatenetworksafety performance and identify critical links or sectifidsnera et

al., 2023. The network safety performance evaluation approaches fall into two
categories: reactive approaches, which analyze historical crash data, and proactive
approaches, which employ crash prediction modeling (CPMs) techr{igiiesncic et

al., 2019 Wang et al., 201)1 CPMs predict crash frequency and severity to assess the
importance of specific network components. CPMs have gained prominence in
transportation safety researbly establishing relationships between predictors (e.g.,
traffic flow and road geometry) and safety performance metiesent advancements

in literature have introduced simultaneous crash frequseegrity modeling, which
integrate crash frequency and severity into a unified framework to evaluate the overall
safety performance of linkgviirandaMoreno et al., 2009Yasmin & Eluru, 2018

Unlike independent models that assess the criticality of links using separate analyses
for crash frequency or severity, joint models estimate both metrics simultaneously using

specialized model structures.
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While conventional approaches effectively identify critical links based on crash
frequency or severity, they cannot evaluate the contribution of a link to overall network
safety. Furthermore, these approaches assess links individually, overlooking the
interactions across the entire netwqgikweon & Lim, 2019. For instance, these
methods do not consider how a disruption (e.g., a traffic crash) on a specific link might
influence the safety of other links or the entire network due to changing flow patterns
caused by traffic diversions and rerouting. Such flonngea can be modeled using a
network equilibrium frameworKSheffi, 1989, which predicts how travelers adjust
their routes in response to disruptions. Additionally, since links in a transportation
network are part of an interconnected system, comprehensively evaluating the
contribution of each link to overall network safetguees assessing its impact across

all possible scenarios where one or more links may be disrupted, resulting in different
link coalitions(Zhao et al., 2023 To address this issue, the Shapley value offers a
powerful solution, as it quantifies the average marginal contribution of links across all
possible link coalitiongShapley, 1958 By combining Shapley value analysis with
network equilibrium and transportation safety assessmeatbieving a more
comprehensive understanding of safetiyical links within a transportation network is

possible

2.3 Shapley valuebased cooperative game theomy transportation

2.3.1 Shapleyvalue intransportation safety analysis

Over the past decade, the rise of ML models in transportation safety analysis has
highlighted the relevance of Shapley value as a key method for interpreting these
models. Initially, ML models were primarily employed to predict crash frequency and
severity however, their inherent complexity and bldukx nature raised concerns

regarding interpretability. Addressing these limitatiohsndberg and Lee (2017)
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highlightedthe usefulnesf Shapley valuen interpretingthe output of ML models
initially applied in the medical field. This breakthrough laid the foundation for
widespread adoption across various research domains, including transportation safety

(Kashifi, 2024 Kong et al., 2022Mansoor et al., 2033

In crash prediction modeling, the Shapley value has become an essential tool for
interpreting compleXML and deep learning models by quantifying each feature's
contribution to the predicted output while considering feature interactions. In this
approach, the independent variables (features) act as players in a cooperative game, and
the average marginal effeof each variable on theutputis analyzedFor example,

recent research has used the Shapley value to ran&rittoal variables in crash
predictionmodels and study their effects on crash frequency and severity, bridging the
gap between complex predictive models and their practical implicatigteshifi,

2024 Mansoor et al., 202¥ang et al., 2021

As evident from the literature, most applications of the Shapley value in transportation
safety have been limited to assessing the importance of variables in crash prediction
models. The application of this technique to evaluate the significance of triztigmo
network components, specifically from a safety perspective, is unexplored. There
remains a gap in understanding how links contribute to overall network safety,
considering traffic interactions and congestion effects that influence safety across
interconnected links. Ranking links using the Shapley value, which provides a holistic
evaluation of link importance, can enable transportation safety planners to prioritize

critical links for improvements during the planning stage.

2.3.2 Shapleyvalue intransportation network analysis
Although the Shapley value has been rarely utilized in transportation network analysis,

recently few researchers have applied this methodology to measure the importance of
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network components, particularly nodes, in terms of connecfi@itycco et al., 2021

2022 Hadas et al., 20)7Traditionally, the importance of nodes within a transportation
network has been studied using classical centrality measures such as degree, closeness,
and betweenness. While these measures offer valuable insights, they suffer from an
intrinsic limitationas they only focus on the individual contribution of components to
network performance, which can overlook cooperative interactions and congestion
effects. In contrast, the Shapley value, rooted in cooperative game theory, provides a
more refined interptation by assuming that nodes in a network are players that do not
act individually but as membeof groups of node@Hadas et al., 20)7This approach
enables the evaluation of node importance not only by its individual utilityglboids

an average contribution of various node coalitions. The utility function in these studies
has generally been defined based on the network topology describing the effectiveness
of cooperative strategies for capturing network interactions. However, ilitg ut
function defined in these studies does not consider congestion on a road network (i.e.,

flow-dependent link performance function).

To evaluate the importance of links using the Shapley value, few studies defined a
utility function based on appropriate congestion meas(ifessacantando et al.,
20213. The utility function was solvedo identify important links based on the
principles of user equilibrium (UE) and system optimal (SO) traffic assignment models.
Their results demonstrated that the Shapley value could effectively highlight the links
with the highest influence on network efficiency.oiover, based on the flew
dependent utility measure, the classical Braess paradox was studied from-a game
theoretic perspectivéPassacantando et al., 2022@211. The results show that using

the Shapley value, which captures the average marginal contribution by considering all

possible link coalitions, offers a more comprehensive understanding of the Braess
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paradox compared to analyzing the marginal contribution of individual links in
isolation. Zhao et al. (2023used the Shapley value to identify critical links and
distribute network traffic using a UE traffic assignment model with emission
constraints. Other researchers explored its use irdipaster network investment

strategy in a blevel optimization frameork (Niu et al., 2023Zhang et al., 2093

While these studies have used the Shapley value to evaluate the importance of network
components with topological and fledependent utility measures, the criticality of
these components from a transportation safety perspective remains largely
underexplord. This research gap provides an interesting avenue to apply the Shapley
value for evaluating network safety in the context of transportation safety analysis.
Given its extensive use in interpreting ML models for crash prediction, applying the
Shapley vala for transportation network safety analysis could advance the

understanding of safetyritical network components.

24 Travelersdo safety betraaeldhmcess and
2.4.1 Vehicle choices in the era of autonomous vehicles

2.4.1.1 Travelers risk perceptions and vehicle choice

An increasing number of empirical studies have explored how travelers' perceptions of
safety and security risks influence their willingness to adopt AVs. For example,-a cross
national survey conducted several countriefound that a significant proportion of
respondents were concerned about the security risks associated with AVs, including
fears of technological failures and cylatacks(Schoettle & Sivak, 2004 Similarly,

Jardim et al. (2013peported that security concerns influenced 82% of participants'
decisions regarding AV adoption. Consistent with these findiigsari et al. (2018)

found that individuals with heightened security concerns were less likely to adopt AVs.
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Conversely, travelers who perceive AVs as sadfgardingcrash risk are more inclined

to adopt them{Bansal & Kockelman, 203 Hulse et al., 2018 As the perception of
improved safety continues to groY market share is likely to increagéabbari et

al., 2023. Therefore, both risk perceptions, encompassing concerns about crash risk
and security, emerge as pivotal factors in forecasting the intent to adogivadsy

et al., 202). Moreover, travelers' perceptions of different categories of AVs also
influence their vehicle choice, especially when deciding between electric vehicles
(EVs) and gasoline vehicles (GVs). For instance, individuals who experience range
anxiety are less lidy to purchase or adopt EVs and may instead prefer gasoline
powered AVs(Berkeley et al., 20%8Valeri & Danielis, 201%. Table2.1 summarizes
some of the empiricalesearchhighlighting the effect of various safety and security

concerns in the adoption of AVs.

Table21.Tr avel ersd safety and security conc

Reference Vari abl e Findings

(Bansal & Kock Perceived :Those who perceiv
Haboucha et al i mprovemenimore inclined to
al ., 2018) t hem.

(Choi & Ji, 20 Perceived 1People with highe
2018) security crtare | es sadvoopbtuAVhsg.
(Bansal & KockPrevious ciPeowleh prior cara
Sheela & Manneexperience more tokeseg or pu
(Berkeley et aRange anxi  People with range
Dani el i s 2015to0 EVs) willing to purcha

Al t hough these studies highlight the sighn
AV adoption, most rely on stated choice survé§artzonikas & Gkritza, 2019

Haboucha et al., 201 Jabbari et al., 2092and microscopic traffic simulatior{grvin

et al., 2020 Papadoulis et al., 20).9However, there is still a gap in the literature
regardingheequilibriumanalysis of how AV risk perceptions influence travelers' joint

car ownership and car type choice behaviors. Existing empirical studies typically
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forecast AV adoption based on exogenous (dennashependent) travel disutility using
multinomial logit or more advanced mixed logit models. However, in reality, travel
disutility is often demandependent, influenced by factors such iasvehicle
congestion and demastltivencrash risk costéingsbury, 2016Ma & Zhang, 201}

This recognition motivates the need for equilibribased approaches that can
explicitly incorporate travelersod risk pe

ownership and vehicle type choice decisions.

2.4.1.2 Equilibrium modeling framework andu s e joirg ¢hoicebehavior

Theequi I i brium modeling framework has been
joint choices in theontextof AVs, including decisions related teehicle selection

mode of transport and route choice based on a choice model that considers the
endogenous travel disutility dependent on the travel derfaadioee et al., 2017
Bahat & Bekhor, 201,8/NVang et al., 202QbXie & Liu, 2022). For instanceBagloee et

al. (2017)modekd theuserschoicebetween AVs and HVs using a logit modaelthis
model, AVs follow the SO principle for route choice, whereas HVs adhere to the UE
principle. Wang et al. (2020bgxtended this approach by examining combined mode
and route choices across three mode options: HVs,-dpemated AVs, and
governmenbperated AVsAn MNL model was used for mode choice, while HV route
choices were determined using stochastic user equilibrium (Sgd)ernment
operated AVs followd the SO principle, and firroperated AVs adhedeto the
CournotNash (CN).Similarly, Zhang et al. (2020ajsed a nested logit (NL) model to
describe travelers' joint vehicle and route choices between HVs and®Yse same

time, other studies, such as those@yen et al. (201%nd(Noruzoliaee et al., 20)8

adopted an MNL model for vehicle choice and the UE principle for route choice.
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While the studies abovenainly focused on modeling travelers' vehicle choices with a

single type of AV Xie and Liu (2022)examined the travelers' joint vehicle and route
preferences by considering AVs with varying automation levels. A joirdtVIWL

model was adoptetbr the joint vehicle and route choic8imilarly, Jiang and Xie
(2014)explored travelers' combined mode and route choices between electric vehicles
(EVs) and gasoline vehicles (GVs), particularly addressing the issue of 'range anxiety'

that affects EV adoptiofJiang et al., 2004 Anothercritical aspect of vehicle choice

is the consideration of captive travelers who cannot afford or access all the modes. In

the equilibrium framework, few researchers have adopted the dogit nrudel]y

proposed bysaundry and Dagenais (1978 model captive travelers mode choice

(Wang et al., 202QaVang et al., 2024

The above studies clearly underscore the importance of modeling joint decisions in the
context of AVs, but they have primarily concentrated on route and mode dimensions.

To date, no study has examined travelerso
within an equilibrium framework, despite empirical evidence highlighting the
interdependent nature of these decisi@wgiawan et al., 203 'Kim et al., 202). This

omission is particularly critical in the era of AVs, where ownership and type selection

are closely linked to lonterm planning and risk perceptions. Addressing this gap
enables equilibrium analysis to move beyond sterh route or mode choices,
providing deeper insights into how travel

type evolve under endogenous travel disutility andr&Mted risks

242 Travel ersdéd heterogeneous safety prefer
2.4.2.1 Travelers' heterogeneous valusd safety
Understanding how travelers value safetwiigl for incorporating safetpriented

behaviors in transportation planningarious methods have been employeddpture
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the heterogeneity in travelers' safety preferences. One widely used concept in
economics is the value of statistical life (VSL), which reflects the monetary value
individuals assign to reducing the probability of serious injury or fatality. VSL provides
critical insights into how travelers perceive and prioritize sgf&iyes.ee et al., 1985
Machina & Viscusi, 20133 Typically, two approaches are adopted to obtain empirical
estimates: (1) revealed preferences (RP), based on observed behaviors, and (2) stated
preferences (SP), which gather data from hypothetical scen@dnossLee et al.,

1985.

I n the transportation domai n, studi es ha\
pay (WTP) for a unit reduction in crash risk as a way to analyze their heteoogen

safety preferencgsiensher et al., 200®1on et al., 2019van Wee & Rietveld, 20)3

A travelerodos WTP, which reflects their
decisionmaking regarding safety. Studies show that individuals with cautious driving

habits or those who prefer lower speeds are willing to pay more to reduce crash risks
thanthose who prioritize spee@ntoniou, 2014 Mon et al., 201R Furthermore, a

positive relationshijpetween income level and WTP has been identifigtth wealthier

individuals typically placing a higher monetary value on safetydersson & Treich,

201 Mon et al., 2013

Beyond monetary terms, travelers atsade between safety and travel time when
selecting routes. Researchsing SP surveys reveals that travetersxhibit
heterogeneous safety preferences when choosing between faster or safer routes
(Antoniou, 2014 Noland, 2013 Those willing to accept longer travel times to travel

on safer routes demonstrate greater safety con@léims & Ortlzar, 2003Yannis et

al., 2005. For exampleyannis et al. (2005h)ound that 60% of drivers are willing to

accept 18 minutes of additional travel timestadbstantially reducerash risk, while
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others opted for shorter additional time, illustrating the heterogeneity in safety

preferences.

To formalize these diverse safety preferences, travelers' VoS can be employed, as it can
be inferred from their willingness to accept additional travel time in exchange for
enhanced safe§rizzi & Ortuzar, 2003Yannis et al., 20056 In essence, travelers who
accept a higher additional trip time to lower their crash risk have a higher VoS, and vice
versa. Since VoS varies across individuals, it is treated as a trapelgfic and
randomly distributed value. This variability givese to multiple user classes with

distinct safety preferences.

A key challenge, however, lies in determining how many discrete user classes should
be defined to effectively capture heterog
example, users with similar and identifiable preference can be grouped together into
discrete classes e.g., young and(@dery, 1999Machin & Sankey, 2003 male and
female(Granié et al., 2025 etc. However, for more abstract characteristics like VoS,
discretization approach suffers from arbitrary choices in both group threshold and group
numbers resulting in discretization error, undermining its effectiveness in capturing
user heterogeneity of example, consider a population with VoS values ranging from

0 to 1. If discretized into two classes, low safetyscious (00.5) and high safety
conscious (0.51.0), a traveler with a VoS of 0.45 would be treated the same as one
with 0.05, and differetty from one with 0.55, despite the latter being closer in
preference. Within each class, assigning a representative average VoS (e.g., 0.25 for
the low safetyconscious group) may force the users to choose the same route, even
though their true preferensanay imply different route choices. Given the potential

bias introduced by such discretization and the difficulty of predetermining thresholds
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and class numbers, continuous distributions provide a more natural and theoretically

sound approach to modeling user heterogenéityoniou, 2014 Ghoul et al., 2023

2.4.2.2 Safety in traffic assignmentor users with heterogeneous preferences

A few researchers have modeled travelers' safety concerns in the traffic assignment
model. For examplelMa and Zhang (2019nodeled travelers' expected safety by
adopting crash risk as a proxy. The crash risk was quantifsgoly the safety
performance functions (SPFdgvelopedor highways and freeways. It was noticed
that the link flow patterns resulting from saf@tiented route choice decisions differed
from those based otravel. However, thigesearchdid not simultaneouslymodel
travelers' time and safety concerns in . Similarly, Sharifi and Shabaniverki
(2016) incorporated the effect of mean crash delays on route choice behavior when
modeling expected safetyhe generalized link cost was obtained by adding the mean
crash delay to the travel time function. The impact of opposing traffic on crash risk was
modeled by assuming symmetric link interactiodsu et al. (2009)proposed a
reliability-basedSUE model to examine how turn delay uncertainties affect route
choice behavior at signalized intersectionBis model was used to identify optimal
cycle times for both crash reduction and effective travel time reduction at these

intersections

FurthermoreHuang et al. (202@xtendedexpected safety cost models by considering
the safety variability (reliability) in the route choif@ users with heterogenous crash
risk aversions (low and highsk-averse users). Crash risk cost (CRC) distribution was
used to modelaute safetyariability. The concept of effective CR@hich is defined

as the mean CRC plus additional CRC margin was proposedThis concept was
inspired by theravel time budget (TTB) traffic equilibrium modélhe TTB model

considerdravel timereliability, ensuring oftime arrival at a specified confidence level
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| (Lo et al., 2006 Shao et al., 20G6Xu et al., 2018p Similarly, an effective CRC
accounts for safety reliability, ensuring a safe arrival at the prespecified confidence
level| . However,in terms of travel time variabilityChen and Zhou (201@xplained

that the sole consideration ofTB as arisk measuran the network equilibrium
approachmight not be adequate @scould result inoverwhelminghigh trip timesfor
travelers(unreliability aspecof travel time variability. Thus, they proposed tineean
excess traffic equilibrium METE) model which considers both the reliability
(acceptable travel time) and unreliabilititravel time variabilityj.e., trips longer than

expectedworst scenariosyre considered unreliable or unacceptable.

In the same essenas TTH effective CRCwhich onlyconsiders the safety reliability
aspect may not sufficiently describet r a v e | epretei@nces Resekrch has
demonstrated that losskasked tothe worstcasescenarios of alternativessgnificantly
impact decisiormaking(Yamai & Yoshiba, 200eWh en t he travel ersbo
maximize their trip safety, thegre likely toincorporatethe unreliability of safety
variability in their route choie For instance, travelers tend to avoid routes with a
higherlikelihood of fatal crashes, i.erputeswith an extremely high crash risk cost.
This is particularly relevant in cases involving collisions with heavy vehigleserson

& Hernandez, 201;7Behnood & Mannering, 20)%r a ecashon undividedroads
(Kadeha et al., 202XKidando et al., 2019 which are known toftenresult in severe
injuries or fatalitiesAs suchtravelers are expectéd account for these risks based on
their travel experience3herefore, incorporatg both the reliability and unreliability
aspects of safety variability into the network equilibrium maslehore appropriate®
better reflectravelerssafety concernsian et al. (2023addressed this by proposing a
speedroute joint choice modehatintegrates botheliability and unreliability osafety

variability into the generalized travel cost, alongside expected travel iHmeever,
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while their model accounts for safety variabiltyr avel er sé concerns

variability have also been shown to influerice a v édcisiansThus, considering
both safety and travel time variabilities in the network equilibrium model can capture

more comprehensive user behavior.

Furthermoret he ahhowld es model ing travel erso
assignment models assume tiavelers are willing to choose from all available routes
between an OD paifHan et al., 2023Huang et al., 2090 However, more safety

conscious travelers may limit their choice set by excluding routes with higher safety

risks based on intrinsic roadway properties, such as road classification, intersection

density, and travel distan¢@ijkstra, 2013 Dijkstra et al., 200) Li and Huang (2019)
proposed different perceived routdoice sets for travelers with varyingafety
preferencesusing an exogenously given rousafety index While this approach

refl ects meaningf ul progress, it does

from roadway characteristics, which may provide a more appropriate representation. A

similar concept of classspecific route choice set was introducedLlyy and Leong
(2014) statingthat the userselect from a limited subset of routes rather thathall
available routesHowever, their study did not specifically address safety concerns, and

the route choice set was exogenously defined

Additionally, while Huang et al. (2020jand Han et al. (2023)modeled users'
heterogeneity regarding the trad# between expected safety and safety reliability, the
heterogeneity irthe time-safety tradeoff was not explicitly addressed. This leaves a
critical gap in understanding how travelers with varying safety preferencesraaele
time with safetyMoreover representing users with only two discrete classes (e.g., high
and low riskaverse) may oversimplify the diversity in safe¢yated behavior, as each

user possesses a unique risk preference that may not fit neatly into two classes.
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2423 Model ing travelersd6 heterogeneity i
The bicriteria multiclass traffic assignment problem is walidied in modeling the
tradeoff between travel time and toll by defining a value of time (VoT) parameter. To
account for the user heterogeneity of VoT, two approaches have been mainlygused: (
model discrete set of VoT for several user clafsegurney, 2000Nagurney & Dong,

2002 Yang & Huang, 200¢and ) modelVoT as a continuous variabéeross the
whole population, allowing for a more refined representation of the popul@tiah

1996 Leurent, 1993Marcotte, 1998Xu et al., 202R The first approach divides the
support of VoT into discrete intervals, with each interval representing a distinct user
class. However, this method has several limitations. First, while each user class

theoretically corresponds to a continuous range of,Wiohas to be represented by a

n

single or average value from the range. Such an assumption tends to produce estimates

with large errors. Second, discretization introduces computational difficulties.

Although finer discretization may improve accuracy, Igoasignificantly increases

computational costs. To overcome these limitations, researchers have proposed using a

continuous distribution of VoT, leading to a continuous bicriteria traffic assignment

model(Leurent, 1993Marcotte, 199R

While the heterogeneity of VoT has been extensively studied in both discrete and
continuous forms to model the tia@l tradeoff, the heterogeneity of VoS for
modeling the timesafety tradeoff has received little attention. Although the former is
important in policymaking and congestion priciigeng & Liu, 2011, the latter also
holds significant importance in reducing the burden of crash costs on society
(Forkenbrock & Foster, 199.7A few researchers modeled users' heterogeneous safety
concerns in terms of the crash risk cost variability by dividing the users into discrete

classes (high and lowisk averse) based on their safety reliability requirem@ids et
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al., 2023 Huang et al., 2020 However, dividing users into two classes may not
replicate the actual travel behavior of users since VoS is a trasgeific value that
follows a continuous distribution. Therefore, a more accurate representation of traveler
behavior requires modelingoS as a continuous variable, capturing the unique safety

concerns of each traveler.

2.5 Knowledge gaps

This chaptereviewsthe literature on crash prediction models, game thegplications

in transportatiorfwith afocuson he Shapl ey value), and tr a
vehicle and route choices, all with the aim of enhancing road network safety.
objectiveis to advance understanding of how these areas contribute to improving road
network safety. Based on this review, several research gaps have been identified and

are outlined below.

1 Studies comparing statistical aldL models for crash severitgnalysishave
focused on prediction accuracy. While the Shapley value has been applied to
interpret machine learning outputs and address their dblaxknature, little
attention has been given to the consistency of risk factors identified by both
modeling approaas. For transportation safety practitioners and planners,
understanding contributing factors is as critical as predictive accuyatythis
consistency remains unexplor@dhese gapsra addressed i@hapter 3.

1 Conventional safety analysis approaches, such as crash prediction models, identify
critical links in a road network based on crash frequency or sevmrityail to
evaluate the safety contribution of each link to the overall netwaidty These
approaches overlook cooperative interactions among links and the influence of

routing behaviors under link disruptioddthough the Shapley value has been used
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to assess link importance kgonsidering link interactionsits application in
evaluating link criticality from a safety perspective is still lackifigese gaps are
addressed i€hapter 4.

1 Recent empirical studies emphasize the interdependent nature of car ownership and
car type decisions, highlighting the need to model them jointly. Most vehicle choice
studies rely on stated choice surveys and microscopic traffic simulations, typically
forecasting AV adoption through multinomial or mixed logit models based on
exogenous assumptions of travel disutility. However, travel disutility is inherently
demanddependent, shaped bgngestion and crash risk factok&oreover, critical
considerations li& crash risk and security concemich significantly influence
AV adoption (sedable2.1), are rarely integrated into joint car ownership and car
type models. This gap underscores the importance of developing equititesed
approaches t hat account for travel er sao
perceptions shape their joint decisions undenanddependent condition$hese
gaps are addressedQ@mapter 5.

1 Intraffic assignment models r avel er sé6 safety preferenc
using traffic conditions such as speed or flow, while the influence of roadway
characteristics is frequently overlookédthough safety and travel time variability
have been studied individually, their combined effect within network equilibrium
models has received limited attentioAdditionally, most models assume a
completeroute choice set for all users, disregarding the fact that travelers with
different levels of safetawareness malave different route choice sefEhese
gaps are addressed@mapter 6.

1 While some studies have addressed user heterogeneity in theffrdgdwveen

expected safety and safety reliability, they have not explicitly examined
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heterogeneity in the timeafety tradeoff, s uch as travelersd6 dec
safest and the fastest routes. These studies often categorize users into two discrete
classes; however, this binary classification oversimplifies the variation in safety
related behavior. In reality, each travelasta unique risk preference that may not

align with predefined categories. To more accurately reflect this diversity, the value

of safety (VoS) should be modeled as a continuous variable, allowing for a more
nuanced representation of individual safety @wns in the timesafety tradeoff.

These gaps are addresse€hapter 7.
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PART I. Crash factors investigation and networksafety

evaluation

Part | investigates therashseverity risk factordor motorcyclists, compares the
consistency of identified factors between statistical and ML maaiedsprovides a
proactive frameworkor identification of safetycritical road linksusing crash risk

models, game theory and network equilibrium models.
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CHAPTER 3 Analyzing crash injury severity: Consistency
analysis between statistical andanterpretable machine

learning models

3.1 Motivation

Road crashesesult in numerous fatalities and injuries each yéemong these
fatalities, motorcyclists accounted for a major pa@4) of the fatalitieg\WHO, 2023,

as they are particularly vulnerable in crash events due to limited prot€€tian et

al., 2003. The situation is more severe in developing countries with more challenges
in road safety improvement. Pakistan is a developing country that suffers tremendous
economic and life losses from road crashes. The fatality rate (road deaths per 10
thousand regtered vehicles) in Pakistan is among the highest in the world, with more
than 27 thousand people dying of crashes every year while the number of crashes is
continuously increasing. The death rate in crashes in Pakistan is 14.2 per 100,000
population anndly, among which more than 50% of crashes involve motorcyclists
(Ahmed, 200). Especially motorcycle crashes in the Rawalpindi district have
increased by 137% over the past decé@lescue 1122, 20).60n the other hand,
motorcycles and autorickshaws constitute 61% of the registered veliélgs 201)

in the whole country. Motorcycle registrations have witnessed an annual increase of
20%, especially since 2008, along with the considerable growth of registered vehicles
in Pakistan(MOC, 201§. In the meantime, only 7% of motorcyclists involved in
crashes were found wearing a helrft@amim et al., 20)1 Due to fast motorcycle
growth without equivalent improvement in infrastructure, lack of law enforcement, and
inadequate safety awareness, motorcycle crashes have been an outstanding problem to

address for road safety improvement in Pakigiarvez et al., 2020Waseem et al.,
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2019. Toward this end, it is vital to identify the potential risk factors resulting in

motorcycle crashes and the consequent severity levels for effective countermeasures.

Statistical models such as the multinomial logit (MNL) model, the ordered logit model,
and the ordered probit model have been most commonly used to identify the factors
contributing to crash injury severifyafari et al., 20250'donnell & Connor, 1996
Quddus et al., 200Zhankar & Mannering, 1996These models are easy to interpret
because the associations between the independent variables (potential risk factors) and
the response variable (severity levels of crashes) are explicitly formulated. However,
these explicit formulations limit statisticanodels on specific assumptions, e.g.,
independently and identically distributed (IID) assumptions for the MNL model. If
model assumptions about the distributions of variables are violated, the models may
generate incorrect parameter estimates, which leag to wrong implications for

policy-making(Delen et al., 2006

To overcome these strict assumptions of statistical models, another stream of
methodological approaches, the machine learning methods, have caught the attention
of scholars for crash severity predictigkbdelAty & Abdelwahab, 2004Rezapour et

al., 202). Most of these methods can account for the complex nonlinear relationships
between dependent and independent variables and perform better than statistical models
in prediction performance. Nevertheless, ML methods have been criticized as "black
boxes" withh weak interpretability powdyecause they are incapable of interpreting the
relationship between dependent and independent variables with explicit parameters
(Rudin, 2019%. Recentlysome interpretable techniques for ML methods, such as patrtial
dependence plots, feature importaoeonder & Miller, 2021Zhao et al., 2020 and
Shapley Additive eplanations (SHAP) summary plots have been developed to show

nonlinear relationships between the dependent variable and contributing factors. Few
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recent studies have explored the interpretability of these techniques in the area of crash

severity analysi¢Dong et al., 2022Ma et al., 202)L.

Moreover, as ML methods and statistical models work with different mechanisms, one
concern should be raised: whether the risk factors identified from the two streams of
models are consistent and to what extent. Since the interpretation of contributing fact

is of key interest to transportation safety practitioners and planners, the consistency of
risk factors can significantly increase their confidence in adopting ML methods for
policymaking. However, to our knowledge, no study has been carried ouestigate

the consistency of crash severity risk factors obtained from the two kinds of models.
Towards this gap in the literature, this study attempted to answer the following
guestion:Are statistical and interpretable ML models consistent in identifying risk
factors contributing to crash injury severityPhus,using the motorcycle crash data in
Pakistanthe consistency of risk factors contributing to the motorcycle crash injury

severity is well studied in thiShapter.

3.2 Data

The study focuses on the city of Rawalpindi in Pakistan, which shares a border with the
federal capital, Islamabad. The topography and the neighboring locations of the city are
presented inFigure 3.1. Rawalpindi is the country's fourtargest city, with a
population of 5.40 milliodPBS, 201Y. The main transport modes in the city are private
cars, taxis, bus rapid transit, suzuki vans, rickshaws, and motor¢ycies| et al.,

2014 Starkey et al., 2091 Due to Pakistan's inadequate public transportation system,

the motorcycle is an essential mode of transportation in the country.
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Figure3.1. Study area location

Oneyear of crash data for the city from January 2019 to December 201¢bveased

from the emergency response unit, Rescue 1122, which keeps a record of all emergency
responses in Punjablhe motorcycle crash dataset was obtained in ERreel
spreadsheet formathe dataset was cleaned and preprocessed using the SPSS software
before conducting crash severity analysis. Incomplete data, such as data missing
information about crash variables, data with incorrect codigts, with inconsistent
names, and data witunrealistic valueswere deleted from the datasdiable 3.1
presents the final list of crash variables and their descriftfendataset recorded every
emergency response, among which 9,465 records were motorcycle crashes. The crash
injury severity of motorcyclists was categorized into four groups: (I) no injury, (1)
minor injury (crashes in which the victims suffered only onicuts and abrasions), (1)

severe injury (crashes in which at least one person was seriously injured and admitted
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to hospital with, for example, a head, neck, or spinal injury, or excessive bleeding), and
(IV) fatal injury (crashes in which at least one of the injured persons died the same day).
The dataset contained several categorical variables (two or more cegggelated to
humans, the environment, and vehicles, and the summary statistics are presented in
Table3.1. Out of the 9,465 motorcycle crashes, 5.6%, 65.6%, 15.7%, and 13.1% were
involved in nainjury, minor injury, severe injury, and fatal injury crashes, respectively.
Underreporting of the nmjury crashes is observed in our datéhich is a more
pronounced and unavoidable issue in developing courfilesiab & Jiang, 2019b
Waseem et al., 20).9The primary reason is the poor system of reporting and recording
crash data due to a lack of resources. To overcome this issue, immediate measures are
required to improve the reporting and recording of crash data in Palds$tared et al.,

2016.

Furthermorethe frequency of crashes was almost equally distributed between peak and
off-peak periods. The frequency was highest during summer (35.9%), weekdays (72%),
and sunny weather conditions (62.4%). More crashes occurred during the daytime
(72%) compared to nidtime (28%).The dataset demarcates the day and night as; day
(06:01 am to 07:00 pm) and night (07:01 pm to 06:00 &ha¥t motorcyclists involved

in crashes were male (87.9%), which can be explained by the societal and cultural
restrictionsthat make it difficult for a female to ride a motorcycle in Pakistan. Over
34.1% of the crashes involved young riders (agé®@)L The majority of crashes were
single motorcycle crashes (30.6%) that occurred due to motosctgeing onthe

road. The statistics also showed that speeding (78%) and distractions (22%) while
driving were the leading causes of motorcycle crashes. Roads with a speed limit of

60km/h witnessed the highest number of crashes (72.6%).
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Table3.1. Descriptive statistics of variables used in the study.

Feature Categories Frequency Percentage
No Injury 530 5.6
Crash injury severity Minor Inju_ry 6,209 65.6
Severe Injury 1,486 15.7
Fatal Injury 1,240 13.1
. Off-Peak 4,780 50.5
Period of the day Peak 4685 495
N " Day 6,818 72.1
Lighting conditions Night 2647 279
Weekday 6,815 72.0
Day of the week Weekend 2,650 28.0
Summer 3,398 35.9
Season Win_ter 2,821 29.8
Spring 1,533 16.2
Autumn 1,713 18.1
Gender Female 1,174 12.4
Male 8,291 87.6
020 years 2,470 26.1
21i 30 years 3,228 34.1
Age group 317 40 years 1,704 18.0
41750 years 1,003 10.6
>50 years 1,060 11.2
Collision with truck/van 1611 17.0
Collision with moving car 1658 17.5
Vehicle involved Cpllision with pedes;rian 1028 10.8
Single motorcycle slipped 2898 30.6
Collision between two motorcycles 1684 17.7
Others 586 6.1
Cloudy 1,306 13.8
Weather condition Sunny 5906 62.4
Rainy 2253 23.4
Motorcyclistbehavior Dlstrac_t|ons 2,082 22.0
Speeding 7,383 78.0
O50 km/ h 1,420 15.0
Speed limit 60 km/h 6,872 72.6
070 km/ h 1,174 12.4

3.3 Methods
This section introduces the methodologies of several models applied in the study,
including the MNL model and three ML models, i.e., the naive Bayes model, a gradient

boosted trees model, and the RF model.

3.3.1 Multinomial logit model
The MNL model was selected as a baseline model due to its simplicity in terms of

estimation and interpretatiqiiVashington et al., 2003t is a conventional unordered
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discrete outcome model that accounts for more than two outcomes regardless of their
orders. The MNL model is used to explore the relationship between the explanatory
variables and the severity levels of motorcycle crash injury. The probability of a
motorcycle crash injury's severity level lies between zero and one, which relies on the
latent utility of alternative outcomes. The latent utility,, of the crash injury severity

leveli of a motorcyclistn, consists of two components, the deterministic term and the

error termgiven inEquation(3.1):

YO e - (3.1)
where® is the predictor vector (such as the driver, the environment, and the roadway
characteristics), arid is the vector of parameters to be estimatedis the error term
that accounts for effects from unobserved factors. The error term is assumed to be
independently and identically distributed as Gumbel distribution, which results in the
closed form probabilityn Equation(3.2) (Manski & McFadden, 1991

v [SXAYI A

BOOD & (3.2)

The coefficient$ are estimated with the maximum likelihood estimation method. The

log-likelihood function is given byquation(3.3) (Washington et al., 2003

00 1 T ®@ 00 Oy ® (3.3
|

where,] is defined as being equal to 1 if the observed discrete outcome for
observatiomisi and zero otherwisé is the total number of observations.

3.3.2 Naive bayes classifier
The Naive Bayes algorithm is a supervised ML algorithm frequently used as a linear

classifier for classification problemshe Naive Bayes classifier is based on the Bayes
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theorem wunder the assumption of condi ti
features. Sometimes, the independent features assumption is violated; however, the
naive Bayes algorithm performs well under unrealistic assumptions, especially with a
small samp# size(Domingos & Pazzani, 199.7For a classification problem, assume

Y is to be classified, an¥ is a set of attributeé & Fo I8 &ty . Based on the

Bayes theorem, the predicted probability of class vari@blec conditioned orx can

be expressed aEquation(3.4)):

0® I —————————— (34

Naive Bayes algorithm is fast, easy to implement, accurate, and robust and has been

used as a classifier in many applicatiGhazmierska & Malicki, 2008

3.3.3 Gradient boosted decision trees
The gradient boosting decision trees (GBDT) improve a simple Decision tree (DT)
model usinga stochastic boosting approa@hriedman, 200R Boosting is a general
approach that tries to improve the accuracy of any learning algorithm by fitting a series
of models. In the GBDT model, DT is a basic model considered a weak learner. The
main motivation is to combine severalakdearners to produce an improved ensemble
model. Assuming g(x) as an approximation function of the dependent variable y, it can
be expressed adw B | "Q w, where"Q @ are basic functions termed as
weak learners. The loss function is expressed agiQw I1Tg Q ) The
additive model is developed in a greedy fashion.

MMw Q w | Qo (3.5)

The newly added tré€ minimizes loss L based on the previous enseridble w .
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M A0@QE DWAQ o O (3.6)

GBDT solves this minimization problem numerically using the steepest descent.

Mo Q o | n o ORQ o (3.7)

T 0WhQ ‘w (3.8)

ADGQ: Dol o |

GBDT model has several advantages over a simple DT model; it is robust, can manage

a large amount of data, and is resistant to overfitting and oyttiexgie et al., 2009

3.3.4 Random forest

The RF algorithm is an ensemble learning algorithm based on a decision tree model
Breiman (2001) It uses a bootstrap sampling approach to genérataining data
subsets from the original training data, and tkenees are trained based on these
subsets. A random forest is developed by assembling these decision trees. The RF
algorithm overcomes the overfitting issue of the DT model. Each DT in the RF
algorithm performs a prediction on the testing dataset, arfthtielassification result

is obtained from the majority voting of these trees, as illustratedjure3.2.

To initialize the RF algorithm, two important parameters must be decided: the number
of trees (N) to be grown and the number of variables selected at eachmypht (
bootstrap samples are selected from the training dataset, whereas the remaining dataset
(denoted the owdf-bag data) is used to test the prediction error. After growitrges

for m random features selected for each tree, the outcome for new data is predicted
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based on the outcome predictior\orees. The original training dataset can be written

asfollows (Chen et al., 2006

Y ehd HQ piiB & hQ pltB 8 D ] (3.9)

wherex is a sample angis a feature variable & There aréN samples ani¥ features

in each sample of the original training dataset.

Predictilon ofPme@diecti2on of Trreedicti ol

\
Maj ority Voting

v
Final Predicted Class

Figure3.2. lllustration of a random forest classifier

The stepwise procedure for selecting bootstrap samples and generatingrtioel & F

from a set of trees is as follows:

Y "YRY &Y (3.10)

Here,”Y  pcontains the subset é&fbootstrap training samples. Thusirees are
generated from thedesamples. Thesk trees are then collected as an RF model, as

follows:

O W) Qo) hQ plki & (3.11)

where X is the input feature vector from the training dd€@ch) is a metaDT

classifier, and is an lID-distributed vector determining the growth process of the tree.
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3.3.5 SHAP methodbased on Shapley value

The SHAP methodntroduced by undberg and Lee (201,Agverages Shapley values
from cooperative game theory to interpret the predictions of machine learning models.
Shapley values provide a systematic way to quantify the contribution of each variable
to the mo(beapld sl958 kirstpthe SHAP method builds a model based

on all input variables, followed by a model without the variable of interest to explore
the effect of its absence on model performance. The SHAP value of a variable is defined
as itsaveragenarginal contribution to the prediction of the outcoftee SHAP value

of the variable is calculated usiBgjuation(3.12) (Shapley, 1958

% GHQ Bzps Qb QG 22 Aeeed (3.12)

where%o is theSHAP valueof a variable X represents all variableS;is the subset of
all variables; andv denotes the values of the variableSio study the effects of the
feature of interest, a mod&w is trained with the variable of interest, and another

modelQw s trained excluding the variable of interest. The predictions from the
two models are then compared with the current output, representé@a@s
"Qw . Since a variable of interest also depends on other variables in the model, the

differences are calculated for all possible subdetadberg & Lee, 201)7

3.3.6 Performance metrics

The most widely used metrics for comparing the predictive performance of models for
classification problems are accuracy, precision, recall, anddfe. These metrics have
been mostly adopted by many studies focusing on traffic crash severity prediction
(Dong et al., 2022ljaz et al., 2021Zhang et al., 2008 These metrics are calculated
from the confusion matrix (CM). A sample of CM is showmable3.2. A column in

CM represents the predicted class instances, a row denotes actual class instances, and

a7



the correct predictions are represented by the diagonal elements. The true positives (TP)
and true negatives (TN) are instances that are correctly classified by the model. A false
positive (FP) means an instance which is incorrectly classified as posgfise it is
negative. On the other hand, a false negative (FN) is when an instance is incorrectly

classified as negative when it is posit(@&halevShwartz & BerDavid, 2014.

Table3.2. Confusion matrix

Predicted class

Total

. Positive Negative
instances

Positive | True Positive (TP) False Negative (FN)

Actual
class

Negative | False Positive (FP)  True Negative (TN)

The formulas to calculatgerformancemetrics are showm Equations(3.13)-(3.16).

Accuracy is defined as the proportion of correctly classified crashes. Since we know

that crash datasets are often imbalanced in terms of crash distribution by severity class,
thus relying simply on accuracy te analy
conclusive. Therefore, for a deeper wunder
severity class, it is important to explore other metrics such as recall, precision, and F
score. Recall measures the completeness of a maddl precision represents its
exactnessA low recall value means many false negativésle a low precision value

denotes many false positives. Precision and recall can be combined to obtain one

measure in terms ofi[score.

Accuracy The proportion of the total number of instances that are classified correctly
(Equation(3.13)):

TP+TN

313
ACCUT EEYTNFFP+FN (319

Recall: The number of positive instances that are classified corygotlgn in Equation

(3.14):
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TP
Recal b=tR) = (3.14)

Precision: The proportion of predicted positive cases that were cofEegtiation

(3.19)).

TP
i i = 3.1
PreC|S|?e|5n+—F(PP) (3.1

F1-Score:The harmonic mean of the precisid?) @nd recall R). The R scoreranges
from 0-1, where 1 indicates the best model and O represents the worst model. The F

score is calculated usirigguation(3.16):

2T1RIP

F.=
™ rep

(3.16)

3.4 Results and discussions

The dependent variable in this study was the motorcycle crash severity, divided into
four levels (no injury, minor injury, severe injury, and fatal injury). To evaluate the
accuracy of the developed ML models, afal@ crossvalidation technique was
adoped. This process of crossalidation minimizes the bias related to the random
selection of training and validation sets. Moreover, the results of the ML models were
interpreted using the SHAP method. The predictive performance of the adopted models
and theconsistency of crash risk factors identified by the Mitid the ML models are

explored in this section.
3.4.1 Model performance

Knowing a model's predictive performance for each severity class is fundamental for
efficiently prioritizing and selecting appropriate treatment measures under time and
budget constraints. The predictive performance results (accuracy-aedrg) of the

four classification models are shownTiable3.3.
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Table3.3. Summary of classification performance of models

Classification Model Severity class Recall Precision Fi1 ,(At\)zgzuracy
No injury 0.528 0.600 0.562
o Minor Injury 0.956 0.864 0.908
Multinomial logit Severe injury  0.568 0.925 0704 861
Fatal injury 0.876 0.894 0.885
No injury 0.440 0.627 0.517
. Minor Injury 0.953 0.873 0.911
Gradient boosted trees g oreiniury 0631 0.815 0711 o8
Fatal injury 0.819 0.874 0.845
No injury 0.474 0.661 0.552
) Minor Injury 0.951 0.865 0.906
Naive bayes Severe injury 0.565 0.899 0694 87
Fatal injury 0.901 0.841 0.870
No injury 0.472 0.668 0.553
Minor Injury 0.959 0.870 0.913
Random forest Severe injury 0.621 0.893 0732 887
Fatal injury 0.874 0.889 0.881

Fi1-score reports the classification performance of the model for each severity class. As
is evident from the Fscore, all models perform well in predicting minojury and
fatakinjury motorcycle crashes and exhibit average predictive performance for
predicting severgnjury motorcycle crashes {fscore is approximately 0.7 for each
model). In contrast, rmjury motorcycle crashes are predicted with ais¢ore ranging

from 0.51 to 0.56. The low predictive performance for this inf@yerity category may

be attributable to the dataset's small number ohjusy observations. All of the models

gave acceptable results of the proposed classification evaluation metrics in terms of
overall model performance. The RF model outperforms the other models with a
prediction accuracy of 86.7%, followed by the MNL model (86.1%), the naive Bayes
(NB) model (85.7%), and the gradient boosted trees (GBT) model (85.6%). In this
study, theMNL model performs better than the two ML models (i.e., NB and GBT).
Literature suggestthat different models may respond differently to different datasets.
No single model is universally the bgmrforming model for all datase{Shalev
Shwartz & BerDavid, 2014. Previous studies conducted on modeling traffic crash

severity have confirmed that the performance of statistical models can be comparable
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and even better than a few ML models depending on the détéseinud et al., 2024

Rezapour et al., 2020@hang et al., 2013

Table3.4. Comparison of performance results with previous studies

Reference Data/Severity Classes Models used (Accuracy) (BAesguT;:y(;l
Wahab and Motorcycle crash data Random forest (73.91%) Random forest
Jiang (2019a) from Ghana/ 4 classes  Instancebased learning with  (73.91%)

Rezapour et al.
(2020a)

Rezapour et al.
(2021)

Zhang et al.
(2021)

This study

Motorcycle crash data
from Wyoming/ 2 classes

Motorcycle crash data
from Wyoming/ 2 classes

USA motorcycle crash
data from National
highway traffic safety
administration (NHTSA)/
3 classes

Motorcycle crash data
from Pakistan/4

parameter k (73.71%)
J48 decision tree classifier
(73.64%)

Multinomial logistic regression

(52.04%)

Binary logistic regression
(69%)

Decision tree (68%)
Multivariate adaptive
regression splines (73%)

Support vector machine (74%)

Binary logistic regression
(74%)

Random forest (76%)
Bayesian network model
(64.57%)

Multinomial logit model
(65.97%)

Multinomial logit model
(86.1%)

Gradient boosted trees (85.6%

Naive bayes (85.7%)
Random forest (86.7%)

Binary logistic
regression (69%)

Random forest
(76%)

Multinomial logit
model (65.97%)

Random forest
(86.7%)

Previous studies conducted on motorcycle crash injury severity have compared the

predictive performance of statistical and ML models. Few studies are compared in

Table3.4, and it can be seen that the results of different studies may not be consistent

due to their distinct databases. Nevertheless, few similarities can be noticed with our

study; the random forest is the bestforming model in most of the studies. Literatur

indicates that th&F model has been found to be the {pestorming model in 70% of

the times that it was appli¢8antos et al., 2032Furthermore, statistical models show

comparable performance to ML models in most studies.

51



3.4.2 Consistency analysis of risk factorbetween statistical andML models

This section investigates the consistency of risk factors identified from the statistical
model and begperforming machine learning model (RF modéhe influential risk
factors in the RF model identified with the SHAP method and MNL model are

presented ifrigure3.3 to Figure3.5 ard Table3.5, respectively.

Figure3.3 to Figure3.5 show the important features contributing to a motorcycle crash

injury severity ranked by their importance in the RF model. Only the features with a
feature importance value greater than 0.01 are illustrated. Besides simply showing the
importance of prediors, the SHAP method provides detailed statistics on how each
predictor contributes to a model with SHAP value and direction of association. The
variable importance is illustrated in SHAP feature importance gtajarne3.3a, Figure

3.4a, Figure 3.5a) , while the variableds direction
variable can be explained from the SHAP summary plegu(e 3.3b, Figure 3.4b,

Figure35b) . The SHAP summary plotés horizont al
on the severity level (either positive or negative). The color bar on thehagiat side

shows the values of the variables (red color stands for a large value, while blue color
stands for a small value). Figure 3.3(b), Figure 3.4(b), andFigure 3.5(b), red dots

capture the effect of the presence of a specific variable category on the dependent
variable, while blue dots show the effectiog¢ absence of that category. For example,
fromFigure3.4(b), we notice that feamaldd {pt esktacet bé
rider in the crash event) have a positive SHAP vahekcating a positive effect on the

severe injurycrash. In contrast, blue dots (absence of female rider in the crash event)
show a negative effect. Each point in the summary plot denotes a crash in the test data
set. The clustering of the several dots in the SHAP summary plot indicates the same

value foroverlapping cases. A higher SHAP value means a higher effect of the variable
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on the severity level and vice ver3able3.5 presentshe estimated parameters for the

MNL model . The estimated parameter of eac

a specific injury severity class compared to thenjory class (baseline category).
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Figure3.3. Interpretations of the RF model using the SHAP method for minor injury crash

FromFigure3.5(a & b), we notice that influencing factors such as distractions (SHAP
importance: +0.130), collisions with pedestrians/trucks (SHAP importance:
+0.076/+0.012), and the female motorcyclists involved in motorcycle crashes (SHAP
importance: +0.023) significantipcrease the chance of crashes resulting in fatalities.
In the meantime, teenage motorcyclists (aged <=20) (SHAP importance: +0.044),
female motorcyclists (SHAP importance: +0.125), and collisions with trucks (SHAP

importance: +0.024) are significant posgticontributors to severe injuriigure3.4 (a
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& b)). On the other hand, factors such as winter season (SHAP impor@a0dd4;) and
mid-age group (aged 230) riders (SHAP importance0.041) would decrease the

chance of crashes resulting in fatalities.
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Figure3.4. Interpretations of the RF model using the SHAP method for severe injury crash

The factors that reduce the likelihood of severe injury crashes include winter season

(SHAP importance:0.040), daytime (SHAP importancé.023), etc. These findings
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for intuitively interpreting the effects of risk factors on crash injury severity level are

consistent with those inferred from the traditional statistical MNL mad&able3.5.
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Figure3.5. Interpretations of the RF model using the SHAP method for fatal injury crash
The fitted MNL model results reveal that the significant factors contributing to a severe

injury or fatal crash are distractions while riding (odds ratio of 1.437 for severe injury
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and 5.926 for fatality), collision with a truck (odds ratio of 1.785 for severe injury and

1.620 for fatality), collision with pedestrian (odds ratios of 3.280 for fatality), and

female motorcyclist (odds ratio of 6.464 for severe injury and 1.207 fdrtyata

Similar results of variable interpretation are obtained when SHAP is applied to the GBT

model (see AppendiR).

Table3.5. Parameter estimation results for the multinomial logit (MNL) models

Minor Injury

Severe Injury

Fatal Injury

Variable
f S Coeff.

Odds
Ratio

Std.
err

Coeff.

Odds
Ratio

Std.
err

Coeff.

Odds
Ratio

Std.
err

Intercept 3.27"

0.644

1.88"

Lighting Condition
Day -0.429™
Night (control)

0.650

0.107

-0.432

0.694

0.127

-0.484™

0.615

0.130

Weather
Cloudy -0.309
Rainy (control)

0.733

0.139

0.528™

0.589

0.176

-0.303

0.738

0.174

Season

Winter -0.838™
Summer -0.423"
Spring -1.029™

Autumn (control)

0.432
0.654
0.357

0.151
0.153
0.161

0.906™

0.898™

0.404

0.407

0.180

0.195

-1.385"
-0.869"
-1.088"

0.250
0.419
0.336

0.179
0.180
0.193

Gender
Female -0.902"
Male (Control)

0.405

0.140

1.86™

6.464

0.145

0.188"

1.207

0.154

Age group

Age (r020 -
Age (21130 yr) ---
Age (31140 y) ---
Age >50 years
(control)

-1.307"
-1.564™
-1.101"

0.270
0.209
0.332

0.186
0.179
0.195

Vehicle/Object
Involved

Collision with
truck/van

Collision with
pedestrian

Others (control)

0.385

-1.331"

1.469

0.264

0.209

0.222

0.579

1.785

0.245

0.482"

1.187"

1.620

3.280

0.266

0.254

Motorcyclist

Behavior

Distractions 0.464
Speeding (control)

1.591

0.137

0.363"

1.437

0.163

1.779"

5.926

0.153

Speed Limit
60 km/h.
070 km/ h

0.305

1.357

0.165

Notes:", ™, and™ represent statistical significance at 10%, 5%, and 1% levels, respectivdiysignificant

The detailed comparison of the findings between statistical and ML models on

interpreting the effects of risk factors on motorcycle crash severity is summarized in
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Table 3.6. It can be seen thahe SHAP method performs well in identifying the
effective factors in the ML model (specifically the RF model here). It is worth noting
that the significant variables identified in the MNL model are found to influence
motorcycle crash severity in the samlieection as the RF model. Thus, it can be
concluded that the influential risk factors identified by the MNL and ML models are
consistent to a greater extent. The bold and highlighted t&dbte 3.6 indicatesthe
influencing factors contributing to severe injury and fatal injury crashshermore,

the consistency analysis of risk factors between MNL and GBT models is provided in
AppendixA (TableAl). The results in Tabl&1 areconsistent witiTable3.6 to a large
extent This confirms that the results of the SHAP method obtained from different ML

models are consistent.

Table3.6. Consistency analysis of risk factors between the MNL and RF models

Minor Injury Severe Injury Fatal Injury
Variables RF RF

MNL RF (SHAP)  MNL (sHap) MNL (SHAP)
Lighting Condition
Day -0.429" -(0.014) -0.432 -(0.023) -0.484”  -(0.017)
Weather
Cloudy -0.309" IS -0.528" IS -0.303 IS
Season
Winter -0.838" -(0.015) -0.906"  -(0.040) -1.385"  -(0.044)
Summer -0.423" -(0.0113) IS +(0.033) -0.869°  -(0.025)
Spring -1.029" -(0.0135) -0.898"  -(0.026) -1.088"  -(0.019)
Gender
Female -0.902" -(0.0105) +1.86™ +(0.125) +0.188"  +(0.023)
Age group
Age (D20 vy IS IS +0.600"  +(0.044) -1.307"  -(0.019)
Age (21 30 yr) IS IS IS -(0.019) -1.564"  -(0.041)
Age (31 40 yr) IS IS IS <0.017) -1.10T" IS
Vehicle/Object Involved
Collision with truck/van +0.385 IS +0.579" +(0.024) +0.482° +(0.012)
Collision with pedestrian -1.331" -(0.0125) IS -(0.022) +1.187" +(0.076)
Motorcyclist Behavior
Distractions +0.464 +(0.0125) +0.363" IS +1.779"  +(0.130)
Speed Limit
60 km/h. IS IS +0.305 +(0.014) IS IS
Notes:*, ™, and™ represent statistical significance at 10%, 5%, and 1% levels, respectiueRositive effect;:

Negative effect IS: insignificant; numbers in parentheses indicate SHAP feature importance; numbers
parenthesis are MNL coefficients.
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3.4.3 Discussion of risk factors

Though the statistical model (MNL) and machine learning model (RF) work under
different mechanisms, the risk factors identified by these model streams have been
revealed to be highly consistent. This section carrieslisatissioron the risk factors

identified by the two models.

According to the consistency analysis Trable 3.6, distraction while riding a
motorcycle was the most significant factor contributing to the crash fatality. Riders need
to be highly aware of the road environment while riding awheeler, and even a tiny
distraction, such as mobile phone use, can leaddtrievable catastrophgslguyen

Phuoc et al.,, 2009 In Pakistan, where heterogeneous and-lana disciplined
conditions exist, distractions are a significant threat, as in many developing countries
(Gupta et al., 2092 Distracted motorcyclists are more likely to collide with another
vehicle or slip on the roadones et al., 201 3Vundersitz, 201p The consequences of

a crash for a motorcyclist in Pakistan are much worse than for a car driver due to

inadequate protection during a crash ey@mseem et al., 20).9

The vehicletypeinvolved in a crash also influences the severity levels of casualties in

a motorcycle crashlrable3.6). It is found that collisions with a pedestrian or a truck
increase the chances of a fatal crash. Both pedestrians and motorcyclists are vulnerable
road users, and even a minor collision can result in a severe or fatal injury. Also,
violations of trafficrules, such as relthht running, are typical safety issues in Pakistan
(Pervez et al., 2031 and such behavior increases the probability of motoreycle
pedestrian crashes at the crossings, leading to pedestiased fatalitiesPrevious

studies have obtained similar results for motorcycle crashes involving pedestrians
(Agyemang et al., 202 Kashani et al., 2090Similarly, the probability of a fatality is

higher in a motorcycle crash involving heavy vehi¢tesvolainen & Mannering, 2007
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Wahab & Jiang, 2019bDue to the lack of dedicated motorcycle lanes in Pakistan,
motorcyclists share the same roadway with heavy veh{ple&seem et al., 20)9
Motorcyclists are often unnoticed byckdrivers, and even a minor collision can cause
fatality or severe injury to a motorcyclist. Besides, the difference in momentum
between a truck and a motorcycle leads to higher chances of severe crashes. Previous
studies have reported similar results fortonoycle crashes involving heavy vehicles
(Savolainen & Mannering, 20Q0Wahab & Jiang, 2019bThus, adequate protection,
such as wearing a helmet while riding a motorcycle, is (@aVolainen & Mannering,

2007 Shaheed & Gkritza, 20)4However, the low level of helmet use in Pakistan
increases the chances of head and facial injuries, which cause severe injury or fatality
more easily. It was reported that only 34% of motorcyclists wear a helmet in Pakistan,
and only 6% wear it correctfMOC, 2019. Furthermorepnly 7% of motorcyclists
involved in crashes were found to have been wearing a héfhetmim et al., 20)1

The use of a helmet is even worse for pillion riders (only 4% of the whole population)

(MOC, 2018.

Results also suggest that females in Pakistan are more prone to fatal injury or severe
injury crashes than males. Other than the general reasons reported in other countries,
the wearing habits of females in Pakistan might also be attributed to seveyeamjur

fatality (Khan et al., 2016 The cultural milieu in Pakistan encourages females to ride

as pillion passengers rather than riders. Females usually wear loose dresses (long shirts
over trousers with an overcoat) that <can
or chain. The ase will increase the chance of causing the crash incident and hinder the
female motorcyclists or passengers from taking preventive action. Furthermore, the
results indicate that teenage motorcyclista @2 Oaye prone to severe injury crashes.

The reason can be their inexperience and rash riding beliByionskau et al., 2032
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Pervez et al., 2031Many teenagers in Pakistan ride motorcycles without acquiring a
license (the minimum age for obtaining a license is 18 years), leading to their high level

of involvement in sever@jury crashegPervez et al.,, 20J1Despi t e being
susceptible to severe injury crashes du
mot or c(yad d @2 ) have a | ower pr obianbjiuriyt y

craclmenpared to ol der (Cualipalyeca). 0L sT hi § agay!

be because younger motorcyclists tend to
withstand t he i mpact olf denra mo @asthemclCo
experpheynscieol ogiimalt hehandeosdi es withomage, s

strenngdt el asthestywaflthehich may make t he
i nj \(lslame& &Mannering, 2006°ai & Saleh,200¢ Furt her more, road
speed | imits of 60 km/ h increase the prob
consistent with previous studies, t hat f

i nj (Bavalainen & Mannering, 2007

Some factors were negatively related to the crash severity or fatality. For example, fatal
injury crashes were less likely to occur during the daytime and in cloudy weather
conditions. Previous studies reported similar results, indicating that crashesngccu
during the day and in cloudy weather conditions are less associated with fatal injuries
(Geedipally et al., 203 MWahab & Jiang, 2019blt can be inferred that clear roadway
delineation and clear visibility strategies such as adequate street lighting help reduce
fatal crashes. The reduced incidence of fatal crashes in cloudy weather can be explained

by cautious behavior in such condit®o(Clarke et al., 20G7Jones et al., 20)3

Mor eover, the summer season was found to
severe injury crashes as revealed by the
temperatures in the region, which can di s
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due to ther mal di scomfort, thereby 1incre:
(Shaheed & Gkritza, 20)4 However, fatal i njury crashe
to occur during the summer, winter, and
mi xed results regarding the effect of s e
studies haveadvanidatai posheéti ween severe i nj
sea@afhsSalenh, 200 whil e others have found that
associated with severe injury crashes and

(Sivasankaran et al., 201

3.5 Policy recommendations

With the identified potential risk factors that result in economic losses and human
suffering in a motorcycle crash in Pakistgayernment agencies neidmprove road

safety and create a safer driving environment. Practical policy implications and
effective countermeasure suggestions will help managers and deuizkans to make
appropriate decisions. Subject to the significant risk factors identifi¢kdle current

study, we discuss possible suggestions or countermeasures for road safety

improvement.

3.5.1 Implications for human factors

This study found that distractions while riding were the most significant cause of fatal

injury motorcycle crashes. Crashes resulting from distracted driving are usually more
severe than cautious driviiGhen & Lym, 202). On the other hand, distracted driving

and violation of traffic safety regulations on highways turned out to be common cases

in Pakistan(Pervez et al., 2031 Thus, state authorities must strengthen compliance

with the traffic laws devised for distracted driving. Educating the public and increasing
driverso6 awareness about the dangers of d

to traffic rules(Lim & Chi, 2013. Teenage motorcyclists (under 20) were revealed to
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be one of the major contributors to severe injury crashes, which may be because they
are inexperienced, often drive carelessly, too fast, and violate traffic regul@tioiis

2010. In addition, the licensing system in Pakistan is poor. Several drivers in Pakistan
have never passed a driving test or acquired a driving li¢Baseol & Carsten, 2007

The situation adds to unsafe driving practices. Changes to this situation must be made
from the driverds perspective. Thus, for
motorcyclists before granting them a license. Furthermore, appropriate educational
programs for teenagers can help raise their safety awareness and safe driving habits
(Guria & Leung, 200% Therefore, road safety education shall be included in the
curriculum of primary education to encourage good driving habits at a young age
(Haque et al., 20)3This study also uncovered an obvious gender effect on the injury
severity of motorcycle crashes: females had a higher probability of getting involved in
a crash with severe injury or fatality injuries. Thus, the government must educate
females to wrap #ir loose dresses around themselves while riding a motorcycle. In
addition, as pillion passengers in Pakistan often do not wear a h@hoét, 2019,
education on the proper wearing of helmets for both motorcyclists and pillion
passengers should be enhand&dnitpong et al., 2008 Towards this end, the
community participation approach, in which people are the driving force behind
community safety, can help increase helmet use by creating safety knowledge and
awareness among the riders. The success of community participatioroésitadvin

three districts of Thailand, where a 13.23% increase in helmet use was observed
(Ratanavaraha & Jomnonkwao, 2pl13Besides, appropriate and effective law
enforcement shall also be implemented to make it compulsory for pillion passengers to

wear a helmet.
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3.5.2 Implications of vehicular and environmental factors

Motorcycle crashes involving pedestrians and heavy vehicles were more likely to result
in fatal crashes. Both pedestrians and motorcyclists are vulnerable road users; thus, a
minor collision can result in severe injury or fatal{tyashani et al., 2030 In this

regard, we recommend improving sidewalk fences, reducing speed limits, installing
frequent speed humps, and fixing retroreflective safety devices on roads-irohigie
pedestrian areas. Moreover, appropriate placements of signboards andeuhesrts

can be enhanced to raise the awareness of motorcyclists to ride more cautiously than
expected in areas with high pedestrian volufiesjue et al., 201 3Vifinanga, 201).

Safety education should be improved for motorcyclists and pededttigansmang et

al., 202).

Given the fact that heavy vehicles play a critical role in causing severe and fatal injuries,
actions are needed to reduce the consequences of motorcycle crashes involving heavy
vehicles. Heavy vehicle driveshouldbe educated to pay more attention to the road
environment and keep concertation with the presence of motorcyclists on roadways.
Furthermore, restrictions on heavy vehicles on highways in remote areas can also be
implemented to improve management. Suchrategy can eliminate the interaction
between motorcycles and heavy vehidlésang et al., 20)9 One another effective

way will be segregating motorcyclists and heavy vehicles by providing dedicated
motorcycle lane¢Cherry & Adelakun, 201R In Malaysia, segregating motorcyclists
from mixed traffic has substantially reduced motorcyelated fatalitie§Radin Umar,

2009. However, the provision of dedicated motorcycle lanes is at the cost of other
vehicles' space; thus, andepth assessment of traffic congestion in the area is required

(Chang et al., 2099
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Furthermore, roadway delineation, streetlight provision during the night to improve
visibility, and timely roadway maintenan¢géimmerman et al., 20)5%ould enhance

the safety of motorcyclists in Pakistan. In addition, educating motorcyclists about the
factors contributing to crash injury sever{tyalvarani et al., 20Q0%nd enforcing the

traffic regulations on motorcycle registration and the driving license procedure may
also help reduce the severity of injuries and deaths associated with motorcycle crashes
(Haque et al., 20)3These recommendations may also be helpful for other developing

countries with similar traffic, environmental, and roadway conditions.

3.6 Conclusions

This Chapteiinvestigates motorcycle crash injury severity using statistical and machine
learning models. The contributions of the study are-folat. First, a comparison of the
model performance between statistical and ML models for crash severity analysis has
beencarried out with multiple evaluation metrics such as accuracy and F1 score. The
overall predictive accuracies of injury severity obtained from the methods were above
85.5%, indicating the effectiveness and robustness of the models. Amongntuess,

the RF model, with an average accuracy of 86.7%, outperformed the other models; the
MNL model was the second bgstrforming model, with an overall accuracy of 86.1%.
Second, the SHAP analysis method has been applied to derive the risk facttirgaffe

the crash severity outcome. Distractions while riding, collisions with a pedestrian,
collisionswith a heavy vehicle, and female riders were found to be the most significant
variables contributing to motorcycle crash fatality. Third, an explicit @ispn of the
consistency of identified risk factors between machine learning methods and statistical
models has been performed. The risk factors captured from the RF model with the help
of the SHAP method are examined to be highly consistent with the MNL model. The

finding revealed that though the statistical models and ML methods follow two streams
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of methodologies on prediction, the identified risk factors are reasonably consistent to
a greater extent. Finally, according to the findings of the crash severity study in the case
of Pakistan, we have suggested appropriate policies and countermeas@dsce
motorcycle crash injuries. The study of the consistency between the two streams of
methodologies will provide decisiemakers with key insights that will help them
initiate clear remedial measures to promote the safety of motorcyclists and pillion

passengers in Pakistan.
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CHAPTER 4 A cooperative game theory framework for

proactive identification of safety-critical road links

4.1 Motivation

Networkwide vulnerability assessment of road links from a safety perspective can
support the proactive identification of critical links. This assessment focuses on how
network safety performance may degrade under disruptions such as traffic crashes or
natural disaster(Kurmankhojayev et al., 2034In this context, a link is considered
safetycritical if its removal significantly reduces overall network safety. Identifying
such links enables agencies to prioritize safety interventions and allocate resources
more effectively during transportationapining (Bonera et al., 2024 Conventional
network safety approaches typically identify critical links by exploring relationships
between independent variables (e.g., roadway characteristics and traffic flow) and
safety performance metrics such as crash frequency and séBerityra et al., 2022
Bonera et al., 202Mansoor et al., 209d0However, assessing link importance through

a network vulnerability perspective, specifically by examining how much each link
contributes to overall network safety, adds a valuable and unexplored dimension. This
new perspective shifts the focus from ewdilng the local impacts of traffic crashes on

individual links to assessing each link's contribution to overall netwidk safety.

Safety of a link is a flowdependent quantity that changes with changes in traffic
conditions. While a link's safety contribution depends on its attributes and traffic
conditions, it is also shapda) the interacting traffic conditionacross neighboring
links and routes serving various origdestination (®D) pairs(Liu et al., 2017Lv et

al., 2019. For instance, a crash on one link may reroute traffic through alternative

routes altering flows and crash risks across the neighboring links and the broader
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network(Zhao et al., 2023Conventional safety models treat traffic flow as exogenous,
limiting their ability to capture these cascading effects driven by driver rerouting
behavior. A network equilibrium framework that models route choices in response to

disruptions can be integeat with conventional models to address this limitation.

To describe this traffic influence, we use traffic interactions to explain how
neighbouring links connecting routes between differem Op ai r s af f ect
safety conditions due to vehicle movements, illustratdeignre4.1(a-c). This traffic
influence extends beyond upstream or downstream, linkkidingall links that flow

into or out of a specific linkLiu et al., 201Y. For example, ifrigure4.1(a),four routes
connectwo O-D pairs (24 and 24). O-D pair 14 has two routes that share a common
link (1-2), and congestion on this shared link impacts the safety conditions of
downstream links connecting bothDpairs. Furthermore, these downstream links can
also mutually influence each other's safétige safety of route 1 and route 3 depends
on traffic interactions among local roads, wheiateractions between a local road and

a highway influence the safety of route 2 and rout&délitionally, as shown ifigure
4.1(b), when link (23) is disrupted, traffic from route 1 and route 3 diverts to route 2
and route 4, respectivelynfluencing the safety conditions of the links along these
routes Conversely, inFigure 4.1(c), disruption onthe link (2-4) leads to traffic
redistribution, affecting the safety conditions of links along routes 1 aMdi&over,

the disruption of link (23) renders link (31) inaccessible for travelhese examples
highlight that a comprehensive safety assessment of links in a road network must
account for traffic interactions across allDDpairs and routes under all possible

disruption scenarios.
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Figure4.1. lllustration oflink and route safety due tserinteractiors under link disruptions

Conventionally, the contribution of each link to network safety can be determined based
on its marginal safety contributioMarginal contribution (MC) can be determined by
evaluating changds network safety when a specific link is removed. However, such
an approach has limitations as it evaluates links in isolations and overlooks the broader
context of links cooperative interactiofiSnecco et al., 202Hadas et al., 20)7In

reality, multiple links may be disrupted simultaneously, or a disruption in a single link
can affect many others due to the network topol@gy et al., 2028 For example, as
shown inFigure4.1(b), a disruption on link (3) also renders link (8) unavailable for

travel. Therefore, to effectively evaluate the importance of each link, it is essential to
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account for all potential scenarios where one or more links may be disrupted and
measure the average effect of each on overall network safety. This perspective
recognizes that links do not function in isolation but as part of an interconnected system,
working collaboratively with other links to serve road users from differebt @airs

(Zhao et al., 2023

To address this complexity, we employ cooperative game theory, treating links as
players that cooperate with each other to enhance overall network safety. In this
framework, the Shapley value, a gatheoretic concept, assigns costs or benefits to
each lirk based on its marginal contribution across all possible coalitions. A coalition
in a cooperative game represents a subset of players (in this case, links) that work
together to improve their collective benefits. By considering every coalition, the
Shapley value provides a fair and comprehensive way to measure the safety
contribution of each linkShapley, 1958 The utility function of the cooperative game

is expressed in terms of a flewependent safety evaluation metric, quantified using
link flow patterns from the traffic assignment model (s®ection 4.2.6. This
cooperative game thearyased, vulnerabilitpriented view of safety highlights links
whose systemic importance may be overlooked by more static oiistiteted
assessments. It offers plannisigige insights that support proactive interventioms fo

enhancing the safety of these critical links

4.1.1 Contributions

This Chapter develops a framewdhkt identifies the safetgritical links by integrating
transportation safety analysis without network effect and transportation network
analysis without safety effect via the Shapley value from a cooperativetbaoretic
approach. It identifies the sf-critical links by considering cooperative interactions

among different links. The utility function of the cooperative game is expressed using
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a flow-dependent safety evaluation metric, quantified by solving the UE traffic

assignment problem for all possible coalitions of links in the game. The Shapley value

of each link is then calculated to determine its safety importdnceummary, this

Chaptemrovides the following contributions:

a) From the theoretical side, thShapterdevelops a transportation network safety

analysis framework by integrating transportation safety analysis without network

effect and transportation network analysis without safety effect via the Shapley

value from a cooperative gantieeoretic approachAccounting for cooperative
interactions of links using a flowependent safetgvaluation metricenhances

theoretical understanding of transportation network safety.

b) From a practical perspective, this approach offers transportation safety planners a

useful transportation network safety analyssnework to identify the most safety

critical links for investment strategy at the planning stage.

4.2 Methodology
This section explains the methodol ogy

transportation network safety

4.2.1 Notations

All the notations used in thiShapterare listed inTable4.1.

Table4.1. Notations

Symboll Description

Set s:

0 set of nodes

0 set dfpllailyrek ss

(@] set of(Qorigins

0 set of d®stinations

W set -Dofp & .r s

0 set obet @BRapai r

Y coaliiniamncooperative ge¢
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4.2.2 Study framework
Figure 4.2 presents the framework of this studyhel Shapley value is utilized to

evaluate the contribution of each link to network safety
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Figure4.2. Framework of the methodology used for identifying safatiical links
4.2.3 Flow-dependentsafety evaluation metric
In this section, we introduce the safety evaluation metric for quantifying total network
crash frequency"Y0O 0 ;@vhich will be used to calculate the utility of each link in the
cooperative game (explained in SectbB.4). Traffic crashes on a road network result
from a complex interplay of factors, including roadway geometry, environmental
conditions, driver behavior, and traffic characteristics, as illustrateéigare 4.3

(Mansoor et al., 2093
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Safety performance functions (SPFs) are analytical tools developed using road network
crash data to estimate crash frequency based on roadway type, crash severity, and crash
type. They are estimated using negative binomial regression models and usetifyo ide
high-risk locations to support safety interventions. The Highway Safety Manual (HSM)
provides a set of SPFs developed for various road types under base conditions i.e., the
specified lane width, shoulder width, shoulder type, road hazard ratingygéases,

and speed limit etc. Adjustments for deviations from these base conditions can be made
using crash modification factors (CMFs), which scale the SPF outputs to reflect specific
roadway or environmental chang@s -Ahmadi et al., 202l Jurisdictional agencies

may choose to develop their own SPFs or calibrate existing ones, such as those provided
in the HSM, to better reflect local conditions. While developing localized SPFs offers
improved accuracy by capturing regispecific crash dwracteristics, it requires
additional effort in terms of data collection and model calibraflfoneon & Lim,

2014).
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Figure4.3. Road safety as a complex interplay of different factors.

Based on the safety model illustratedrigure4.3, the SPF irEquation(4.1) predicts

the annual number of crashé® on a given link. IfEquation(4.1), & represents the
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independent variables associated with roadway characteristics, environmental factors,
traffic conditions and driver characteristics étcand] are the calibrated parameters
typically estimated using Maximum Likelihood Estimation (MLE). The values of the
calibrated parameters may vary for different road types, such as local roads and
highways(Kweon & Lim, 2019.

(4.1)
0 AgH T

SPF can be written as a function of exposure measures, which aafftbdlow

and link length0 , assuming that the links are in accordance with the base conditions
of HSM, as shown iEquation(4.2) (Al-Ahmadi et al., 202)L It quantifies the average
hourly number of crashes on link per year. Similar SPFs have been applied in
transport network design problerfisn & Wei, 2019 and traffic assignment problems

(Ma & Zhang, 201pto evaluate the network safety.

O Agp 710w 10D (4.2)

Since the traffic crash data includes various other variables, the calibrated parameters
implicitly account for these factors within the functional form presentdegumation

(4.2). If certain links do not conform to base conditions, deviations can be addressed by
multiplying Equation(4.2) by the product of crash modification factors (CMFs), as

shown in Equatioi4.3).

O Agb (116 10D 6 U0 (4.3)

The crash ratei  for each traveler, interpreted as the crash probability (or
"normalized frequencyper unit of exposure e.g., vehiclg8onera et al., 2094 is

calculatedby dividing the number of crashéy the traffic flow @ on the link In
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other wordsEquation(4.3) is divided byw , as shown in Equatig@.4) (Ma & Zhang,
2019.

i Qw 0 (4.9
Using Equation(4.5), "Y0 6 i©calculated by aggregating the crashes on links with
nonzero flow w , determined by solving the traffic assignment model (explained in

Sectiord.2.6.

YOOO 1 8 (4.5

This approach excludes links with zero flow from th& 6 ®lculation, ensuring
accuracy and generalizability to different functional forms of SPFs. Viugleation
(4.4) could aggregate crashes across all links, it does not excludéaetmks, which
may lead to overestimation of th¥0 0, €specially when using SPFs that include
additive flowrindependent terms. Equati¢a.5), by contrast, avoids this issue and
provides a more robust and adaptable method for calculatiriythé (8ing the link

flows from the traffic assignment model

4.2.4 The cooperative game

In the cooperative game, players unite to formaodiitions and grand coalition. Sub
coalitions "Y contain a few playersvhile grand coalitiond contains all the players.
A pair define a cooperative gamé RY, whered  pllot8 &t is the set of
players (links in this study) aritdk  © 4 is a utility function withY n mthi.e., the
utility of an empty coalition has a zero valamdc is the set of all possible subsets
of 0 . For any subsetYP 0, "Y"Y represents the utility of coalitiofvachieved by
players in"Ywithout the help of remaining playersin "Y*Y 0 is the utility of the

grand coalition i.e., the utility achieved by all the players in the coalition. In
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cooperative games, medium of exchange (e.g., mon&y)reely movable between
players and is quantifiablé&s explained in the section below, the Shapley vahre

divide the utility among players in a cooperative game fairly

4.2.4.1 Shapleyvalue of acooperativegame

The Shapley value, introduced Bfiapley (1953)is a method used in cooperative game

theory todistribute the total payoff among players fairly | t consi der s ea
contribution to different coalitions and calculates their fair share. Since some players

may contribute more to the final value, it is important to ensure that players are
rewarded fairly. The Shapley vald@ for each playeitls calculated using Equation

(4.6) (Narayanam & Narahari, 20}0

- . . ) A A L
%o U Y YY Y'Y Q ¢ P 03;\5 e h

38

Q0 (4.6)

where™Y"Y "Y'Y "Q is the marginal contributiorMC) of playerQo the coalition

“Y Hence, the Shapley valuspresentthe average marginal contribution of each player
across all possible coalitionsonsideringevery possible order in which players can join

the grand coalitionstarting from an empty sdh this Chaptey eachnetwork lirk is
treated as a player that cooperates/interacts with other links. To evaluate the
contributionof each link to network safety, th@@hapterutilizes the Shapley value. A

higher Shapley value of a link indicates its greater contribution to network safety.

4.2.4.2 Utility function of acooperativegame intransportationnetwork

This section defirethe utility function of a cooperative game for a transportation
network,"O0 i) , where) and0 are respectivelythe sets of nodes and links. Let
0 N w denote the sets of origifestination pairs such that eactDOs connected by a

set of route® . We define as the set of coalitions O "Ysuch that for each-D pair
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0 N w, there exists at least one routénY connecting) . A subset of these coalitions
O , is defined ashe set of minimally connected coalitions, the ones for which
the removal of any one player makes the resulting coalition not belongi.@, no
single route existbetween @D pair 0. Based on the definition 0 O ii©@Section
4.2.3the"Y0O 0 "®@for coalition™Ycan be calculated using Equati@r7), wherel Y

andw "Y denote the crash rate and traffic flow on linkin coalition™Y respectively.

“YO O "® i Y& 7Y (4.7)

The utility function™Y Y is defined in Equatio(¥.8):

S iN AJY)O 6D YO 6 "9 I "W R

YUY (4.8)
Tt I “Ye

The interpretation of the utility functiofly “Yhis that when the whole demand between
an OD pair0 is served i.e., at least one route exiSts ( ), the utility represents the
savings in number of crashes (reductioiva 0)@ith respect to the maximum number

of crashes (maximuniY(O &)"@r all minimally connected coalitions, O ;
otherwise, if the whole demand is not servéd ( ), the utility is zero. In Equation
(4.8), the "YO O f@r each coalition is subtracted from the maximiviv 0 @ the
minimally connected coalitions, in order to convert the disutility (crash frequency) into

utility (savings in number of crashes).

4.2.5 An illustrative example for a single GD pair without congestion effect
A small network with graphical illustrationsis presentedto provide detailed

interpretations of the cooperative game, utility function and the Shapley Fajuee

~

2 routes 0 D
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Figure4.4: lllustrative network with two routes

4.2.5.1 lllustration of utility function and utility calculation

For illustration purpose8Y0 0 i¥assumed to be exogenously provideigure4.5(a-

h). However, in practice, this depends on the traffic flow, as explairf@edion4.2.3

In Figure 4.5, "Y0O 6 "® represents th&Y( 6 fa@ any coalition"YP 0, "YU 6 W
represents théY( ¢ f@ grand coalition 0 , while"Y0 0 "® represents théY( 6 "O
for any minimally connected coalitionY . Figure 4.5(a-b) illustrate the minimally
connected coalitions along with thélrd 6 "® has described in the utility function
(Equation(4.8)). Figure4.5(a) has the maximuitY0 0 "® between the two minimally
connected coalitions i.e.;Y0 0 "® & t.uSimilarly, Figure 4.5(c-d) depict
coalitions with zero utility i.e. those for which there in no available route to serve the
O-D demand (Equatioi4.8)). These coalitions are excluded from the calculations.
Figure 4.5(e) depicts the grand coalition containing all links havig ¢

] @.igure4.5(f-h) show the' YO 0 "® for coalitions with at least one inactive link
and at least one available route from origin to destination. Additioriatiyre4.5(i)
shows the utility calculations for some coalitions wikiigure4.5(j) illustrates the) 6

of each link solely to the grand coalition § is used inEquatior{4.6) to calculate
Shapley value)Figure4.5(j) also illustrates each link percent contribution to network

safety, based on thair 0.
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Figure4.5. Graphical illustations of utility and MC calculations for a small network

Using the data fronfrigure 4.5 and the process outlined kigure 4.5 and Equation

(4.8), Table4.2 presents the Shapley value calculation for thedirikhe effect of link

win all the possible coalitions is evaluated to determine the final Shapley %alue,

B %o Y .Importantly, we use the utility function definition to focus on five specific
coalitions, rather than analyzing the entire set of 16 possible coalitions (since,

p @. Coalitions shown ifrigure4.5 (c-d), which have a utility of zero, are excluded
from the analysis. This selective approach reduces the computational burden, making

it more practical for solving reaVvorld transportation network problems.
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Table42.Shapl ey value @walculation for

Y YO 6 "® YUY YY®O 06 1 %o Y

R 81410) 0.268 0.177 0.064 0.113 0.25 0.028
oo 0.445 0 0 0 0.08 0

ufiQ 0.381 0.064 0.064 0 0.08 0

oFoiio 0.381 0.064 0.064 0 0.08 0

¢fio 0.381 0.064 0.064 0 0.08 0

%o & ¢ 1]

Notes:) 6 Y'Y “Y'Y. &,and] 22 AeseeA

A

4.2.5.2 Shapley value vs marginal contribution for links
This section compares the link safety contribution between Shapley valug @nd

(Figure4.6).
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Figure4.6. Comparisorof link safety contribution between Shapley value and MC
Figure4.6(a) shows the Shapley value for each link, where the total utility for the grand
coalition Y0 T X % r & m g a5 eiy fairly distributed among players i.e.,

B % 1@ x.)¥igure4.6(b) compares the link safety contribution based on the
Shapley value versus the 0 to grand coalition only. The Shapley value assigns a
comparatively higher safety contribution to shared dirdnd linkQ This indicates that

when cooperative interactions are comprehensively considered between links in the
Shapley value calculatigrthe contributions of linkso and'Qto the overall network

safety are relatively higherhis conclusion will be further explored in Sectib3to
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demonstrate why the Shapley value is a better metric for evaluating link safety

contribution thard 0.

4.2.6 Transportation network cooperative game based on user equilibrium

4.2.6.1 User equilibrium formulation for cooperative game

Consider a directed netwoi®0 ) , whererj is defined as the user demand between
an OD pair 0. The nonnegative flow on a rout§ ¥ 0 is represented by . The

flow on link & is represented by . We denot®  as travel time on linkd .1

is the route link incidence matrix whose elements are defined s p, if link &
belongs to routd, andrt, otherwise. Finally, the cost for route® 0 , denoted aby

@ "Q ,is defined as the sum of the costs on all links comprising the route between
the OD pair 0. A route flow pattern is feasible if it satisfies the demands, i.e.,

B. "Q i HON o aswell as the nenegativity condition.

We assume that the drivers have perfect knowledge of the travel costs on the network
and choose the route accordi fing userlcan War d
unilaterally change his/her travel cost by shifting to another odttecffi, 1985. At

equilibrium, for any coalition'YN m, a feasible route flow pattern can be defined as

(Tan et al., 2024

Definition 1: Equilibrium route flow patternA feasible route flow patterd®@ H ) n

0 h) N ®) satisfies the following conditions at equilibrium (Equat{d®)).

s Y EEY M ‘o
oy EEY mo ! ® (4.9)

C

where’  "Y is the minimum cost route at equilibrium forpair0 for each coalition
“Y The following mathematical program can be solved for finding the equilibrium route

flow pattern"Q °Y for any coalition’Y
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(4.10)

aQéd WY 0O U QU
subject to.
Y g Ao G (4.19)
o Y Y La D (4.12)
MY THANDO N ® (4.13

where Equatior§4.10) is the objective function of coalitioiYrepresented by the well

known Beckmannds transformation. The fl o
constraints and nenegativity constraints are given in Equatiqdsll), (4.12), and

(4.13), respectively. The convex programming formulation in Equaijéis)- (4.13)

has a unique link flow pattern if the link costs are monotonically increasing function of

link flows; however, there could be multiple equilibrium route flow patté&iseffi,

1985.

4.3 Numerical experiments

4.3.1 Experiment settings for multiple O-D pairs in UE traffic assignment

Consider the cooperative garfieh’Y for a transportation network in shownFigure

4.7, which consists of five linkg) ~ “@@0hG . There are two @ pairs, where ©

D pair 14 is connected by three routes whileDOpair 24 is connected by 2 routes.
The demand between both theDOpairs is 3 vehicles/houd M i.e.,n oL and

N oL M Table4.3 presents the input parameters for this case study including the
link travel time functions, link lengths, and the parameters of the safety performance

function. All links are assumed to be of the same type; therefore, the parameteds (
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1 for the safety performance function in Equat{d®) are set equal for all the links

according tdKweon and Lim (2014)

h NAGA Y h16 Qim0 h16 GmO
¢NI 0St NZBdgy % ¢
e B a 6, a4
Oy ®®a

oo o0 fer 00 IR

Figure4.7. A transportation network with two-O pairs, five routes, and five links

Table4.3. Input parameters for the network

Link o 0 1

Q p 1 7.052.0
0 VT ® 1 7.052.0
0 PTG 0.5 -7.052.0
a UTT ® 1 7.052.0
G p 1 7.052.0

We use the input parameters frofable 4.3 and link flows from the UE traffic
assignment modab quantify"Y0O 6 "®for each coalition’Y The computedY0O 6 O
values for each coalition are shown kigure 4.8. These values are then used to

calculate the Shapley values.

4.3.2 Numerical results and discussions

In this section, we present the calculation of the Shapley value for alépandent
safety evaluation metric within a UE traffic assignment model. We provide the
comparison of Shapley valugden considering both single and multipleDOpairs.

We then explor¢he effect of varying congestion levels on the Shapley value.

4.3.2.1 Shapley value calculation for flovdependensafety evaluation metric
This section shows the detailed process of the Shapley value calculation in the traffic

assignment model using graphical illustratigRgure4.8).
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TNCF calculation in UE traffic assignment model
(Section4.2.6.1)

Active link —
Inactive link ---+
AR: Available routes

(@ i

Minimally connected coalitions ( S'€ Qi)

" ={i, ), k. I} §'={i,j0 S'={i,k 1} S§'={i,l,m}
IAR={P;, P,} AR={P,, P} AR ={Py, Py} ~ AR={P,P}}
TNCF=3903%x10"2 TNCF=3903x 102 TNCF=3.903x10"% TNCF= 3.903 x 1072

(e) i @ l
ol L C
e m
S'={,4 s'={0 St ={il} :
AR ={P,,P,} AR ={P,, P5} AR ={P,, P,} | AR = {P;, P5} ;

TNCF = 5.465 x 1072

1
1
S =4

TNCF=3.903 x 102 TNCF= 4294 x 10”2 TNCF = 2.342 x 1072

TNCF for different coalitions ( S € (1)

Grand coalition (M) S = UJ k, l,m} S = {i, k, E,m}
S=M={ij kIl m} AR ={P;, Py, P5} AR ={Py, P, Py, P5}
AR={P,, P,,P;, Py, Ps} TNCF = 2.597 x 1072 TNCF=3.10x 1072

TNCF = 3.10 x 1072

o . S={ijkl}
S={ijlm} S ={i,j k m} AR= (P, P,}
AR ={P,, P,, P,} AR ={P,, P3, Ps} TNCF = 3.903 x 102

TNCF = 2.277 x 1072 TNCF = 5.465 x 1072

Figure4.8. Calculation ofTNCF for different coalitionsn the cooperative game
The"Y0O 6 "®is calculated using Equatidd.7), after solving the optimization model
in Equationg4.10)- (4.13) for each coalitionY as shown irrigure4.8. Figure4.8(a-

h) depict the minimally connected coalitions and th&is 0 "® where the coalition
in Figure4.8(h) has the maximurfiYd 6 "® (i.e.,"Y0 6 '@ = 5 . 1406.5igure
4.8(i) presents th& N C F- for grand coalitiond , where all five routes are available
(TNC& o m p it . Figure 4.8(j-n) illustrate the"Y0 6 "® for scenarios

where one link from the grand coalition is inactive. These scenarios are used to calculate
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the MC of each link to the grand coalition within the utility function. Additionally,

Figure4.8 provides information about the available routes (AR) for each coalition.

Based on th&@ N Cfbr different coalitions shown iRigure4.8, the calculation of the
Shapley value for links detailed inTable4.4. It does not show coalition¥® |, as
their utility andMC are zeroTable4.5 shows the Shapley valealculationdor all the

links.

Table4.4. Calculation of Shapley value for link i

Coaliion "Y0O 6"® Y'Y YUY Q 06 1 %o Y
"B 0.03 0.0: 0.02 -0.00 0.20 -0.0¢C
GG 0.03 0.0 0. 0.01 0.05 0.00
"AEM 0.05 0.0(C 0.01 -0.01 0.05 -0.0¢C
A6 0.02 0.0: 0.03 0.00 ©0.05 0
A 0.03 0.0 0 0.01 0.03 0.00
"G 0.03 0.0¢ 0 0.02 0.05 0.00
"G 0.03 0.0 0 0.01 0.03 0.00
A 0.05 0.0¢( 0 0 0.03 0
K010 0.03 0.0 0 0.01 0.03 0.00
"6 0.03 0.0: 0 0.01 0.05 0.00
"aan 0.02 0.0: 0.02 0 0.05 0
K;10)0 0.04 0.0 0.01 0 0.03 0
Kropol 0.02 0.0: 0.03 0 0.03 0
%0 TEUTTC )

Not@d: Y'Y YY'Q andilieish
Figure4.9(a) illustrates the Shapley values for all links, where a total utility of
¢ @rt pm is divided among the links. Linki has the highest Shapley value,
indicating it is the most safetyritical link, and the network would be most affected if
this link were disrupted. Conversely, lifis colored red due to its negative Shapley
value Qo o X wp 1 , which can be interpreted as the negative contribution of

the link to overall network safety. This implies that the presence of this link adversely

affects network safety, and its removal would improve it.
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Table4.5. Calculation of the Shapley valder all links

Shapl ey val ué. Wor co

Coaliton "YU 6 "® Yy - — = - -
Q Q Q a a
QAT 0.03 0.02<« -0.00 0 0.00 0.00 0.00
QG 0.03 0.01¢ 0.00 0 0 0.00 0
QA 0.05 0 -0.00 0 0 0 0
"GEhy 0.02 0.03: 0 0.00 0 0.00 0.00
"G 0.03 0.01¢ 0.00 0 0 0.00 0
"G 0.03 0.02< 0.00 0 0.00 0.00 0.00
"6 0.03 0.01¢ 0.00 0 0 0.00 0
K107 0.05 0 0 0 0 0 0
"Eha 0.03 0.01¢ 0.00 0 0 0.00 0
"6 0.03 0.01¢ 0.00 0 0 0.00 0
"Aohy 0.02 0.02¢ 0 0.00 -0.00 0.00 0.00O0
A 0.04 0.01: 0 0.00 0.00 0 0.00
0.02 0.031 0 0.00 0 0.00 0.00
%o 0.00:0.00:-0.0010.01:0.00

However, the decision to remove such a link depends on several factors. For instance,
the link may serve as the only connection between two points in the network or may
become useful during disruptions on surrounding links, as it could provide a rerouting
option for travelers. Identifying such links at the planning stage, however, can help

transportation planners proactively address potential safety challenges.
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Figure4.9. Shapley value dinks inthe cooperative game based on UE principle

For example, planners could implement strategies to control or limit traffic flow on
these links under normal conditions to mitigate their adverse effects on network safety.

This phenomenon is similar to the Braess paradox in traffic assignment; however, i
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represents a cooperative version that arises by considering all link coalitions when
evaluating overall network safety using the Shapley vdlaoe links are ranked by their

importance irFigure4.9(b).

4.3.2.2 Link safetycontribution: Single vsmultiple O-D pairs

This section compares the safety contribution of links (represented by the Shapley
value) for single versus multiple-D pairs in the networkHigure4.10). For the single

O-D pair case, all demand( @0 i) is assumed to flow exclusively betweerDO

pair 1-4.
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Figure4.10. Comparison ofihk safety contributiofbetweersinglevs multipleO-D pairs
The comparison ifrigure4.10 highlights the differences in link safety contributions
between the two cases. Linkand Qhat have comparable safety contributions to links
dgandd in the single GD pair case. In fact, link€anda are symmetric, as are link3
and g meaning they have the same Shapley values under this case. However, in the
multiple O-D pairs case, significant differences emerge. This is because@md&Q

only serve users traveling betweenDOpair 14, resulting in a lower safety

contribution. The removal of such a link only affects users from a sinddep@ir. In
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contrast, linksxandé& serve users from both-D pairs, leading to a higher contribution

to network safety. In the event of the disruption of a shared link between-BvpaDs,

the impact on network safety will be highErgure4.10 further shows that linkiis the

most safetycritical with the highest Shapley value and the disruption on such a link can
makenetworksafety worse. Additionally, the negative impact of the presence oflink

on network safety is higher in the multiple@Dpairs case compared to the singk®©O

pair case.

4.3.2.3 Effect of congestion level on the Shapley value

In this section, we compare the Shapley values for links at different congestion levels
by increasing the demanf)( as illustrated ifrigure4.11(a-d). At a lower congestion
level, the Shapley value for linkQis negative %o oYX wp T at’Q ¢).
However, as congestion levels increase, the Shapley value fdRtiekomes positive

% pPUL pTT AQ PYandk TP @ p 1T at’Q p It This occurs because,

at lower congestion levels, most of the flow is allocated to routes 3 and 5 (containing
link "Q, due to their lower freflow travel times. However, these routes have a higher
"YO 6 é@mpared to the other routes, resulting in a negdi@eof link "Qto the grand

coalition, as shown iRkigure4.12(a).

As routes 3 and 5 become congested, flow shifts to routes 1, 2, and 4, which have lower
travel times. Consequently, thdC of link Qto the grand coalition becomes less
negative or even positive, leading to a positive Shapley valueMUsof link "Qare
illustrated inFigure4.12(a). It is noteworthy that while tHdC of link ‘Qis negative at

‘Q , its Shapley value is positive. This is because the Shapley value represents the
averageMC across all coalitions, resulting in an overall positive value. Moreover, the

MC of link Qis positive alQ p
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Figure4.11. Graphical representation of Shapley values at varying congestion levels
Furthermore Figure 4.12(b) compares the percentage safety contribution of Tink
between the Shapley value and M€ to the grand coalition only. IRigure4.12(b),
red text indicates a negative contribution of litko network safety. Asignificant
difference isseenbetween the Shapley value and the marginal contribution. This
highlights that the Shapley value provides a more comprehensive and complete

assessment by considering all possible coalitions
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Figure4.12. Comparison of MC and Shapley value of link k at different congestion levels

4.3.2.4 Marginal contribution vsthe Shapley value at different congestion levels

This section demonstrates why the Shapley value is a more suitable metric to identify

the safetycritical links compared to the MC calculated solely for the grand coalition.

In Figure4.13(a), the MC is determined for a single scenario, specifically the removal

of a link from the grand coalition only. We notice that the MC for liffsd Qis

negative at lower congestion levels (d = 6 and 8), indicating their negative impact on

the network safety.

ConverselyFigure4.13(b) shows that the Shapley value reveals a positive contribution

of link "(@o network safety across all congestion levels. This is because the Shapley

value represents the averag€ by considering all possible scenarios, including all

coalitions. According tdFigure 4.13(b), only link 'Qexhibits a negative impact on

network safety. This demonstrates that relying solely on MC can misidentify important

links as having a negative impact, whereas the Shapley value provides a more

comprehensive assessment by accounting for link interactinossaall scenarios.

While the order of link importance remains the same when using MC and the Shapley

value, the distinction lies in how a link's contribution is interpreted, either positively or

negatively. This has

practica

butigmtoi cat i o

network safety positively, even if small, is fundamentally different from interpreting it
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negatively. A negative contribution indicates that flow on the link adversely affects
network safety, and overall network safety would be higher without any flow on this
link. Therefore, the Shapley value offers a more holistic and accurate approach for

identifying critical links, enabling more effective network safety management.
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Figure4.13. Comparison of the safetyitical links between MC and Shapley value
4.3.3 Recommendations
This Chapteroffers several recommendations for enhancing overall network safety.
Priority should be given to links that contribute the most to network safety, specifically
those with the highest Shapley values. For instance, greater investment should be
directed towad improving the design and infrastructure of these critical links. In the
event of a crash on such links, road authorities must act swiftly to clear the road, as
disruptions can significantly compromise network safety. Additionally, links with
negative stety contributions (negative Shapley values) should be improved in terms of
design, or traffic on these links should be minimized, especially if they are essential,
such as being the only connection between two points. Links that connect multiple
origin-destination pairs should be prioritized, as disruptions to these can affect a larger
number of people. Finally, traffic management policies should be applied to links that

deteriorate network safety, such as reducing traffic by incentivizing alternaties.rout
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4.4 Conclusions

4.4.1 Summary

In this Chaptey we propose a framework to evaluate transportation network safety by
determining safetgritical links, those that contribute most to network safety. A
cooperative game theoretic approach was employed where links in a road network act
as players formingaalitions among each other. The utility function of the cooperative
game was quantified in the UE traffic assignment model using adépendent safety
evaluation metric. The solution of cooperative game is obtained using Shapley value,

which calculates the avera@C of links to all possible coalitions.

Numerical experiments illustrate the interpretations of the Shapley value, offering
several insights: (1) Significant differences are observed between a link's percent
contribution to network safety when using the Shapley value comparedA@ itsthe

grand coalition alone; (2) a |inkés Shapl
contribution to network safety; (3) the congestion level in a network affects the Shapley

value for some links, which may shift from negative to positiveigtidr congstion

|l evel s, thereby highlighting the Iinkods b
contribution of a link that receives traffic flow from multiple-@D pairs is higher

compared to those receiving flow from a singkDQ@air.

4.4.2 Practical implications

This theoretical framework has the following implications:

a) Transportation planners can use the framework to identify the most-sateis
links at the planning stage. This information can help prioritize resources for links
that have the greatest potential to improve overall network safety.

b) Planners can proactively address safety issues before they occur by utiiging th

Shapley valudased framework. This minimizes the likelihood of costly reactive
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d)

measures to improve safety in the future (e.g., retrofitting existing links after crashes
occur).

The framework can be adopted to quantify the safety impact of future traffic
scenarios, such as population growth, infrastructure development, and changes in
origin-destination demand.

The framework can be integrated with readrld crash and traffic data to develop
validated tools for transportation safety planning, allowing for reliable and

evidencebased decisiomaking.
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PART II. Modeling safety behaviors in transportation

planning models

Part Il advancegransportatonp!| anni ng model s by incorpor
behaviors and preferences with a specific focus on car ownership choice, car type

choice and traffic assignment.
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CHAPTER 5 Modeling safety and security concerns of AVs

in joint car ownership and car type choice

5.1 Motivation

Information concerning car ownership and car type choice holds significant importance
in transportation planning and policymaking, drawing attention from government
organizations, environmental agencies, public transportation operators, and car
manufactures. As the primary determinant of individual travel decisignsar
ownership has long been a critical factor in travel demand mddéils, 2019.
Extensive research exists on the factors that influence car ownership and the choice of
car, encompassing soeilemographis, income, andvarious other determinants
(Haque et al., 20tHess et al., 20iManski & Sherman, 198@®apu Carrone et al.,

2027). Additionally, the importance of travelers' attitudes and preferences has been
increasingly recognized as a key determinant of both car ownership and car type
decisiongBelgiawan et al., 203&Kim et al., 202). Traditionally, these decisions have
been modeled separately, often leading to incomplete insights into the interdependence

that exiss between car ownership and car type choices.

Recentempiricalstudies have highlighted the interdependent nature of car ownership
and car type choices, advocating for these decisions to be modeled(B#itlyawan

etal., 2017Kim et al., 2020). This integrated approach provides a more comprehensive
understanding of consumer behavior, as car type preferences can serve as valuable
indicators of overall car ownership tendenci€be advent of autonomous vehicles
(AVs) is expected to further complicate these decisions, as AVs introduce a range of
benefits and risks that are likely to reshape car ownership and car type preferences in

the future impacting theoverall transportation planning procgssbbari et al., 2032
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AVs offer substantial advantages over hurdamen vehicles (HVs),including
significant reductions in crash risfenhanced safetyyeduced traffic congestion,
increased accessibility for disabled and elderly individuals, and a notable decrease in
environmental pollutiofFagnant & Kockelman, 20)5These benefits are expected to
exert a profound influence on travel demand patterns, potentially leading to shifts in
both car ownership and car type choic@snong thee benefits of AVs, safety
improvements stand out as particularly influential. AVs have the potential to
significantly reduce human errors, which account for approximately 90% of road
fatalities and injuries in HVéHussain et al., 202INHTSA, 2009§. This capability to
enhance safety is expected to be a key factor driving consumer adoption of AVs
(Wadud, 201). AVs operate without human input, avoiding issues such as fatigue,
distraction, and inconsistent driving behaviors, and strictly adhering to traffic
regulations Consequently, the introduction of AVs is expected to curtail accidents

stemmingfrom human erroréLitman, 2017 Morando et al., 2018

However, despite these loigrm benefits, the widespread adoption of AVs faces
significant barriers. One of the most prominent concerns among the public is the
security of AVs, particularly regarding the protection of personal data, including
location andother sensitive informatiofAnderson et al., 2034°anagiotopoulos &
Dimitrakopoulos, 2018 Apprehensions related to cybersecurity risks, such as
vulnerability to hacking and data privacy concerns, contribute to a lack of trust in this
technologySincetravelers' perceptions of risk, encompassing both safety and security,
differ from those associated with conventional vehicles, it becomes imperative to
account for these factors when modeling the joint car ownership and car type choices

within a multimodl network where conventional and autonomous vehicles coexist.
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This Chapteraims to present abehaviorally informed theoreticdtamework that
models the joint decisions of car ownership and car type choice, utilizing discrete
choice models within an equilibrium framework. By focusing on the evolving risk
perceptions associated with AVs, this study seeks to provide valuable srisightow

these perceptions may shape future patterns of car ownership and vehicle selection.
Understanding thesmechanismss crucial for effective transportation planning and
policy-making, as it enables policymakers danticipateshifts in travel behavior and

design strategiethat prioritize safety, efficiencygnd sustainability ithe era of AVs.

5.1.1 Contributions

This Chaptemakes a preliminary effort to model travelers' risk perceptions of different

car types in joint car ownership and car type choice within multimodal transportation
networks, using the random utility theory. Specifically, a dogit model is adopted to
model the caownership choice by considering captive travelarsl a nested logit

(NL) model is adopted to model the car type choice by accounting for similarities
among different car types based on their associated risk perceptions. The proposed
model can endogenously determine car ownership and car type demand. The following

contributions are made in thizhapter

a) An equilibrium analysis framewotiik proposedo model the joint car ownership
and car type choice decisions based on endogenous travel disutility, considering the

specific characteristics of each car type.

b) Travelers' risk perceptions related to safety (crash risk) and security issues of AVs,
as well as the range anxiety associated with B¥ésexplicitly incorporatedithin
the joint choice equilibrium model. This explicit focus provides insights into how
these factors influence lostgrm decisions, including car ownership and car type

preferences, which are often overlooked in existing models.
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c) By incorporating travel eependentdisuslityintper cep
long-term decisiormaking, the model provides a foundation for evaluating and
developing safetgonscious transportation policies. The findings can guide
policymakers in deghing strategies to promote safer vehicle adoption (e.g.,

autonomous and electric vehicles) while addressing traveédetyconcerns

5.2 Methodology

5.2.1 Joint car ownership and car type choice equilibrium framework

This section introduces the conceptual framework employed in thisist&gyure5.1.

Discrete choice models Legend

AV: Autonomous vehicle
Ro% Users' tradeoff between
mM different costs

HV: Human-driven vehicle
(e ~

EV: Electric vehicle
Users' risk perceptions

PT: Public transport
“
Safety Security
(Crash risk) (Data privacy risk) Range anxiety

High for HV Low for HV Specific to EVs
Low for AV High for AV

Joint car ownership
&
car type choice

Car ownership cost
z &
Car type cost

Vehicle price &
operational costs
Low for HV
High for AV

Fare for PT

vmand dependent costs AN Fixed costsj

Users' value of time

Equilibrium choice behavior

Figure5.1. Framework for modeling joint car ownership and car tggeilibriumchoices

Discrete choice models are utilised to analyze joint car ownership and car type choices
within an equilibrium contextindividuals weigh various cost factors such as safety,
travel time, and vehicle price when deciding on car ownership and\gely, uses 0

risk perceptionsparticularly safety and security in the contextAdfs, areexplicitly

modeled given their significanc&he equilibrium model projects the demand for
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diverse car types by factoring in a range of dendapkendenand fixed costs, ahown

in Figure5.1.

5.2.2 Assumptions.

Assumption 1: This study examines four types of private vehicles: gasoline human
vehicles (GHV), electric human vehicles (EHV), gasoline autonomous vehicles (GAV),
and electric autonomous vehicles (EAV), in addition to public transportation (PT). It is
assumed that indiduals who choose to own a car will select from these options, while

those who do not own a car will use public transportation.

Assumption 2:To fully leveragehe technological benefits of A\is improving traffic

safety and efficiency, the generalized travel cost for AVs is considered a function of

the total demand for AVs onl{i.e.n n n ). Similarly, the generalized
travel cost for HVsdepends on thaggregatedemand for HVqi.e., 1 N

n ) (Lamotte et al., 203, Wang et al., 2020b

Assumption 3: The generalized travel costs of private cars (both AVs and HVs) are
continuous and monotonically increasing funcsiaf car typedemand.Drivers of
privatevehicles havedemandadependent travel times aodash risk costé<ingsbury,
2016 Ma & Zhang, 201R The security risks associated with AVs are influenced by
their penetration ratéGiannaros et al., 2033while tripd slistancebased costs and
operational costs for different car types are considered (Xedizoliaee et al., 2018

Xie & Liu, 2022). The disutility from crowding foPT passengers is a function of in
vehicle travel time andumber opassengear with in-vehicle travel time, walking time,

and waiting time held constafttu & Chen, 2028

5.2.3 Notations

The notations used in this Chapter are tabulated below.
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Tableb.1. Notations

Sets

{oli] Set of OD pairs.

Y Set of car ownership indexes between OD pair

0 Set of types of cars (upper level) for car ownerdhipetween OD
pairij.

) Set of types of cars (lower level) for car ownerstippetween OD
pairij.

Functions

QN Generalized travel cost of car typan neste and car ownership ne:
u between OND).

i n Perceived crash risk of car typebetween OD.

Y R Perceived security risk of car typebetween ODL).

"Qn In-vehicle crowding discomfort for public transpbstween OD),.
Decision variables

A Demand for car ownership between @persons)

n Demand otar typemin neste and car ownership nesbetween OD

ij.
Inputs and Fgarameters for OD pair
Dispersion parameter for car ownershipetween OD).
Dispersion parameter for car type nebetween OL).
Dispersion parameter for car typeunder nese between OL).
Crash risk perception parameter for car typleetween OL).
Security risk perception parameter for car typketween OD.
Constant attractiveness of car typebetween ODj between OD,.
Number of travelers betwe&D pairij
Walking time for public transport between GD
Waiting time for public transport between GD
Fare for public transport between @D

Global parameters

weé Y Value of time

we Y Value of safety

— Cost converting factor for security risk
— Cost converting factor for range anxiety

S5¢

5¢

P o oS T Ty T T
Q

5.2.4 Modeling travelers' risk perceptions
This section models travelers' risk perceptions, including crash risk, cybersecurity, and
range anxiety, to assess their effects on joint car ownership and type choices. Crash risk

(for HVs and AVs) depends on traffic flow; cybersecurity concerns (for Axés)inked
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to AV penetration rates; and range anxiety (for EVS) is based on the relationship

between daily VKT and EV battery range

5.2.4.1 Safety Modeling

Safety is modeled based on the perceived crash risk associated with a specific mode of
travel. Crash risk is commonly used to evaluate the safety lelgkeby incorporating
exposure measur es. A driverds risk of cr
level of the facility, which is typically estimated using crash counts or, in some cases,
traffic conflict counts alongside exposure measures such dis fitatv or vehicle

kilometers traveled. The fundamental relationship between crash risk, Isatdtyand

exposure is expressed in Equati@il) (Chatterjee & and McDonald, 1998ord,

2002:
Safety | evel
Crash = (5.1
Xposur e
Equation(5.2) can be formulated to estimateised s r i sk of being i nvi

crash, given a specific level of exposure. This represents the probability that a driver
would experience a crash on a road segment characterized by a particular safety
performance function (SPF) and exposure levéle BPF is a tool to estimate the
expected number of crashes on a road segment per unit of time based on key factors
such as traffic flow, segment length, and other relevant vari@bleson & Lim, 2019.

SPF
Crash =++ sk = (5.2
FI ow

Thus, the crash risk iBquation(5.2) can be estimated by dividing the expected number
of crashes per unit of time by the traffic flow (exposure).

The relationship between flow and crash riskntserentlycomplex.increased traffic
flow can have varying impacts on differemashtypes and their severitffor example,

researchers found traffic flow to be positively associated with mul#giecle crashes
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while negatively associated with singlehicle crashe¢Elvik et al., 2009 Hgye &
Hesjevoll, 202). Wang et al. (2013have identified a positive relationship between
traffic flow and crash severity, which could be attributed to the higher speed variance
among vehicles in dense traffic conditio®smilarly, Christoforou et al. (201 Xfpund

that rearend crashes are more frequent in Higtific flow scenarios due to the
increased interaction and conflict between vehiclesr the sake of modeling
convenience and to ensure the convexity of the mathematical program (introduced in
Section 3, we assume a monotonically increasing relationship bettkaiic flow and
traveler'scrash risk perceptiosimilar to previous studiegingsbury, 2016 Ma &
Zhang, 201® While assuming crash risk increases monotonically with flow ensures
convexity and unique equilibria, reaforld relationships could be more complex or
norrmonotone, especially under congested conditions, where drivers adapt by slowing
down. These limitatios highlight the tradeff between analytical solvability and
realism: while simplifying to monotonicity enables efficient computation for planning
applications, it could incur some behavioral limitatiodsing theSPFs developed by
Kweon and Lim (2014for various road types, which are based on a negative binomial

function, the SPF can be expresge&quation(5.3):

o Qn 0, (5.3)

where 'O representghe total number of crashes link between OD pailQ Qis the
intercept] is the slope coefficient} is thetraffic demandflow) on link a,and0 is

the distance between an @fair ‘QDhe crash risk can be determined by inputting

Equation(5.3) into Equation(5.2) (Kingsbury, 2016Ma & Zhang, 201}

ioanq 0 (5.4)
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However, research suggests that the crast
AVs may differ fromthatof HYsAn i mpr ovement i n userso6 sa
is likely to increase their market shafgansal & Kockelman, 203 7abbari et al.,

202). To capture the eff acoossamtypeswesadjuststhiie s af e
crash risk inEquation4 by introducinga crash risk perception parameter , specific

to each car typé , as shown ifEquation(5.5). Theparameterr , can be interpreted

as theperceived crash risk level of AMVi®lative to HVs by setting p. For

example, iff TP, AVs are perceived 90% safer than HVs, defined as AV safety

effectiveness byohrabi et al. (2021)

iy Qn O (5.5)

Figure 5.2 depicts the relationship between perceived crash risk and traffic flow

according tdequation(5.5).
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Figure5.2. Perceived crash riséf AVs and HVsas a function of safety level and exposure

In this model, travelers' subjective safety perception is formed as a cognitive response
to the objective safety risk of the roadway. The objectiveirislerves as the universal

stimulus, derived from the empirically calibrated crash risk function. Travelers then
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process this stimulus through a perceptual lens, modeled by the parametéich is
specific to their vehicle typé . This yields their perceived crash riskg(), which is
the direct input to their decisiemaking process. This approach ensures that perception

is theoretically grounded in objective reality while allowing for subjective variations

across car types.

5.2.4.2 Security Modeling

Unlike HVs, which areprimarily exposed to physical security risks only (such as
physical crime), AVs have raised additional concerns among many people due to
potential privacy and cybersecurity issu@iese concerns encompass a broad
spectrum, including susceptibility to hacking, protection of user data, and potential
system failuregBansal & Kockelman, 203 Kockelman et al., 20)6 AVs interact

with each other, roadside units, and mobile devices via wireless communication
channels to enable various VehitteEverything (V2X) applications, including
vehicleto-vehicle (V2V) and vehicleto-infrastructure (V2I) communications
However, the integration of these diverse wireless technologies also makes AVs

vulnerable to cybeattacks(Parkinson et al., 203 Petit & Shladover, 2005

As the penetration rate of AVs increases, so does the number of potential targets for
cyberattacks, thereby heightening security risks that could disrupt large portions of the
transportation networkDong et al., 2020 Therefore in this study, the security risk
associated with AV$s assumed to depend on the AV penetration (fateng et al.,

202Q Giannaros et al., 2023Such an assumption has been employed in other
equilibrium modeling contexts involving autonomous vehicles (AVs). For example,
Xie and Liu (2022used it to represent the relationship between market penetration and
AV information quality, assuming that information quality improves as the penetration

rate increases, thereby reducing users?o
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Moreover their perceptions of security risks influence user acceptance and adoption of
AVs (Bansal & Kockelman, 203 Kenesei et al., 2022To model users' security risk
perceptions, we introduceparametetr, ,that adjusts the security risk of each vehicle

type based on the traveler's perception parameter, as outliegdation(5.6):

Yoo di Q0 N D (5.6)

where'Y represents the perceived security risk for vehicle éyetween OBpair'QQ

ii denotes the inherent security risk associated with vehiclettypehe parameter

|, represents the user's risk perception parameter for each car.type
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Figureb.3. lllustration of relationship between AV security risk penetration rate

In the case of AVs, the security rjisk , which depends on the AV penetration rate
(Dong et al., 2020Giannaros et al., 2038 given inEquation(5.7). A similar function

was used byie and Liu (20220 model the AV information quality.
A ey N AT
il N Q e I Q00 (5.7)

where "Q — reflects the increasing security risk associated with a higher penetration

rate of AVs The security risk for HVs is assumed to be constant. Given the additional

cybersecurity challenges associated with AVs, it is reasonable to assume that both the
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security risks and user perceptions of these risks are higher for AVs compared to HVs
(Choi & Ji, 2015 Nazari et al., 2008 Figure5.3 illustrates the relationship between

AV penetration rate and its security risk.

5.2.4.3 Range anxiety for electric vehicles

Range anxietyRA) denoteghe fear or stress experienced by individuals when they are
concerned about the possibility of becoming stranded due to the limited battery capacity
of an electric vehicle (EV). This anxiety is particularly relevant irAaproblem with
distance constraints, where it arises from a lack of adequate charging infrastructure and
unexpectedly limited battery ranggie et al., 201} Currently,EV charging stations'
availability significantly lags behindjasoline stations, leading travelers to prefer
charging their vehicles primarily at home or the workplésberini & Santoboni,

2025 Jiang & Xie, 2014 Jiang et al., 2004 Travelers typically expect that a fully
charged battery should provide sufficient range for typical trips. However, certain
situations, such as the need for multiple trips on a single charge or starting with a

partially charged battery, can triggeA.

4 N ( Range anxiet;&V\,KsT\E

Range anxild (Dong .e2t0 1&la r | s2s003n0
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[ Range ”argQEiVe r yVrKgre
Eé Wl Connn—

V Range anxiety is |s —
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Figure5.4. lllustration offactors affecting range anxiety

The RA for EVs can be linked talrivers' average daily vehicle kilometers traveled
(VKT) and the range limit ofreEV (Dong et al., 20104 In thisChaptey RA for EVs is

modeled as a function of the ratio betwekivers' average daily vehicle kilometers
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traveled (VKT)and t he EMWi® fermulation gperationalizes the empirical
finding that potential owners' assessment of an EV's range sufficiency for their regular
travel patterns is a key purchase determifiantig et al., 2014Karlsson, 2020She et

al., 2017. Figure5.4 illustrates the relationship between range anxiety, battery range

and drivero6s VKT.

The ratio reflects the potential for range anxiety, with higher values indicating greater
concern Similar toKarlsson (202Q)we assume home charging only, thus the home
to-home vehicle kilometers traveledb Y ) is consideredThe range anxiety is
expressed iEquation(5.8).

w0y

YO v I "QfQ0U (5.8)

where,'YO is the range anxietyY is the maximum range d @@ UY is the
average daily hom@-homeVKT between ODpair ‘Q8ndY is a parameter to control

the curvature of the functiorccording toEquation(5.8), range anxiety decreases as

the EV range increases. Moreover, technological advancements, particularly
improvements in battery technology, are expected to reduce the sensitivity of travelers

to range anxietyZhou et al., 2023

5.2.5 Travel cost functions

5.2.5.1 Human-driven vehicle

The generalized cost btiman vehiclerips for car typed , "Q hbetween an OD pair
"‘QiQdefinedin Equation(5.9).

Qx @ ;006 0y N 8o &Y i N 8¢ Y

0¢

(5.9)
Yi 8= Yo 5, 8 1QNQ0uw N D
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where"@®  , is the fixed cost of a trip between an QBir ‘Q@onverted from the
purchase pricef car typem, 0 . The second ternt,& r , Is the operational cost of a
trip between OBpair ‘Q°Q i hand i r denote the demardipendent ivehicle
travel time, and the crash risk cér typed between an Ofpair ' Q) denotes the
composite demand of HVSY . is the fixed security risk ofar typed between an

OD-pair Q%0 ¢, denotes the range anxidtr EHVs.

D .

"@d =00 I fa v O RO Q00 (5.10)
wWw
06 0 Q Q0 IO ARQTOL (5.11)

"@ andUO are calculated using Equatiof&10)-(5.11), respectively following
Noruzoliaee et al. (201@&ndXie and Liu (2022)In Equation(5.10), 0 is the distance
between an Ofpair Q'@ is the purchase price of vehicle tyfle @ is the scaling
factor on vehicle price to capture other overhead cmsts the average vehicle lifetime
in years, andb is the average annual mileage (in king. , which is calculated using
Equation(5.11), consists of the fuel costY ), insurance costQ ) and other costs,
"Q (maintenance, parking, etc.).

5.2.5.2 Autonomousvehicle

The generalized costf autonomous vehicle trips for car type "Q ; , between an
OD-pair ‘Qixludes the fixed cost, the operational costéhicle travel time, the crash

risk cost, the security risk cosindtherange anxiety cost expressed in Equat®h?).

Q- @ r 00 ¢ 0f 0 aEY i 5 N ae Y
A A A AN AN (5.12)

g A 8= YO 8 1QQCH N D
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where"@  is the fixed cost calculated using Equati@lQ0) and 06 ; is the
operational cost, which is calculated using Equatiotl). 6 b ; H  denote the
demand dependent-irehicle travel timecrash risk, andecurity riskbetween OBpair
‘R denotes theomposite demand of autonomous vehicles, ;, , denotes the

range anxietyor EAVSs.

5.2.5.3 Public transport

The cost ofPT includes the crowding discomfort dependent onRfielemand fixed
travel time, walking, waiting time, arttie fare(Gu & Chen, 202 Crash riskis less
of a concern fopublic transpor{Truong & Currie, 201Q The generalized travel cost

of the PT between an OD p&i©givenin Equation(5.13).

Q0 0 8ETYQR & 0 (5.13)

where'Qr] &  is the invehicle crowding discomforty  ando j are the

waiting and walking times ari@ represents the fare for PT.

5.2.6 Structure of joint car ownership and car type model
This section presents the structure of a joint car ownership and car type choice model
illustrated inFigure5.5, that accounts for the characteristics of each car type, especially

the travelersd safety arbectiogbdur ity percep

To account for the travelers who cannot afford a car i@sgtiwhaare captive to public
transport, the proposed structure represents the OD demand by two groups of travelers:
(1) captive travelers, and (2) choice travelers who can choose from the complete choice
setconsistingof private cars@HV, EHV, GAV, EAV) and public transport (PT). The

dogit model is used to model the choice behavior of captive and choice travelers at the
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car ownership choice level (upper level) while a nested logit model is adopted to model

the choice behavior of travelers at the car type choice level (lower level).
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Figure5.5. Structure of joint car ownership and car type choice model

As discussed, AVs may be safegardingcrash risk however,additional security
concerns ar@associated with AVs. Thus, the two types of N EAV and GAV) are
combined under morssafaq en ensets ttwohitypés®fHMs hae i
(GHV and EHV)are combined underfanore secure cay n Bi\dding alternatives

into nests based on "safety" (AVs) versus "security" (HVs) was not arbitrary but was
motivated by a body of empirical evidence suggesting these are primary, distinct factors
influencing AV adoption. studies consistently show thatgiged safety benefits (e.g.,
crash avoidance) are a major driver for AV adopftiBansal & Kockelman, 2017
Hulse et al., 20%,8)abbari et al., 2032while cybersecurity and privacy concerns are
significant barrierdJardim et al., 203,3Nazari et al., 2013 This structure directly
captures this fundamental behavioral traffe Moreover,this nested structure has the

ability to better capture the similarity among different car types under the same nest.
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Moreover, the proportion of captive travele*s,B—, and that of choice travelers,

, are derived based on the dogit model.

5.2.6.1 Dogit and nested logit models used in joint choice structure

The dogit and nested logit models used in the proposed joint choice strudtigera

5.5 are explained in this sectiomh e t r avel erds choice at cal
choicelevel are modeled usinthe dogit(Gaundry & Dagenais, 19Yandnested logit

(NL) models(Ben-Akiva & Lerman, 198), respectivelyFigure5.6 illustratesthe two

model s based on the joint model ds structu

The dogit model proposed liyaundry and Dagenais (197d9dges the IIA property

of the logit modelby incorporating the behavior ahptive travelers i.e., those who
cannot afford to buy a cdvang et al., 2024 as shown in Equatiofb.14). The first

term in Equatior{5.14) denotes the share of travelers captive to one mode (in this case
PT). The second term represents the shateawélers who can choose any made

(car or PT) which is the product of the proportion of all choice travelers and the logit

probability of choosing modeé .

- p 89—
p B - p B. - B. Q (5.14)

captive shhairee 9ghlhgygria probabi

C

In Equation(5.14), 0 is the dogit probability- is the captivity parameter at the car

ownership level to incorporate the share of captive travélerds the dispersion

parameter for car ownership choideandw is the expected perceived cost of the

nested logit model.
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The NL model in Equatiorn(5.17) relaxes the independence assumpgarbeddedn
thelogit modelto capture the modear typesimilarity (Ben-Akiva & Lerman, 198}
Instead of having a singlevel tree structure, the NL model captures the car type
similarity using a twedevel tree structure. The car type similarity can be modeled by
placing similar cars under the same nsath as the cars withe same safety levels

may be correlated.

- B g
§ . 00sd (5.15
B'Q‘ 'OQ?%@‘ NO Qoo%
- Q
0 s (5.16)
Bd"ﬁ"obogz))
o - - Q B . Q
0 0 s Y] s 8 (5.17)
B . Q B . B . Q

Equationg(5.15) & (5.16) are the marginal and conditional probabilities for tilve-

level structure of thé&NL model.D s represents the conditional probability for car

typed ando s represents the marginal probability of car type ifest represents

the NL choice probability which is the product of the conditional and marginal choice
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probabilities] represents the dispersion parameter for the car type nestfe and

represents the dispersion parameters for cardyfrenestQ @ is the generalized

cost for car typé in nestQ

5.3 Model formulation.

This section presents the equivalent mathematical programming (MP) formulation of
joint car ownership and car type choice equilibrium mdalethe proposed structure in
Figure 5.5. The dogit probability expression (Equati¢hl4)), which accounts for
captive travelers, and the nested logit probability expression (Equatia)), which
captures car type similarities, axdoptedo get the equivalent MP formulationjofnt

choice equilibrium modellThe model formulation igiven inFigure5.7.

Objective function

)
Quem
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ij€l] uel;; e€E;j meMijye 0
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Figure5.7. Equivalent MP formulation for the joint model
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The objective function ifrigure5.7 gives the equilibrium solution of car ownership
choice and car type choice for the joint dedit model.r} is the car ownership
demand between OD pdijirfy  is the demand of car tyge in mode nesf Z; is the

well-known Beckmand srandformatiorfor UE where,"Q  is the generalized cost
consisting offixed and operational costsavel timecost crash risk cost, and security
risk cost. 2 and 4 are conditional and marginal entropy terms for the car type choice
NL two-level probability structure. s the exogenous meldattractiveness term.sZ
and % are the entropy terms for camwnershipchoice Zs accounts for the choice
behavior of travelers who buy a car. Since no captivity is considered for the car owners,
Zs only shows the choice passengers whiteaZcounts for the dogit based choice
behaviorof captive travelers and choice travelers for the public transpor{liestirst

two constraints irFigure5.7 (green box) areonservation constraints whitee third
constraintrepresents the nemegativity constraintThe above MP formulatiormn
Figure5.7 can be solved using algorithms developed for convex optimizéBans

Chen, 2023

Proposition 1. The MP formulation irFigure5.7 gives the car ownership solution of
the dogit model and the car type choice solution of the NL model based on the expected

perceived generalized cost.

Proof of proposition 1.

The Lagrangian of the equivalent minimization problem w.r.t the equality constraints

can be formulated as:

0 @ % N f f (5.18)

N QOagh™ U 076 0 N N

I
=

113



Where%o , and_ are the dual variables associated with the conservation constraints

in Figureb5.7.

(1) Given that the Lagrangiah has to be minimized w.r.t to the positive car type
demand, the following conditions shall hold w.r.t car type demand.

5 L = L
™ ; (5.19)
r Tt
Let 6s "0 r @ (5.20)
x P P < . P o 0
W T_ T_ | | “ n T_I h %o Tt (521)
arv Qs Q
Rearranging the abo\Eguation gives.
A - A 0 (5.22
avd s
Summing over all m gives.
f 0 (5.23
avd 0060 avd0ns 0
n 0 (5.29)
anb 906 0 anb 006
) Q (5.25)
and-0qs and-01s

Summing over all e gives.
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) hw Q (5.26)

O 'Oqss* b a0 @'Oqss" U a0

Dividing Equation(5.25) by (5.26) gives the marginal probability of nest e.

Bf]“f)-v* ] ~ BdN[).,—r'
’QQ:rl) 0 QQOS% (527)
nw Bo 'OQ*di”D‘Q’Qo%
BdND-vv ] - B(’xND"v'
’Q Q:nQ L,) QQOS% (528)
nw Ba 'OQ’Q§C'I“0'Q*Q()%
Dividing Equation(5.22) by (5.23) gives the conditional probability.
) - Q
n—, 0 s : (5.29
Bd“ﬁ‘o’mn) Bawor@m—%
n . Q
———— U ) (5.30)
Bfl“ﬁ"o’nonsz Bd“f"nbo%

Equationg5.28) and(5.30) andrespectivelycorrespond to themarginal and conditional

NL probability expressionsn Equationg5.15) and(5.16).

(2). Now we consider the car ownership choice. For convenience, first, we can write

Zs and % as a single expression (Equati{@B1)) andthen take the derivative.

& 2Py 1T a4y —— p (5.31)
% _ T (5.32)

We can replace the choice travelers in the above expressiof @s: A
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2 Pk % _ om (533

[

FromEquation(5.26), %o can be defined as.

P - ,
—1 Q (5.34)

The second term on the righand side is the NL expected perceived aost,

%o Tﬂi e o (5.35)
Replacingko in Equation(5.36).
TﬂTﬂlﬁcb Tﬂiﬁcbw _ T (5.36)
TBI ho @ _ m (5.37
Summing over all u gives.
q & 0 (5.39
Dividing gives Equatior5.38) by (5.39) gives.
5 L~ Us
B. nw B. Q

Substitutingg @ A S in the above expression.
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. p B - p B -
0 5 (5.42
" b B. - poB. -
Rearranging gives.
_ 0% 0 _ (5.43
V) S 0 B . _-gfg N B, _ézg') S
0 wil P, 2 5.44
* o B. %0 B, B, g (549

Equation(5.44) is exactly the dogit probability iEquation(5.14).

Proposition 2. If assumption 8 holds, the solution of the joint dogiL model is

unique.

Proof of proposition 2.

The Hessian matrix o¥i1+Z>+Z3+Z4 with respect to the car type demand can be

expressed as:

(5.45)

T N £®&ni 0Qi ¢

117



According to Assumptio, the generalized travel cost is an increasing function of car
type demangthus the first term in the equation is positive setefinite. The second
and third terms are positive wheasandm=t, otherwisethey are zero. Positive semi

definite and positive definite matrices sum up to a positive definite matrix.

The Hessian matrix afsandZs,combined as a single term as shown in Equg&@1),

with respect to the car ownership demand variables can be expressed as:

.o N
i —1 -
. o _ = e 5 o (5.46)
TATR - b
trrt nNé &0i 0 'Q

The above term is positive wherxl, otherwise, it is zero, which also implies the
positive definite matrix. Therefore, the joint dedit. model has a unique solution. This

completes the proof

5.4 Numerical experiments

This section applies the proposed model to illustrate its properties and examine joint
equilibrium choice behavior using examples with single and multiple OD pairs. It first
demonstrates how the model accounts for car type similarity and the impactioé capt
travelers on car ownership, then conducts sensitivity analysis to assess how different

risk perception parameters affect equilibrium demand.

5.4.1 Single OD pair example

5.4.1.1 Experiment setting

In this example, the proposed modelestigates the joint equilibrium behavior of car
ownership andar typechoice amondour private car type§GHV, EHV, GAV, EAV)

and public transpo(PT). The data used for this experiment is as follows:
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n p mTpErsonsy) ¢ TEI, 0 § p ™IN, 0 0 min, 0 j T TMin,
0k ¢ t™min, Y pukmwdiY ¢ 0 Tt 1KM, and public transport fare

equals$0.5/km The invehicle travel time and the crash risk cost functions for the

private car (A\s and H\s) areo 1 Op 8p ™ ULVL— andi
Q8 R 0 . The invehicle crowding discomfort cost for PT mode is
QB Op 8p ™ —— . The exogenous attraction is assumed to be

the same for all the modes (ie., ¢.The security risk of
assumed to be directly proportional to its market penetrationi iig,, v —

T@8The security risk of AVs is assumed to be higher tiet of HVs due toAVs'

cybersecurity issige Therefore theé 1 is set equal to 8. The captivity parameter for

travelers who cannot afford a car is set equal to T8t L

The data relating to fixed and operational costs of a vehicle is assumed similar to
previous studiegNoruzoliaee et al., 201&ingh et al., 2023Xie & Liu, 2022). The
vehicle purchase price @HV is assumed to be $14,775 while the purchase price of
GAV is assumed to be $10,000 higher than HVs i.e., $24Xi5& Liu, 2022). The

prices of EHV and EAV are assumed to be slightly higher than those of GHV and GAV.
Specifically, the price of an EHV is set$#it6695 c a | ¢ u l4d1 & d P ZSvhile

the price of an EAV i$26598 c a|l cul a2 4 d? a&inghkt al., 2023 We
assume the average lifespan of a vehicle to be equal to 10 years)years) and the
overhead cost per vehicle equal to $57,225, resulting in =b 4.9
(57,225+14,475/14,475). Factog i assumed equal to 17500 km/year. The fuel cost
and insurance cost of HV are set equal to $0.102/km and $0.8/km, respectively. The

fuel cost of a AV is assumed (Wadudza9l)yl 0 %
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The electricity cost for EVs is assumed to be $0.04/&mgh et al., 2023 For AVs,

the Insurance companies provide a 20% disc@datmer, 201} therefore a 20%
reduction in the insurance cost of AVs is assumed compared to HVs. The VoT of
driving HVs and AVs are set equal to $0.298/min and $0.176/min (41 % reduction
compared to HVsaccording toKolarova et al. (2019) Other running costsuch as
maintenanceparking,etc, are assumed to be $0.105/km for gasoline vehiElestric
vehicles'maintenance costs are assumed to be reduced by 50% (i.e., at $0.053/km)
(Singh et al., 2023 The default model parameters for the base scenario are given in

Table5b.2.

Table5.2. Default model parameters fre base scenario

Parameter Value Parameter Value
i 0.01 — 50
f 0.05 — 10
f 1 1 2
r 1 | 0.1
r 0.1 | 0.1
WeE Y 100 - 0.05
1 2

5.4.1.2 Effect of considering car type similarity

This section investigates the effect of considering car type similarity among different
car types in the nested structuiidne car typedemand obtained at different values of

I A are shown imable5.3 andFigure5.8. A higher valueoff X  indicateghat

car types within the same nest are less simmieyure 5.8 shows thatonsideing car

type similarity significantly affects the estimated mode share for different nests.
Without consideringmode similarity, the estimated sharetloé HV collective mode
(GHV and EHV)is lower and more share is allocated to thea®\lective mode (GAV

and EAV). Therefore, it isvital to consider car typenode similarity to achieve an

unbiased estimate of the mode shares
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Table5.3. Effect of considering car type similarity on the equilibrium demand.

- HVY coll eclAV coIIeCtPT
GHYV EHV GAV EAV
1 25.1 28.1(203.3226.9516
0.8 26.1 29.2|202.4225.9516
0.6 27.7 31.1|200.¢224.3515
0. 4 30.7 34.4(1198.3221.4515
0.2 38.3 42.8|191.¢214.2512
0.1 49.5 55,4/1183.0204. 3507
0.05|64.4 72.1|172.€192.7498
0.01|104.4116.4156.7174.9447

6004 —®— AV collective mode —@— HV collective mode —— PT

5001 4 A A 4 A—a

D N

@ | B —— ———
'0300_ Hi gher mode si_mi-tar

g More demand for_  HV
= 200+
100 ~
' e ——
0 T T T T T 1
1.0 0.8 0.6 0.4 0.2 0.0
ﬁe/ﬁem

Figureb.8. Effect of considering car type similarity on demand in each nest.

5.4.1.3 Effect of captivity parameter on car ownership

In this section, we examine how the captivity parameter in the dogit model affects car
ownership demand. As previously discussed, not all travelers can afford to own a car,
making them captive to public transport moigure5.9 illustrates thatar ownership
decreases as the captivity parameterdases, indicating that a higher proportion of
travelers are reliant on public transport.e$aresultsunderscore thsignificanceof
accounting for captive travelers in planning models; otherwise, car ownership demand

may be overestimated
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Figure5.9. Effect of captivity parameter on car ownership demand

5.4.1.4 Effect of the perceived crash rigiarameterof AVs on joint choice

This section investigates thmpact of AVs' perceived crash risk parametar joint

choice behaviorAs explained in SectioB.1, while AVs may reduce the crash risk,

thar adoptionlargelydependon thet r a v perceptios @ their crash riskA higher

value off  indicates a higher perceived crash risk (loperceivedsafety) of AVs

whereasa lower value indicates a lower perceived crash risk of (higher perceived

safety)

Tableb5.4. Effect of perceived crash risk cost parameter on modal demand

HVY col |l ectlAV coIIectPT
[ GHV EHV|GAV EAV
0.1(64. 4 72 .1172. 192. 7498
0.2(70.9 79./161. 180. 2|508
0.3/46.7 85.|151. 169.3|516
0.4/81.9 91./143. 159.6(|523
0.5/86.5 96./135. 151.0(530
0.6(90. 7 101{128. 143.3|536
0.7/94.5 105(122. 136.4|541
0.8/97.9 109(116. 130.2|545
0.9/101.0 113|/111. 124.5|5409
1 103. 9 116/107. 119. 4|553

Table5.4 andFigure5.10(a) show estimated mode share for different modes at different

valuesof[ . At ahighervalue off

, lessdemand is allocated to the AV mode which
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increasesvith thedecreasef/ leading to a reduction in demand fé¥sand public
transportSimilarly, Figure5.10(b) shows that the car ownership demaridwgerwhen

[ is high, but it increases as this parameter decreashs suggests that when
travelers perceive AVs as safer, more people are inclined to own an AV, which also

leads to an increase in overall car ownership demand
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W g 201
T© i
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Figureb.10. Effect of crash risk perception paramefer ) of AV on market share
These findings align with empirical studies, which indicate a shift from HV modes to
AV modes as travelers' crash risk perceptions of AVs imp(d&ibari et al., 2032
Furthermore, the results highlight the importance of carefully calibrating or selecting
the crash risk perception parameter to achieve accurate estimates of car type and car

ownership demand in planning models

5.4.1.5 Effect of the perceived security riggarameterof AVs on joint choice

As discussed ibection5.1, users' perceptions of security, such as concerns about data
privacy and system hacking, are crucial factors influencing the adoption of AVs. This
section examines the impact of the security risk perception parametegn modal
demand. A higher value of reflects a greater perceived security risk (less secure)

for AVs, while a lower value indicates a lower perceived security risk (more secure).
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The modal shares for different values| of are presented ifiable 5.5 and Figure

5.11(a).
Table5.5. Effect of security risk perception parameter on car type demand
| Collective Collective PT
GHV EHV| GAV EAV
0.1 64. 4 72.|1172.6 192.1498.
0.2 67. 8 75.|166. 8 186. |503.
0.3 71.0 79.|161. 3 180.(508.
0. 4 74.1 82.|156.1 174. |512.
0.5 77.0 86.|151. 2 168.|516.
0.6 79. 8 89.|146. 4 163.{521.
0.7 82.5 92.(141. 9 158. {524,
0. 8 85. 1 95.|137. 6 153.(528.
0.9 87. 6 98.]/133.6 149.|531.
1 89. 9 100(129. 7 144.|535.
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Figure5.11. Effect of security risk perception parameter of AV ) on market share

When| s higher, a smaller portion of demand is allocated to AVs due to heightened
security concerns. Conversely, as this parameter decreases, demand shifts toward AVs
from other modes, such as HVs and public transport. A similar pattern is observed for
car owneship demand ifrigure5.11(b), where lower perceived security risks (lower

| ) lead to higher AV ownership and, consequently, an increase in overall car
ownership. Conversely, as increases, car ownership declines. Since cybersecurity
concerns are unique to AVs, this factor significantly influences both AV ownership and

overall car ownership decisions.

124



5.4.2 Case studywith multiple origin -destination pairs

5.4.2.1 Experiment setting

This section applies the proposed madded reaiworld case study in Singapore, shown
in Figure5.12 (adapted fronNoruzoliaee et al. (2018)The study area comprises five

traffic analysis zones, resulting in 20 OD pairs.

= f / \ " Pasir Gudar
I - th Re
e (i

Figure5.12. Sudy area in Singapore with multiple OD paik&(uzoliaee et al., 20)8
The attributes of all OD pairs, i.etravel times, distances, and travel demands are
detailed inTable5.6. Other inputs and default parameters are consistent with those

presented in SectioB.4.1 The invehicle travel time for a car isO 5 1

OR 8p T™U and he discomfort cost for PT mode @ & j

Op 8p ™ —— .Toexplore the effect of EMan environmental friendliness

the following expression in Equati¢®.47) is adopted for calculating the CO emissions
(Wallace et al., 1998The PTmode is assumed to operate on electricity; therefore, its
CO emissions are ignored, making cars the sole source of CO emissions in this analysis

(Wang et al., 2020a
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0O R 8] maYA gy w@cTo H QQOou (5.47)

Tableb5.6. Input data for each OD pair

Privat e Public
oD (Dggn?gg([):(fn; ‘Travel Capaci Travel 1{Capaci
( min) (vph) ( mi n) (per s«
1z 2 1745 21.2 21 2505 42 1745
1z 3 294 16.9 17 1670 34 2914
1z 4 1833 11.7 14 2505 28 1833
1z 5 1272 27.0 34 1670 68 1272
2z 3 513 15.9 18 1670 36 513
2z 4 1278 26.5 31 1670 62 1278
225 831 21.4 20 2505 40 831
3z 4 259 10.6 14 3340 28 259
325 191 10.1 17 2505 34 191
4z 5 1421 12.915 2505 30 1421
122denotes both OD pairs 1Y2 and 2VY1.

5422 The effects of travelersd risk percep
To assess how travelers' perceptions of crash risk and security risk of AVs affect their
market share in a mu@®D case study, we performed a sensitivity analysis by adjusting

the perception parameters for the AV mode across varielDp@airs.

In the first scenarioye analyzed the OD paigsiginating from origin 3 (i.e.,4, 32,

3-4, and 35) by specifying differentrash risk perception paramet§r  for these

OD pairswhile keeping other inputs fixedrigure5.13(a)). The analysis revealed that
OD pairs with lower crash risk perceptions of AVs exhibited a higher market share for
the AV mode For examplefigure5.13(a) shows thathe OD pair3-5, withf =0.1,

had the highest market share #rs, while OD pair3-1, withf = 1, had the lowest
market shareThis difference arises from travelers in OD pa# Perceiving AVs as

significantly safer than those in OD paii3

In the second scenariajie variedsecurity risk perception paramefer valuesfor

these OD pairs by keeping all other parameters fiResimilar pattern emerged, as
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shown inFigure5.13(b). Travelers in OD pai8-5, with| TP, perceive AVs as

more secure than travelers in other OD pairs, leading to the highest AV collective mode
share, while OD paiB-1 has the lowestnarket shareThese results indicate that
travel ersdé perceptions of both crash ri sl

adoption across OD pairs, consistent with the trends observed in the singlairOD

analysis

[ AV collective mode [l HV collective mode [ | PT -- 5 o
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Figure5.13. Effect of risk perceptions on market share

5.4.2.3 Effect of thetechnological improvements oBV market share

In this section,we explore the impaodf EV technological improvementsn EV
adoption. Technological improvements are considered through two key aspects: (a)
reduction in EV price and (b) improvement in EV ranglee results irFigure5.14 (a

and c)demonstratéhat technological advancements prompt more travelers to shift from
gasoline mode&HV and GAV) to EV modes (EHV and EAV), aligning with findings

from empiricalstudies(Zhou et al., 20283 The results also indicate that a reduction in

EV price has a more pronounced effect on increasing EV market share compared to
enhancements in EV range. Furthermore, these technological improvements lead to a
substantiatlecrease i€O emissions, driven by the growing adoption of EB¢sshown

in Figure5.14 (b and d)
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Figureb.14. Effect of technological improvements on EV market share
5.4.2.4 The effects of network congestion levels on market share.
Travelersé joint car ownership and car
penetrations, magiffer for different congestion levels on the road network due to
travelers varying perceptions of the travel time, crash risk and securityhisksection
investigates the effect of congestion ldwethangng the demand from 0.5 to 2.4 times
that in the base scenarigigure5.15). It can be seen th#te AV collective mode gets
a higher market share as the congestion level increases while the HV collective mode
loses market penetration to AV mode and PT. This is because the expected generalized
travel cost increases with thise in congestion level. However, due to the travelers
lower VoT and lower crash risk perception for AVs, the travel cost of AV is less

sensitive to the increase of travel time and crash risk cost compared to the HVs.
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Consequently, the advantages of AVs, such as travel time savings and improved safety,
become more pronounced under higher congestion. This increased market share of AVs

is anticipated to alleviate traffic congestion and enhance overall travel safety.

[] PT I HV collective mode [ ] AV collective mode
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Figure5.15. The effects of congestion level on market share

5.5 Implications for policy and practice

The proposed modelffers several practical and policy implications that are pertinent

to government bodies, transportation planning agencies, policymakers, and automobile
manufacturers By incorporating user behavior and the distinctive attributes of
autonomous vehiclethe equilibrium joint choice model effectively predicts the market

share of different car types and the overall demand for car ownership

5.5.1 Effect of risk perceptions on AV adoption

By accounting foAVs' safety and security featutfes t he model i1 I [l ustrat
perceptions of risk can influence their preference for autonomous veltiohgsrical

studies confiimthat r av el er s 6 negarslikg crash risk and tybecsecarity

affect their preference for A& hoi & Ji, 201% Haboucha et al., 20).7 While AVs
canpotentialy enhance travel safety by reducing traffrashesthey also introduce

cybersecurity riskgKenesei et al., 2022Kockelman et al., 2006 The findings
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underscore the substantial impact of users' perceptions of crash and security risks on
the adoption ofAVs. Initially, despite the safety improvements AVs offer, adoption
may be hindered by heightened user risk perceptions towards this new technology.
Nevertheless, as useget accustometb autonomous vehicles over time, concerns
regarding safety and security are expected to diminish, prompting a transition from
traditionalHVs to AVs as users recognize the technology's bendéitwirical results

are in @cordance with these conclusiomglicating that enhancements in travelers' risk
perceptions of autonomous vehicles will elevate the market share of autonomous
vehicles(Bansal & Kockelman, 203 Hulse et al., 201,8abbari et al., 202Nazari et

al., 2018.

5.5.2 Technological advancements and EV adoption

The model also examines how technological advancements affect the adoption of EVs.
It explores two critical aspects: improvements in EV range and reductions in EV price.
Research indicates that range anxiety significantly impacts individuals' willingness t
adopt EVYBerkeley et al., 201,8/aleri & Danielis, 201} The findings of this study
suggest that advancements in EV technology, including increased range and reduced
prices, are likely to boost the market share of EVs. These results are supported by
empirical evidence, which shows that as battery technologyowes and prices
decrease, EVs are expectedréplace gasoline vehicles in the market increasingly

(Berkeley et al., 203&hou et al., 20283

5.5.3 Consideration of captive travelers in transportation planning

The model also highlights the importance of accounting for captive travelers, those
unable to afford a car and reliant on public transportation, in transportation planning
(Chu, 2019. In practice, ignoring thisritical aspect can result in overestinmafithe

demand for car ownership, particularly in urban areas where substantial income
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disparities exist Assessing and fulfilling the needs of captive travelers through an
accessible and affordable public transportation system is crucial for equitable and

accurate transportation planning.

5.5.4 Policy and planning recommendations

a) Enhanced safety and security measurd®olicymakers should prioritize
strengthening cybersecuritgneasuresand safety featureso encourage AV
adoption Communicating openly about these advancements is ctugiglving
thorough information, responding to public concerns, and providing frequent
updatesOpen communication between legislators and the public can alleviate fears
and promote AV acceptan@edamadneh et al., 20p2An effective transition to the
adoption of AVs can significantly reduce road fatalities and overall crash risk costs
(Fagnant & Kockelman, 201Kockelman et al., 2006

b) Incentives for EV Technological Advancememtsaccelerate the development and
adoption of EVs, governments can offer a range of incentives and subsidies to
manufacturers and consuméssnn et al., 20)8Making EVs more affordablean
significantly boost demand, ultimatelyeducing pollution caused by gasoline
vehicles.

c) Public awareness campaignBducational initiatives highlightingVs and EVs'
environmental and safety bensfitan help increase adoption rgtésboucha et al.,
2017). Targeted campaigns addressing common concerns can also improve public

perceptions and foster greater acceptance

5.6 Conclusions
This Chapterpresents a preliminary effort to model joint car ownership and car type
decisions by incorporating users' risk perceptions of AVs withthsaretechoice

based equilibrium analysis framewoikhe model explicitly considers users' concerns
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related to crash risk, security risk, and range anxiety in the joint choice framework. An
equivalent MP formulation is provided, where a dogit model is employed to represent
car ownership choice, and a nested logit model is used to capture car type choice,
accounting for similarities among modekhe results from numerical experiments
illustrate the impact of AV risk perceptions on the joint choice of car type and
ownership. Specifically, the findings show that as travelers' risk perceptions of AVs
decreasethe market share of AVs increases, leading to a corresponding rise in car
ownership. Additionally, the experiments demonstrate that technological
improvements in EVs, such as enhanced EV range and reduced prices, significantly

drive a shift from gasolineehicles to electric vehicles.
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CHAPTER 6 Modeling safetyvariability in a meanexcess
network equilibrium framework for userswith

heterogeneous preferences

6.1 Motivation

Transportation network safety ixitical for plannersdesigningsafe and reliable
systems.Safetyconscious planningnvolves embeddingafety considerations into
transportation planning to enhance system effectiveness. Traditionally, planners have
relied on macrdevel CPMs based on historical crash dadaguide decisions about
zonal development and achieve specific safety ta(gétsetAty et al., 2013Li et al.,

2013. While these models have proven useful, tiadyto account fotravelers' safety
preferences and behaviors. This limitation prevents planners from fully understanding
how individual route choices, shaped by safety concerns, influence traffic flow patterns
and, ultimately,networkwide safety. Bridging this gap is essential for developing
transportation networks that not only meet broader safety objectives but also reflect and

accommodate realorld user behavior.

This consideration isspecially crucial in traffic assignment, a lsdgpin transportation
planning where differentoute choicecriteria have been used to assign traffic on road
networks, such aminimum travel timegoutes(Bellman, 1958Gendreau et al., 20),5
environmendfriendly routes(Xu et al., 201} and the most reliable rout@su et al.,
2015. Empirical studies have also highlighted the importance of travel safety in
travel er so6 r os({ARdetAtyhed al.c 95 dreirghols etaln 2017
Yannis et al., 2006 Despite this evidencditle effort has been devoted to modeling
safety, specifically crash risk, in traffic assignment mo@eish et al., 2023Huang et

al., 202¢Q Ma & Zhang, 201 As we move into an era of intelligent and connected
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vehicles, the availability of reagime trip-related safety information highlights the need
to incorporate safety considerations into traffic assignment mddelsmody &
Sowers, 2019Ghoul et al., 2023Hoseinzadeh et al., 20R0ntegrating safety into
traffic assignmentenhances safetyonscious planning by offering a behaviorally
informed framework that explicitly corporatestravelers’ safety behaviors and

preferencessacore elemenof transportation planning.

Safetycanbe definedasthe likelihood of a vehicle being involved in a crash while
traveling within a road networChandra, 2014 The crash risk is influenced by various
factors such asroadway featuresenvironmental conditions (e.g., weather), human
behavior, and traffic conditions. Roadway characteristics suchiresional class
intersection density, and geometric design are fixed and inherent to a specific location.
In contrast, factors like weather, human behavior and traffic conditions are subject to
change over timandudng variability inthe crash risk of a road site, whithctuates
around a mean crash risk valliis mean crash risk valuepresentthe average $ety
condition of the roaqHuang et al., 20290 while variability arises from uncertainties
associated with changingaffic conditions volatility in driving behavion\Wali et al.,

2018 Wang et al., 2015 and environmentathangesConsequently, predicting the
certainty of completing a trip safely challengingand asingledeterministic valudor

trip safety may not be realisti@lthough ravelersmay notknow the absolutecrash

risk of a route, they may be familiar with the route's crash risk variability bagbdion

daily travelingexperiencs. For example, ravelers mayknow routes witha higher
probability of severe crashes, such as those mibine truck volumeor highspeed
vehiclegKadeha et al., 202Kidando et al., 2019 Therefore, to ensure trip safety and

avoid routes witthigher probabilities of severe or fatal craslies, extremely high
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crash costs), travelers are expected to consider the safébility of a routein their
habitual route choice process.

Moreover, enpirical studies indicate that travelers on the road exhibit varying degrees
of safetyconsciousness, leading to heterogeneous safety prefe(®fmest al., 2008

For example, younger drivers aligelier to operate vehicles at elevated speeds,
underestimate the probability of crash involvement, and overestimate their driving
capabilities(Castella & Pérez, 200Deery, 1999Machin & Sankey, 2008icKenna

& Horswill, 2006). In contrastplder driverstend to be mordefensive andisk-averse
(SimonsMorton et al., 201} Incorporating theséeterogeneousafety preferences

into traffic assignment models is essential, particularly when addressing safety

variability.

Additionally, travelers with higher safety preferenaaay not consider akvailable

routesin their choice set, excluding those with higher predefined safety fitlese

exclusions are often based on fixed roadway characteristics such as road functional
classification (e.g., highway or local road), intersection density, and total travel distance
(Dijkstra, 2013 Dijkstra et al., 200, Consequently, each traveler class may have a
distinct route choice séfat isaligned with its safety preferenc@s & Huang, 2019.

Therefore, thischapterai ms t o i ncorporate and explo

heterogeneous safety preferences on their route choices and equilibrium flow patterns.

6.1.1 Contributions
This Chapterdevelops a comprehensive network equilibrium frameworkciagiders
roadway characteristics and traffic conditions to model travelers' safety concerns. The

key contributions of this study are as follows

a) The proposed framework models and analyzes the effect of -tefetyl class

specific route choice sets on equilibrium flow patterns, extending prior assumptions
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of complete choice sefsian et al., 2023Huang et al., 2020 This accounts for
heterogeneous travelers with varying degrees of safety consciousness.

b) The framework incorporates a traffic equilibrium model that simultaneously
accounts for travelersd6 concerns relate
safety and travel time variabilities, considering traveler classes with heterogeneous
safety réiability preferences. This integration builds on prior models of individual
variability, including travel time variabilitfChen & Zhou, 2010Chen et al., 2011
Xu et al., 2018pand safety variabilitfHan et al., 2023Huang et al., 20290 to
provide a unified approach that captures holistic traveler behavior under dual

uncertainties.

6.2 Methodology
6.2.1 Notation

All the notations used in tHéhapteraretabulated belownless otherwise specified

Table6.1. Notations

Symbol Description

Sets:

00 a road network

0 set of nodes

0 set of links(

0 Set of routegn

® set of origin destination pai(8
0 Set of traveler classéd
Parameters/inputs

3713 adjustment coefficients

1A parameters of travelersoé ri sl
0 free-flow travel time of link®
@ capacity of linked

| travel demand between ar@pair0 for user class
Variables

"Q traffic flow on router) between @D pairV¥ for travelerclassa
flow of link &

mean travel time of linkd

CRC distribution of linkid

averageCRC of link®

» standard deviation of CRGhdink &

of length share of local road on rouifdetween GD pair 0

a length share of collector road on rogtbetween GD pair 0

@
Others
o}

i
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a total length of routé) between @D pair 0

Q@ intersection density on routgbetween GD pair0
g safety score of routg between GD pair 0

g safety score requirement of traveler class

i CRC distribution of rout@ between @D pair0

1 routelink incidence parameter

‘ mean CRC of rout§ between GD pair0
” standard deviation of CRC of roujebetween @D pair0

Y effective CRC of rout@ between @D pair0 for classa

"Of generalized travel cost of roujgbetweenO-D pair0

Y mean travel time of routg betweenO-D pair0 for classi

., standard deviation of travel time of roufdetween @D pair0

[k mean excess CRC of roujebetween @D pair0 for travelerclass
a

- mean excess travel time of rovfdetween GD pair0

6.2.2 Study framework
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Figure6.1. lllustration of themethodological framework
The framework of this study is illustratedkigure6.1. The classspecific route chice
sets are determined based on the safety score of each route, as explained in Section
6.2.3 Travelers' concerns regarding the reliability and unreliability of safety variability
are detailed in Sectiofi.2.4 Finally, travelers safety preferences are incorporated into

the traffic equilibrium model in Sectidh2.5
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6.2.3 Safetylevelof a route based on roadway characteristics

Routes with varying roadway characteristics exhibit different levels of safety.
Specifically, routes differ in terms of their functional classes, intersection density, and
total travel distance, all of which influence travel safety. Below, we explain the
procedure for computing the safety score of a route based on several criteria related to

its fixed characteristicfijkstra, 2013 Dijkstra et al., 200}
6.2.3.1 Definition of different criteria

i.  Minimize the share of local roads on a route
The major function of local roads is to provide direct access to residamibl

commercialreas. These have lower speed limits and are not meant for thratfgh
A greater proportion of local roads along a route can result in increased transitions
between higkspeed and lovepeed roadway segmer(f3ervaz et al., 2034 Therefore,
the proportion of this road type on a given route should be kept to a minifrhen
percentage length shar@ (h ) of local roads on a route is calculated as the length of
local roads d " to the total lengthd( ) of a router] between OD pait (Equation
(6.1)) (Dijkstra, 2013.

., h

0 o . o~

ii.  Minimize the share of collector roads on a route
The collector roads have a higher crash risk than the highavadshould be used as

little as possible. Therefore, the length of collector roads on a route should be
minimized(Dijkstra, 2013. The percentage length shaixei? ) of collector roads on a
route is calculated as the length of collector roads (to the total lengthd( ) of a

router)] between OD paib (Equation(6.2)).
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iii.  Minimize the total travel distance on a route
The travel distance on a route explains the exposure to crasiwinisk is generally

measured in terms of total vehicle kilometers traveled (VE&Ioh-Gyimah et al.,

2017. The $orter the distance on a routie lesser the exposure to crash risk.
Therefore, a higher safety score requires the total distance traveled on a route to be kept
to a minimum. It is calculated by adding the length of all the links passing through a

route as shown in Equatio(®.3).

a 1 ah J'ANO N o (6.3)

Iv.  Minimize the density of intersections on a route
Intersections in a road network are hotspots for serious and fatal cfashéset al.,

2017. In theUS, roughly onequarter ofdeadlyand onehalf of serious crashes are
attributed to intersection§~HWA, 2029. Thus, a route with a lower density of
intersections wilbe safethanone with a higher density. To calculate the safety score
for this criterion, the intersection density is calculated as the number of intersections

¢ per kilometer on a rout@gEquation(6.4)).
Q@ —h AN Yo (6.4)

6.2.3.2 Quantification of route safety score

For each routghe safety score is quantified based on the above four criteria by using
the network topology data and applying Equati¢®8) and (6.6). To compare the
scores of different routes, mmax normalization is carried out for each criterion such
that the best route is awarded a score of 0O while the worst route is awarded a score of

1. Thenormalizedscore for any other route is calculatadsubtracting the minimum
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criterion score from the score of the route in question and then dividing this value by
the range between the maximum and minimum scores for that criseishown in
Equation(6.5) (Dijkstra, 2013 Dijkstra et al., 200)

.0 " ERD

i el Q—
i A@ [ Eb"

FAN O DN @ (6.5)

wherei © ¢ lis@enormalizedscore for criteriomoof router) andw is the score of a
criterionofor router). The total score is calculated by multiplying ttemalizedscore
by a weight factoand addhg all the criteria to get thescore indicating the unsafety

level Equation(6.6).
Yy i Gel o A IO NG (6.6)

where™Y"Yis the unsafety score for rougl is the weight factor fothe criterion ¢h

and 0 is the number of total criteriadlhe weight factor , in the unsafety score

calculation, are set equally across the criteria (e.g., s—sﬁNhereg'js L in our case,

yieldingr TI& per criterion) to ensure the aggregate unsafety score remains bounded
between 0 and 1 following the established litera(rgkstra, 2013 Dijkstra et al.,
2007). The unsafety score is deducted from 1 and multiplied by 100 as expressed in

Equation(6.7) to arrive at the per cent safety score

g P YY prnmhp 'ANO RN ® (6.7)

whereg is the safety scorevhich indicates the degree of safety for each rqute

6.2.3.3 Safetyconscious route choice sets
Travelers with varying safety requirements may have different route choice sets. Some

travelers might excludgpecificavailable routes from their choice set if the safety level
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of those routes is less than their acceptable safety requirement. Generally, a more
safetyconscious traveler will have a more limited route choicéhseta less cautious
traveler. This is because a more saf@ipnscious traveler may prefer a safer route, even

if it is not the shortest option. Thus, users with heterogeneous safety requirements
traveling between OD pair can be divided int® classes, where each class has its

own route choice set shown in Equat{6r8).
O POh JONGRIND (6.8)
HereD represents the entire route choice set wiileis the route choice set for user

classa between OD paio .

Definition 1. A routef) ¥ 0 in OD paird N @ will be included in the route choice set
0 for user clas$ if its safety scorés greateithan thesafety requiremendf that user

class(Equation(6.9)).

0 ANO g g h LovoRND (6.9)

whereg is the safety score of a routebetween OD paiv andg is the safety
requirement of user class. The safety requirement parametgr introduced to
represent heterogeneous safety preferences across traveler classes. It serves as a
minimum safety score for route inclusion in the choice set, analogous to risk thresholds
used in prior studieglLi & Huang, 2019. While analystdefined in this study, the

parameter could be calibrated from empirical data in practice.

Figure6.2 illustrates the methodology outlined in Sect®A.3for assessing the safety
levels of routes with diverse characteristics. For demonstration purposes, two routes
with distinct features are presented. The safety level of each route catcbkated

based on Equatiof6.7) using the criteria in Equation®.1) 1 (6.4). The safety
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conscious route choice set for each user class can be determined based on their safety

requirementsas shown in Equatiof®.9).
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Figure6.2. Methodology for calculating safety level of routes and safetyscious choice

sets.
6.2.4 Safety of a route based on traffic conditions
In this section, we introduce the safety of a route in relation to its traffic conditions (i.e.,
the travel speed and travel time). Safety of a transportation system is the product of
crash risk per unit exposure and the number of exposure units ocanrihg system
during the specified time period as illustratedrigure 6.3 (Chapman, 197%3Hauer,
1982. The travelers crash risk is affected by a number of factors such as traffic
conditions, driver behavior and environmental characteristics (e.g., weather). Exposure
is defined as some form of travel either by foot or vehicle. The exposure factors measure
how exposed travelers are to risk such as traveling for longer time periods or longer
distance could increase the likelihood of being involved in a dangerous situation. In
transportation safety, travel tinf€hipman et al., 1992travel volumeWong et al.,
2007 and travel distancAmoh-Gyimah et al., 201)7are often used as proxies for

exposure. Here we define safety in terms of crash risk cost (CRC), which indicates the
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level of crash risk in terms of the societal losses incurred due to crash occurrence and
severity. In the next section, CRC distribution is introduced to consider the reliability

and unreliability of safety variability
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Figure6.3. Crash risk cost (safety) of a route based on traffic conditions

6.2.4.1 Crashrisk costdistribution

Each link in a road network has an average crash risk (average safety condition) due to
its preexisting design features and traffic flow under specific conditions niEam

safety condition of a road link can be estimalbgdevaluatingthe environmerdl,
roadway, and drivingelated factorgFigure6.4) . However, travelers
road segment is random due to variability in the safety conditions. Accurately
estimating the safety condition of a traveler ttange on a route may not be possible
(Huang & AbdelAty, 2010 Mannering & Bhat, 2014 This study assumes that
travelers have acquiréshowledgeregarding the distribution of safety variability, such

as the CRC, on each segment of the road netWosakvelers acquire this knowledge
through accumulated loAgrm travel experiences, which they integrate into their
decisionmaking processes, ultimately resulting in a habitual equilibrium flow pattern

over time Thus, in addition to the average safety condition of a road link, travelers also
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consider the safety reliability (probability of a trip being safe more frequently) and

unreliability (probability ofsignificanty higher CRC) aspects of safety variability.

It is assumed that the CRC follows a statistical distribution, described by its mean and
variance, which is termed the CRC distributi@iduang et al., 2020 The CRC
distribution for a road linki() is shown inFigure6.4 (green box): is the mean of

CRC distribution which corresponds to the safety aspects of road properties under
specific driving conditions and is the variance of CRC distribution, which represents

the safety variability. The hypothetical link CRC distribution illustrate&igure 6.4
serves as a theoretical model to capture
safety and safety variabilitfNonetheless, it is essential to validate the parameters of

this distribution using empirical data to adopt it for different road types and traffic

conditions.

The mean and variance of the CRC distribution are calculated using travéb fjras

an exposure indicator, which helgxplain differences in crash risk associated with
varying driving patterngPei et al., 2012 Moreover travel speed is one of the most
significant factors influencing crash occurrence, crash severity, and, most importantly,
travel er 6 s saaévidntyfronpwarioesempiricabstud{@éganahi et al.,

1999 Elvik, 2002. The relationship between ther a v @drceptiah ®f mean CRC

(* ) and the average travel spe@d)(is based on the crash risk model proposed by
Elvik et al. (2004, shown inFigure 6.4 (green box). Similarly, the perceived CRC
variance ( ) also deperglon the average speed of the road segnanshown in

Figure6.4 (green box)Huang et al., 2020

Based on the definition of link CRC distribution, the route CRC distributibhoan

be obtained by summing the CRC variables of the correspondingdsmk&istrated in
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Figure 6.4 (orange box)Assuming that the link'®€RC distributions independent,

bounded, and has a finite, rearo variancethe central limit theorem indicates that the

route CRC distribution converges to a normal distribufianet al., 200% Therefore,

the mean(f ) andstandard deviatiofA ) of the route's CRC can be expressed as

shown inFigure6.4 (orange box).
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Figure6.4. lllustration of link and route CRC distributidar asmall netwok.

For modeling tractability and to highlight the core mechanisms of safeggted route

choice with heterogeneous preferences, this study assumes independent link CRC

distributions, allowing route CRC distributions to follow normal distribution via the

certral limit theorem. This mirrors common assumptions in travel time variability

models(Chen & Zhou, 2010Lam et al., 2008Lo et al., 2006 Shao et al., 2006

despite empirical evidence of link correlations due to congestion propagation, shared

infrastructure, or external factors such as weatlher et al., 2017 Prakash &

Srinivasan, 201;5rinivasan et al., 20)4While such correlations have been addressed

in advanced equilibrium frameworK€hen et al., 2020Prakash et al., 20)8their

incorporation here is left for future work to maintain focus on behavioral insights.
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Additionally, a small network example with two links and one route, depicteigjume
6.4 (blue box), demonstrates how the route CRC distribution is derived from the link
CRC distributions, as shown igure6.4 (orange box). In the next section, we explain

the concept of mean excess crash risk cost (MECRC).

6.2.4.2 Definition of mean excessrashrisk cost

Various aspects of the transportation system are unreliable: for example, whether an
individual will be able to arrive at the destination on time, whether an individual will
be able to get a seat on the bus, and whether an individual will be able tdieach
destination safely(Bates et al., 2001 In theory, individual decisioimaking is
governed by generalized cost, which is intrinsically linked to utility theoryder
uncertainty: an individual chooses aption keeping in mind the probability of
different outcomes, that has the highest value of expected utility (minimum cost) and
minimum associated risk/uncertainfgeveloped from the basic theory proposed by
Von Neumann and Morgenstern (19%Bates et al., 2001 Themean represents the

expected value of choice, and the variance defines the risk or uncertainty

This study assumes that travelers have gained prior knowledge of the distribution of
each alternative's safety variability (CRC variability) based on their past traveling
experienceswhich theyincorporate into their route choice decisiolgavelers have
different safetypreferencesas some may be mooencerned about their safdtyan
others, judged by their driving behavididay et al., 2008 For instance, research has
shown that older drivers tend to be more sabetyscioughanyounger drivergDeery,

1999 McKenna & Horswill, 200%. By considering the safety reliability requirements,
travelersselectroutes for which effective CRCguaranteea higher probability of safe
arrival ata predefined confidence level(Huang et al., 2020 as shown in Equations

(6.10) and(6.11).
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Y | I ETYS iy Y | (6.10)
Y o %o| 8, AN D N o (6.11)
where'Yis the effective CRQequiredto ensure safe arrival at a confidence l¢vel

%0 8, is the extra CRGdded to the mean CR& CRC margin to ensuraore

frequent safe arrivals under the CRllability requirement at a predefined confidence

level| . This concept inalogoudo the travel time budgéLo et al., 200k

However, travelers with higher safety concerns also consider the consequences of
excessively higher crash risk costs (i.e., the unreliability aspects of safety variability).
If the consequences of traveling on a particular route result in a very high CRC, such
as atraffic crashwith a higher probability of severe injury or fatality, the route would

be considered entirely unacceptable to the traveler. The CRC is associhtedrioits
factors, includinglriving conditionsroadway features, atduman behawr. Driving
conditions, such as heavy traffic and high travel speeds, can increase the risk of crashes,
as can poorly designed roadway featuseh as undivided highways or roads with
poorly designed horizontal and vertical cun&tsidies have shown thiatpact speeds

directly related tarash severityHauer, 2009 Solomon, 197} and heavytruck
volume increases the probability sdvere crashe¢Behnood & Mannering, 20)9
Additionally, traffic crashe®n undivided highways have a higher likelihood of
resulting in severe injury or fataliff<adeha et al., 202 Kidando et al., 2019 Thus,

it is rational for travelers toselecta route that ensuresfety reliability(defined

by effective CRC) more frequently while minimizing the expected unreliability aspect
(i.e., unaccepted CRC beyond effective CROneans travelers ensure a safe trip more
regulaty at a specified confidence level, and avoid the routes with higher

probability offatal/severe crash€anacceptable high CRClhis tradeoff between the
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reliable and unreliable aspects of the safety variability can be modeled by adopting the
METE modelChen & Zhou, 2010Chen et al., 20%Xu et al., 201} The mean excess
crash risk cost (MECRC) is explained here.

TheMECRC, [ | ,forarouta)™ 0 betweerDD pair0 at a specified confidence

level| is equal to the conditional expectation of CRC exceeding the corresponding

routed effective CRCY | as shown in Equatiof®.12).
[ 0"Ysy Y | IAN D N (6.12)

where"Y is the random CR®@n a router] betweenOD pair0 , ‘O 8 is the expectation

operator, andy is the effective CRC defined Equation(6.11).

If the route CRC distributionQ"Y is known, the mean excess CRC (MECRC)

definition in Equation(6.12) as a conditional expectation can be rewritten as

oo P v O QN
Equation(6.14) can be written as
[ Y| oY Y | sY Y | (6.15

The MECRC can bdividedinto two parts. The first part grecisdy the effective CRC

of router), explaining the reliability aspect of the safety variability (more frequent safe
arrivals) at a usespecified confidencelevel. The second part i s
CRC (EECRC)O0O beyond the effective CRC,
variability (i.e., possible highisk scenarios) in the distribution tail pf | . MECRC

criterion based on the METE modelcorporates safety variability's reliability and
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Figure6.5. lllustration of themeanexcesscrashrisk cost

To explain the concept of MECREjgure6.5 illustratesa

rout edbsCRCypot he

distribution, with both th@robability density functioiiPDFrepresented by a blue line

andcumulative density functiofCDF represented by a green line). At a specified

confidence level , effective CRC islefined ashe minimum CRC thresholdalculated

asthe sum of mean CRC (MCRC) and buffer CRC (BCRK3ttravelersare willing

to acceptsuch that the cumulative probability thfe actual

CRCbeingless than this

limit is at least . The tail (shaded area) of the distribution beytrekffective CRC

represents all the possible higbk scenarios (potential crashes) in which the actual

CRC exceedshe effective CRCWhen considering the unreliability aspect of safety

variability, travelers may accept a higher CRC margimtoease their probability of

safe arrival further
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As illustrated inFigure6.5, the effective CRCdoes not capture the magnitudeGiRC
associated with the most severe outcaniesannotdifferentiate between situations
where the actual CRC slightly exceeds the effective CRC (indicatingsdoerity
crashes) and those where it greatly exceeds (indicatingskigrity crashes)hus
while the effective CRCaddresseshe reliability aspect of safety variability at a
specified confidence level, the MECRC accounts for both the reliability (i.e.,
effective CRC required for safe arrival at a confidence leyeand the unreliability of
safety variability (i.e., accounting for the worst crash severity levélg). MECRC,
therefore, comprises both the effective CRC and the expected excedsegdt@d the

effective CRC.

6.2.4.3 Derivation ofmean excess crash risk cost

The link CRCsareassumed to be independent, similar to previous studies modeling
safety variabilityHuang et al. (2020JThus, according to the central limit theorehe

route CRC distribution follows a normal distributioas shown inFigure 6.4.
According to the definition of MECRC in Equatid¢f.12), the route MECRC can be

expressed a@vllows:

o Yo
i g4 Yot _A@D — Q' (6.16)
p | n I/lc“ C ”
v .
i & ?TAQD— QY |h (6.17)
» VG G .

where Equation(6.17) represents the crash risk cost reliability chance constraint

MECRC of routa) can be represented as.

%
" Agp >l (6.18)
I/Iq“ p | c
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While we rely on the independent assumption of link CRCs, they may not be
independent due to the network topology or sources of uncertainty. Tihkis,

interactions should be considered in future research.

6.2.5 UE formulation considering safety-conscious route choice sets

In this section, we provide tHeE formulation for the METE modekonsideringhe

t r avel er s Gariabilitysandeshfetytatiabilgdy concernsln general, traveler
classesare characterizedby different levels of safety variability concerns and a
corresponding confidence level exist on the road network. Each clas$as its own

route choice satetermined by its specific safety requiremedenoted ag , shown

in Equation(6.9). Thus, the generalized cost for clasgan be represented as:
O 5 ¥ - (6.19

wherel j is the MECRC for travelers of claés (Equation(6.20)).

” (y
R —————APD | (6.20)
ne* p | C

— is the travelers’' METT and is the costonverting factor of travel time. METT is

also assumed to follow normal distribution and can be expressed as ftillbas &

Zhou, 2010:

” (y
oy — Age 221 (6.20)
ne p | q

It is logicalto assume that travelers of each ckagsto minimize their generalized cost
when traveling between OD pairin an uncertain environment. Accordingly, the leng
term habitual flow pattern can be reached, which is tetim=ohulticlass mean excess

traffic equilibrium (MGMETE) model. LetOrepresent the generalized cost vector
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8 HO; B, “ represent theminimum generalized cost faraveler class &

between an € pair0, i.e.,” aQeB B, "Op ,andQdenote the route

flow vector 8 AQ; B8 . Thus, the equilibrium conditions can be stated as follows.

At the equilibrium state, for each traveler classintividual traveler cammreducetheir
generalized cost by unilateralditchingroutes.This implies tha@ll routes tilized
between an OD paiv have equal and minimal generalized scamtd thano unused
route offers a lower generalized cost thahose includedn the choice setThe

following conditions must be satisfi¢Equation(6.22)).

z

n E A& Tt

O, Q4 - , 2
n E /&, T

AN DO AON @A anN D (6.22)

Such an equilibrium state can be formulated as a variational inequality (V1) problem,

in which the objective is to find a solution vector of route fl6&¢ LI, such that:

M QG mh Lo Ll (6.23)
wherethed | | owi ng equations: define the feasi b
Q m IaNO AONGA and (6.26)

where'Q; is the flow fortravelerclassd on routef) ¥ 0 connecting an OD pair;
"Op is the generalized travel cost fwavelerclassa on router) connecting an OD
pairv; n is the travel demand faravelerclassd between an OD paiy; w is the

link flow on the link&y1 denoteghe link-route incidence indicatpwhich takes the
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value of 1 iflink @is included inrouter) connecting an OD pair, andO otherwise.
The conservation, definitional, and nroagative constraints are given in Equations

(6.24), (6.25), and(6.26), respectively.

The subsequent two propositions demonstrate both the equivalence of the variational
inequality (VI) formulation to the equilibrium condition and the existence of an

equilibrium solution.

Proposition 1 (Equivalence) Suppose theoute generalized cost function/Z which
comprises the sum of tHdETT and theMECRC cost functions for each roytes
positive Then the solutionto the VI formulation is equivalent to the equilibrium

solution of the MGMETE model.

Proof. "Q is a solution of the VI problem if and only if it is a solution of the following

linear program:
i EDG Q
N (6.27)

By examiningthe primaldual optimality conditions 0f6.27), we have.

Qo @ m 'AN0 AHOonN oA avd (6.28)
Op Q¢ mh IAv0 HON oA anvd (6.29)
It is evidentthat the MCGMETE condition(6.22) is satisfied. This completes the proof.

i

Proposition 2 (Existence) The proposed VI probleradmitsat least one solutign
provided thathe generalized travel cost on each route betwe&npair x for each

class is positive and continuous with respect to its route flow.
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Proof. Note thatthe feasible sdjl is nonempty, closed, and convé&urthermorethe
mapping'O™Q is positive and continuous with respect@rhus, the VI problenhas

at least one solution. This completes the praof.

6.2.6 Solution algorithm

This section introduces the tvatage algorithm for solving thEA model(Figure6.6).
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Figure6.6. An overview of the twestage algorithm

In Stage 1, safety scores for all routes in the given route set between each OD pair are
calculated using the methodology in Sectioch 3 These scores determine route choice
sets for each class according to their safety score requirements. In Stage 2; the non
additive traffic assignment problem is solved using a rbased algorithm, as the route
costs are noadditive with link costs anchust be treated as rotsgpecific(Lo & Chen,

2000. The method of successive averages (MSA) is used to iteratively update the step

size and flow.
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6.3 Numerical experiments

This section presents the results from two netwtwkdemonstrate the properties and
application of the modekFirst, we analyze a small network with two traveler classes to
illustrate the safetgonscious route choice behavior. This is followedskgmininga

realworld network, specifically the Winnipeg network.

6.3.1 A small network: Single class travelers to compare different TA models

In this example, a small network consisting of 6 links and 4 routes is illustratepline

6.7. The link freeflow travel time, link capacity, link length, variance of friéaw
travel time,andt r av el er s 6 ofailiskkelatedeto its Eegturegeoshown in
Table6.2. The parametarused in the link performance and generalized cost functions
arge ™y 18t andy o8t The CRC and travel time for each link are assumed
to follow a normal distributiorio facilitate the use c@nalytical expression®r the
MECRC and METT.

Speed | imit
— 3 (kK hh = 5 k mh == 7  mh

Four Rout e:
Ro ul Mo die-4
Ro u2: Mo die-4
Ro u3 Mo dle-3-4
rR@ w4i: ¥ o diet

Arteri al

Figure6.7. A small networkcomprisingfive links andfour routes

The mean travel time is calculated using the BPR function provideguation(6.30).
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6 O p UL (6.30)
()]
Table6.2. Link characteristics foa small network
Link Type 0 (min)  Ca(pcu/h) a(m) ., (min) 1 T
1-2 Collector 1.4 921 1139 1.0 2.0 2.5
1-3 Local road 0.9 952 450 1.0 2.1 2.6
1-4 Arterial 2.6 1200 3014 1.0 2.0 2.5
2-3  Local road 1.2 921 600 1.0 2.0 2.5
2-4 Collector 1.1 952 944 1.0 2.0 2.5
34 Collector 1.0 1071 833 1.0 2.1 2.6

For the comparison between different traffic assignment raodel consider a single

user class with the safety score requirengent

T b, meaning all the routes are

included in the choice set. The confidence levels for both the CRC distributiand

the travel time distribution are set equal to 0.9. The results are presentejure

6.8, which illustrates how equilibrium route flows change under different route choice

criteria.
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travel time variability, reflected in the lowest variange ( p81). Figure6.8(c) shows
the METE model where travelers consider both mean excess travel time and mean
excess CRC. I n this case, route 4 attract

G 8y and the highest flow shifts to rou
(s p& T18This comparison demonstrates how equilibrium flow patterns differ

depending on whether travelers account for expected travel time alone, travel time

variability, or both travel time and safety variability in their generalized cost.

6.3.2 A small network: Multiclass travelers with heterogeneous safety concerns

To model travelers with heterogeneous safety concerns, we assume that the inetwork
Figure 6.7 consists of two traveler classes (Ti@)a multiclass mixed equilibrium
model The confidence level for travel time distribution equals 0.9 for both the
classes. TCis low safetyconscious while T€is high safetyconscious. We look into
safety heterogeneity from two perspectives: (a) safefscious classpecific route

sets by setting differeng values and (b) heterogeneous safety variability
preferences by setting differgnt values for the CRC distribution. Each class is

assumed to have its own route choice set based on the safety score requgement

of each classTl{able6.3).

Table6.3. Cases considered in numerical experiments

Safety score requirement for each class

Case g g Generalized travel cost

1 0% 0% METT and MECRC

2 0% 40% METT and MECRC

3 0% 60% METT and MECRC

4 0% 0% ETT and MECRC
Not e: MECRC stands for fimean excess c¢crash
METT stands for fimean excess travel ti meo

The safety score requirement of (@ is set to 0% in all cases, meaning that all

routes are included in its choice set. On the other hia@g which is considered more
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safetyconscious, has a different safety score requirengent ( for each caseT@ble

6.3). The confidence leve¢l for the CRC distribution equals 0.5 for T@hile it is

equal to 0.9 for T& which means T&ls moreconcerned about CRC variability

Based on the network data, the safety score of each route is calculdtdulan.4-
Table6.5, following the procedure explained@ection6.2.3 We can see that the route
with the highest safety score is route 4 while route 3 has the lowest safetyascore

shown inTable®6.5.

Table6.4. Normalizedscores for each route

Nor mabtceeds f
Scores for eac

CriteVariaunit rout e

1 2 3 4 1 2 3 4
1 ai % 0.0 0.3 0.2 0.0 0.(1.(0.6 0.0
2 ai % 1.0 0.6 0.7 0.0 1.(0.€¢0.7 0.0
3 a m 208 128 257 301 0.20.C0.7 1.0
4 0'Q k m 1.4 2.3 1.5 0.6 0.1.0C0.5 0.0

Table6.5. Weightednormalizedscores for each route

Wei gmtoe inad ¢ areels f or

Crite VariaktUni Weig
1 2 3 4
1 a i % 0.250.00 0.250.170.00
2 a i % 0.250.25 0.160.190.00
3 a m 0.250.12 0.000.190.25
4 QQ km 0.250.12 0.250.130.00
Y 0.48 0.660.680.25
g 52 % 34% 32% 75%

Figure 6.9 presents a comparison of the unsafety scores for each criterion and total
safety score across three routes. Route 4 has the highest safetg scone ¢ Has it

has the lowest unsafety scores for thfiee, & Ri and ‘QQout of four criteria.

Routes 1 and 4 have safety scores greater than 50% while routes 2 and 3 have safety

scores less than 50%.
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Figure6.9. lllustration of unsafety scores for each criterion and total safety score for routes

6.3.2.1 Equilibrium flowsfor travelers with heterogeneous safety concerns (Case 1)

The results for thenulticlass mixed equilibrium mod#&r case 1 are presentedTliable

6.6. In this case, all the routes are considered in the choice sets of both classes. Route 2
stands out as the safest option based on MECRC, exhibiting both the smallest mean
CRC ( X L and the lowest CRC variability, (  p& v. It also has the lowest
MECRC T p& o, while route 4 achieves the lowest MET¥ & T for both

the traveler classes. F&C, which is low riskaverse, most of the flow is allocated to

route 1, which has the secolmivest MECRC while a portion of flow is also assigned

to route 2, which has the lowest MECRC, reflecting some preferences for safer routes.
Additionally, some flow $ also allocated to route 4 due to its lowest METT among all

the routes, attributed to its minimal travel time variability. At equilibrium, it is observed
that all the three used routes (routes 1,2, and 4) have the same generalized cost ensuring

consisteng with equilibrium conditions.

For theTC», which is high risk averse (higher concern for safety variability), all the

flow is allocated to route 2, as it has the lowest MECRC and the smallest CRC
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variability. No flow is observed on the other three routes. This result highlights that the
high-risk averse travelers in BGxclusively choose route 2, prioritizing its lowest
MECRC and CRC variability while avoiding the other three routes with a higher CRC
variability. These travelers aim to ensursade arrivabnd avoid routes with a higher

likelihood of severe or fatal crashes

Table6.6. Equilibrium flow of the multiclas¢ravelers forcase g b
Class Route  — ‘ ” r O Q Used route

1 5.81 1.41 1.84 2.89 20.32 1136.96 \%

TC, 2 6.20 0.75 1.25 1.73 20.32 96.75 \%

3 7.83 1.69 1.95 3.24 26.73 0.00 0]

4 4.34 3.80 4.38 7.29 20.32 266.28 V

1 5.81 1.41 1.84 4.65 22.07 0.00 0]

TG, 2 6.20 0.75 1.25 2.94 21.53 1500.00 \%

3 7.83 1.69 1.95 5.12 28.61 0.00 0]

4 4.34 3.80 4.38 11.49 24.52 0.00 )

Note:V denotes used routd,denotes unused route.

6.3.2.2 Effect of different route choice sets (Cases3p

This section presents the effect of different route choice sets anuteflowsin a
multiclass mixed equilibrium mod@&r cases 2 and 3. For cas?2, is equal to 40%,

therefore, the routes with the safety score of less than 40% (calculatolé®.7) are

not considered as part of the choice seT8y. Only routes 1 and 4 are considered in

the choice set byC,while TC: considers all the 4 routes. FBE, most of the flow is
allocated to route 1 which has the lowest MECRC between the two considered routes
while the flow of TCy is all allocated to route 2 with the lowest MECRIGlfle 6.7).

We also notice that the generalized cost for route 2 is lowesCighowever no flow

is allocated to this route as it is not considered as part of the choice set. This finding
shows that a more safety conscious traveler class may be willing to travel on routes
with a higher generalized cost if their safety scores arerldiven the safety

requirement of that class.
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Table6.7. Equilibrium flow of the multiclas¢ravelers for case 33 Tk

Class Route - ‘ " r O Q Used route
1 6.78 1.09 1.72 2.47 22.81 0.00 U
TC, 2 5.80 0.84 1.29 1.87 19.26 1500 V
3 8.23 1.58 1.91 3.10 27.79 0.00 )
4 4.34 3.80 4.38 7.29 20.32 0.00 U
1 6.78 1.09 1.72 4.16 24.50 1381.67 V
TC, 2 5.80 0.84 1.29 3.10 20.49 0.00 NC
3 8.23 1.58 1.91 4.93 29.62 0.00 NC
4 4.34 3.80 4.38 11.47 24.50 118.33 V

Note:V denotes used routd,denotes unused routldCd e not es finot consi

Table 6.8 presents the case in which the safety requirement is equal to 608Gfor
thus only route 4 is considered as part of the choice set and all the flow is allocated to
this route while ignoring the other 3 routes. This route has a higher generalized cost
compared to routes 1 and 2, however those routes are not considered mdaeeh

due to their safety score being lower than the safety requirem&gb.of

Table6.8. Equilibrium flow of the multiclassravelers for case 3 j TPk
Class Route - ‘ ” [ O Q Used route
1 4.99 1.87 1.98 3.45 18.41 93.68 \%
TC, 2 5.48 0.93 1.32 1.98 18.41 1406.32 \%
3 7.06 2.09 2.07 3.74 24.92 0.00 U
4 5.29 2.78 4.05 6.01 21.88 0.00 U
1 4.99 1.87 1.98 5.35 20.31 0.00 NC
TC, 2 5.48 0.93 1.32 3.26 19.68 0.00 NC
3 7.06 2.09 2.07 5.72 26.90 0.00 NC
4 5.29 2.78 4.05 9.90 25.76  1500.00 V

Note:V denotes used routd,denotes unused routdCd e not es finot consi

Figure6.10 presents the comparison for the first three cases presentet|a6.6 to

Table6.8. Figure6.11lillustrates the number of routes considered in the choice of TC
under different safety score requiremerggs . At a higher value of , there are a

smaller number of routes in the choice set, resulting in an overall increase in the network

generalized travel cost.
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6.3.2.3 Expected travel time versus METT time in generalized cost (Case 4)

This section presents and compares the results for the case where the expected travel
time is considered in the generalized cost instead of the METT. Differences in the flow
patterns are observed between the two cases fo\WKkkn the expected travel time is
consideredTable6.9), the flow is allocated exclusively to routes 1 and 2TiGt, as

they have lower generalized cosBoth routes also exhibit the lowest MECRC
compared to the other routes, even though their expected travel times are higher than
that ofroute 4 In contrast, when travel time variability is considered in cadSeaftl¢

6.6), a portion of the flow is allocated to route 4. This is due to its lower travel time
variability (,  1.0), which results in the lowest METT among all routes, despite
having the highest MECR®@uwue to the consideration of travel time variability, travelers

of class 1 also allocate some flowrtiute 4, as its generalized cost becomes equal to
that ofroutes 1 and 2. This is becaueates 1 and 2 have higher travel time variability,
while route 4 offers lower variability, making it an attractive option despite its higher

MECRC.

This finding demonstrates that equilibrium flow patterns vary depending on whether
travelers consider expected travel time or METT along with MECRC when making
route choice decisions. Incorporating both METT and MECRC in the generalized cost
highlights thetradeoffs between minimizing the travel time variability and CRC
variability in travelers route choic&his finding demonstrates that equilibrium flow
patterns vary depending on whether travelers consider expected travel time or METT
along with MECRC wkn making route choice decisions. Incorporating both METT
and MECRC in the generalized cost highlights the t@dtie between minimizing the

travel time variability and CRC variability in travelers route choice.
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Table6.9. Equilibrium flow of the multiclassravelers for case 4.

Class Route Y ‘ " r O "Q Used route
1 3.90 1.20 1.77 2.61 14.31 1298.69 V
TC, 2 4.23 0.65 1.20 1.61 14.31 201.31 V
3 5.33 1.50 1.88 3.00 19.00 0.00 U
4 2.58 3.80 4.38 7.29 15.04 0.000 U
1 3.90 1.20 1.77 4.31 16.01 0.00 U
TC, 2 4.23 0.65 1.20 2.77 15.47 1500.00 V
3 5.33 1.50 1.88 4.81 20.81 0.00 U
4 2.58 3.80 4.38 11.49 19.24 0.00 U

Note:V denotes used routd,denotes unused route.

6.3.3 Real world case studyWinnipeg Network

— |l qUI-REO— 9 V§dWmiVaeld Wl YT

Figure6.12. Winnipeg network showing the road functional class

This section demonstrates the proposed model and solution procedure using the
Winnipeg networkFigure6.12), a realscale network comprising 2,535 links and 4,345

OD pairs, with a total demand of 54,459 tripke working route set for the network is
adopted fromBekhor et al. (2008)in total, 174,491 routes are considered across all
OD pairs, corresponding to an average of 40.1 rdotesny OD pair. The maximum

number of routes generated for any single OD pair is 50

Since the original networkloes not includeoad functional class information, we

utilized Google Maps to classify roads into two types: arterials andarnenals
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(collectors/local roads). Consequently, otiyeecriteria are used to determine the
safetyscore of each routd@he variancdo-mean ratio of travel time is assumed to be
equal to 0.3. The valuesTofand] for all the links are set equivalent to 2.1 and 2.5,

respectively The adjustment coefficients used in the unit crash risk and safety
reliability functions given in Equationkl and12 are takenas ¢ p T and3

X P TU respectively.

The confidence level for the CRC distribution equals 0.5 f6€; while it is equal

to 0.95 forTC,. The confidence level for travel time distribution equals Of8r both

the classesMoreover, each class is assumed to have its own route choice set based on
the safety score requiremert .9 p andg  aresetequal to 0% and

50% respectively, thus @nly consider the routes with a safety score of greater than
50% in their choice sefThe routebased traffic assignment algorithm is tested on a PC
with intel(R) Core (TM) i710700 CPU 2.9 GHz and 16 GB RAM using the Windows

10 operating system. The stopping criteria are set equail4o le

6.3.3.1 Equilibrium results fortravelerswith heterogenous safety concerns

The aggregate link flows for the equilibrium model are presentejure6.13, which
highlights the distribution of flows across the network, with notably higher volumes
observed in the CBD area. To further investigate the route choice behavior of
heterogeneous travelers, we conducted a disaggregate analysis focusing on two
highdemand OD pai r s: (92, 4) and (79, 103) .
TC, exhibits a lower crash risk aversion whereas 3lws higher aversion to crash

risk. Only the routes that are used by at least one of the two classes are shown for each

OD pair.
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Figure6.14. Equilibrium results for multiclass travelers on OD pair (92,4)

For the OD pair (92,4), we see that the safety scores of both the rigie® 6.14a)

are higher than 50% thus both the routes are part of the choice setf&toL@ 2 has

a higher safety scorey

¢ Y bthan route 1g

U X Pbecause it has a lower

share of local/collector roads compared to route 1. Route 2 has a local/collector road

share of 27.2% compared to 60.7% for route 1. Hrayare6.14b, we notice that TC

uses both routes 1 and 2, whilez] Que to greater safety variability concerns, opts only

for route 2. Route 2 has a lower safety variabiljty ( t& 7, resulting in a lower

MECRC.
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For OD pair (79,103), both routes have safety scores abovePsgate6.15a), making

them part of the choice set for both classes. However, as shdviguie 6.15b, TC,

exclusively uses route 1 due to its lower CRC variability and MECRC, reflecting higher

risk aversion, while TCut i | i zes both routes. These

applicability to realscale networks.
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Figure6.15. Equilibrium results for multiclass travelers on OD pair (79,103)

Figure6.16 illustrates the sensitivity analysis of route flows across different demand

levels for each traveler class.

§ ?TUINIBQEHIE 31.5 2 [JBoqld, = 31.5 2 106

5
P4
<

. 500 CNB Wz N 1) e 9 0 cNTA Mz 2 19 W M —— . —
> WO 0 GIMA Wz N 1 Lm0 ¢Iwh Mz B 1) L =9 G N1 Me N WAL cNTHA Wie J 1 LW
- Y M PM m9 0 ¢ Me Ny WALG ¢cIWA e & 10 W
3 N W[l V5 Wi ¥ RIS dndils QYD 11 LU

) NEaxUR qad JW] Vs LHOS Rnat Wa VY WEY 2 gl

= I M < MV

© © oM
> nM u
<L t =z

“ u
M M
N HN'B o = =, 5] N VN'B ,,,E =Te)
[ 3G ¢ Ul HiGi D2 136G W I 3G c¢c Ul W 132130 W

@Route fl ows pattern atb)Rloutfeer MENGR Gl eamia nddi f

Figure6.16. Sensitivityanalysis for route flows at different demand levels for OELG3

FromFigure6.16(a), it can be observed that as demand increases, the flow for the low

safetyconscious class (¢ progressively shif tkgurd owar d
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6.16( b) shows that Route 2 is associated wi
high safetyconsciousclass(TX al | ocates the majority of

a negligible proportion of wusers selecti:
i nfl uence of -constiausneds en their rosta ¢heide yoehavior under

varying demand conditions.

6.4 Practical implications

By incorporating travelers' safety behavior in the network equilibrium model, the
proposed TA model has significant potential for use by traffic planners, and
policymakers for improving network safety. In the era of connected vehicles, route
safety information will be disseminated to travelers, increasing its importance and
demand in decisiemaking. Theproposedmodel considers travelérsoute choice

behavior in light of crash rishhdits consequencése., the risk of fatal/severe crashes)

It providestransportation planners with a means to account for the impact of changes

in travel behavior on demand patt.erns a
Furthermore, this model provides an opportunity to systematically evaluate the effect

of proposed traffic safety countermeasures and regulations on thefloafti®ossible
changes in the flow pattern can be i dent
responses to safety regulatiofifius, traffic planners and policymakers can develop

safety improverant policies more systematically than relying on historical dath

experience

Furthermore, the model can be applied to design safety measures targeting the most
vul nerabl e travel erséo c | sa thad .travelEem withr i ¢ a |
heterogeneous safety preferences exist on road net@idakset al., 2008 Gong and

Fan (2017)found that reckless driving or overspeeding significantly increases the

chances of sustaining a fatal or severe inj&iynilarly, distracted drivinghegatively
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affectst he driver ds react i ofislamé&wWannedirsy, 2608 unsaf

Thus, various countermeasures can be designed for routes accommodated by the
vulnerable group of people to minimize the severity of crash eff&@eseral
countermeasures have proven effective in increasing road safety, including legislation
and enforcemen{Gitelman et al., 2012 safety awareness campaigiiekstra &
Wegman, 201)1 and traffic calming measures (e.g., provision of speed humps). Safety
education programs can be initiated through media and traffic police to target a specific

group such as young drivers fond of reckless driikachin & Sankey, 2003

6.5 Conclusions

In this Chapter we propose a framework that integrates efgeific route choice sets
while accountingor both the reliability and unreliability of the travelesafety and
travel timeconcers within a network equilibrium moderlhe route choice set for each
class is defined based on their safety score requirements, with the score of each route
guantified by its roadway characteristi8sfety variability's reliability and unreliability
aspectsa r e mo d e | e-cbliahlesmiearsxceds hoacepil Tisafety variabilityis
modeled using &RC distribution, and travelers are assumed to pawe knowledge

of thedistribution based on their lortgrm travel experienc&@he model is formulated

as a VI problemA two-stagenonadditive routebased generalized cosbmprising
METT and MECRGCcosts|s solved to reach a user equilibrium solutidhe proposed
framework demonstrates that travelers with higher safetye requirements have a
more limited route choice sdh contrastthose with higher safetyariability concerns

tend to select routes with a lower CRC variability. The proposed framework shows how

safety concerns influence route choice and network equilibrium flow patterns.
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CHAPTER 7 Trade-off between travel time and safety
Modeling heterogeneous preferences in traffic

assignment

7.1 Motivation

Several empirical studies emphasize the critical role of safety in travelers' route choice
decisions(AbdelAty et al., 1995 Amirgholy et al., 2017 Yannis et al., 2006
However, the integration of safety into traffic assignment, a key step in transportation
planning, remains limited. With advancements in intelligent and connected vehicle
technologies providing redgime safety information, incorporating safety alongside
traditional criteria like travel time in traffic assignment models has become increasingly
urgent(Ali et al., 2023 Ghoul et al., 2023Hoseinzadeh et al., 20RAddressing this
research gap advances safetyiscious planning by bridging the gap between static,
datadriven crash prediction models and a behaviorally informed framework that
explicitly incorporates travelers' safety behaviors and preferences int® cboice

decisions, enriching the traditional traffic assignment process.

Every trip a traveler makes is associated with a certain degree of crakighsighting

the importance of incorporating individual safety preferences into planning models.
Travelers accept this risk, more or less consciously, as part of theirctmite The

crash risk is influenced by various factors, including roadway characteristics, human
behavior, and prevailing traffic conditions. Since a traffic crash is an unwanted event,
rational travelers are expectedttadebetweertravel timeandsafety(crash risk) to
minimize their overall travel cosfintini et al., 2017 Noland, 2013 A critical
consideration in modeling safetyvare route choice is the salience of safety

information to individual travelers. While it is true that travelers are unlikely to possess
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explicit, link-level knowledge of historical crash rates, which are rare events, a
substantial body of research indicates that they infer safety based on readily observable
network attributes. These attributes, such as road functional class, intersensiwp, d

and lane width, act as behavioral proxies for road séifgflystra et al., 200;7Hao et

al., 2025. Empirical evidence from revealed preference studies using trajectory data
confirms that safety perceptions significantly influence actual route chipleeset al.,

2025. Furthermore, stated preference experiments consistently demonstrate that many
travelers are willing to accept increased travel times for safer r@rites & Ortlzar,

2003 Yannis et al., 200§ establishing the behavioral basis for the twaéety trade

off modeled in this work. This directly addresses the weight of safety relative to travel
time: it is not a fixed value but is captured by the heterogeneous value of safety (VoS)
parameter, whit varies across individuals based on their safety consciougfress

et al., 2025

To explain the heterogeneity in travelers
in Figure7.1. For instancekigure7.1(a) shows ahreeroute networkandFigure7.1(b)

shows the features of each route, i.e., travel time and risk level. Route 1 is fast but risky,
route 3 is slow but safe while route 2 lies between the two in terms of both travel time
and risk. Route choice var i @stoniau 200). i ndi v
For instance, safetgonscious travelers ali&elier to choose the safer route 3, while

less safetyconscious individuals prefer the faster routé&ijure 7.1(c) illustrates the

empirical distribution of users with heterogeneous safety preferences and their route
choices, where some prefer riskier, faster routes, and others opt for safer, slower

alternativegAntoniou, 2014.
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Figure7.1. Continuous VoS distribution to represent heterogenous safety preferences

This heterogeneity in safety preferences can be effectively modeled in route choice

using

t value ufesafety¥aS)O VoS is defined as the additional time a traveler

is willing to spend in exchange for enhanced safety (i.e., a unit reduction in risk) on a

slower route(Kavta et al., 2026 VoS is measured in units of time per unit risk

reduction, and reflects individual safety preferences in route choice belfavior&

Ortuzar, 2003Yannis et al., 2006 VoS enables the conversion of safety into travel

time units, thus incorporating both dimensions into the generalized travel cost. Prior

research has modeled users' heterogeneity regarding theotidmdween expected

safety and safety reliability by\dding users into discrete classes and assumangsd

risk cost (CRC) distributiomn a route(Han et al., 2023Huang et al., 2020 This

approach assumes thatuderewther out e 6 s

CRC d

i stributi

reliability requirements. For example, low safetnscious individuals tend to select

routes with lower expected CR{ contrasthigh safetyconscious users aim ttvoose

on

routes with more reliable safety outcomes (i.e., lower CRC variance). However, this

method does not explicitly address the heterogeneity in thestifety tradeoff, such

aschoosinghe safest and fastest routes.
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Additionally, this approach introduces two key challenges: First, it assumes that
travelers can fully comprehend the variability in crash risk costs, a complex given the
rarity of traffic crashes and the difficulty in accurately estimating CRC distritaitan

each route. This overlooks the cognitive burden on users who may struggle to
incorporate such probabilistic information into their decisimeking. Second,
discretizing users into fixed classes raises the igbdetermining an adequate number

of s@gments, as each individual has unique safety preferences. To address these
limitations, we propose using VoS as a subjective measure of safety preference. This
measure can be easily captured through stated preference surveys, where individuals
express hownuch value they place on safety in terms of additional travel (fitvezi

& Ortuzar, 2003 Yannis et al., 2006 Instead of imposing predefined classes, we treat
VoS as a continuous variable to reflect individualized safety preferences. As illustrated
in Figure7.1(c) (Antoniou, 2014 Ghoul et al., 2023 this continuous VoS distribution
allows for a more flexible modeling of route choice behavior, offering a more accurate

representation of how travelers traafé travel time and safety.

7.1.1 Contributions
This Chapteradvances the understanding of the tisagety tradeoff in transportation
networksby i ntegrating travelersé safety pref

Specifically,this makes the following contributions:

a) It proposes a traffic assignment framework that explicitly incorporates VoS to
model the timesafety tradeoff. By integrating safety considerations alongside
travel time, the framework captures travelers' heterogenous safety preferences and
willingness to acept additional travel time for safer routes. It highlights how these
preferences shape route choice behavior and traffic flow patterns in real world

scenarios.
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b) This study introduces a continuous distribution for the value of safety, which better

reflects the continuous nature of risk preference than traditional distaste

models. By avoiding the arbitrary segmentation and oversimplification of discrete

classs, this method more accurately and effectively captures heterogeneity in route

choice behavior

7.2 Methodology

This section first explains thsafety modeling of a routdollowed by explaining

traveler§ heterogeneous traadf between travel time and safatytheir route choice

decision making. Finally hie MP formulation for solving the&ontinuous bicriterid A

problem is provided

7.2.1 Notations

All the notations used ithis Chaptearetabulated belownless otherwise specified.

Table7.1. Notations

Symbol

Description

Sets:

cag- _<' < O Cs

Parameters/inputs
0

n

I

"Q8

08

Variables

f
.I.
0

w
Others
0

set of nodes

set of links(w

set of origingi

set of destination@

set of GD pairs(0 .

set of routes) betweerO-D pair 0

free flow travel time of linko

demand between-O pair0

traveler's value of safety (VoS)

probability density function (PDF) of VoS
cumulative distribution function (CDF) of VoS

VoS boundary corresponding to routef O-D pairv
VoS interval corresponding to routeof O-D pair0
flow on router) of O-D pair0

flow on link

travel time of link
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routelink incidence parameter

length share of local road on rouitdetween GD pair 0
length share of collector road on rogtbetween GD pair0
total length of route) between GD pair0

intersection density on roufgbetween @D pair0
generalized cost on routgof O-D pair 0

time cost on routq of O-D pair0

Risk score of routg between GD pair0

—

<<idgeex
5¢

7.2.2 Modeling route safety

In this study, thesafety level of a route is assessed based on its risk, where higher risk
indicates lower safety. Routes with diverse roadway characteristics can exhibit varying
levels of risk, influencing the route choices of different travelers. Specifically, routes
vaty in their composition of road functional classes, intersection density, and travel
exposure (such as travel distance and time)madhctingtravel safety. For instance,

more uniform routeswith fewer speed variations due to consisteatd functional
classes, may offer higher safety levels. Additionally, routes with a greater proportion
of separated opposing traffic and fewer intersections can reduce interactions between

different travel modes, thereby enhancing safety.

The safety proxy variables were selected to align with the model's purpose of
capturings af ety perception in travelersoé rout
functional class, intersection density, travel time, and distance are both highly
perceptible @ travelers making route decisions and consistently available in network

wide datasets, ensuring model scalab(lityjkstra, 2013 Dijkstra et al., 200;7Sohrabi

& Lord, 2029. While engineering variables like pavement condition or lane width
improve sitespecific crash prediction, they are often imperceptible to travelers and
unavailable at a network scale, making them less suitable for this behavioral modeling

context.
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A key consideration in variable selection is the potential interdependence among route
attributes like safety, travel time, and comfort, as they are often influenced by common
road characteristics. To ensure methodological clarity, variable selectiomigead by

two principles. First, thelata availability principlgrioritized variables with readily
accessible, networwide data. Second, tlmminancebased principlelassified each
variable according to the primary attribute it is most strongly docwgddntinfluence

in the literaturg(Hao et al., 2026 For example, intersection density is included as a
safetyperception variable due to its empirical link to crash risk, despite also correlating
with travel time(Dijkstra, 2013. This approach allows for the explicit isolation of the
time-safety tradeoff, which is the core objective of this study. While some frameworks
combine attributes such as safety, comfort and convenience into a composite score
(Ehrgott et al., 203;2Vang et al., 2023 the chosen method provides a clear foundation
for understanding the specific role of safety before integrating additional objectives in

future multiobjective extensions.

7.2.2.1 Definition of different criteria

The selection of variables (criteria) for the safety proxy model comprising road
functional class, travel time, distance, and intersection density is grounded in the
requirements of a networnkide planning model. Theoretically, these variables serve as
robust proxies for the primary determinants of safety perception: exposure and conflict
risk. Travel time and distance provide direct measures of exp@sureGyimah et

al., 20179, while functional class and intersection density are -esthblished
surrogates for complex risk factors like median types conflict p(#atgloee & Asadi,

2016 Sohrabi & Lord, 202p Empirically these variables have been found to
adequately proxy the number of road conflicts and crash{Pigkstra, 2013 Dijkstra

et al., 200). While sitespecific models benefit from more granular data (e.g., lane
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width, curvature), such data is rarely available consistently across an entire network.
Therefore, this variable set prioritizes scalability and practical application while

capturing the most significant sources of risk

i.  Share of local roads on a route
The major function of local roads is to provide direct access to residentialasueas

commercial areasTheseroads are not meant for throughaffic, and a higher
percentagef local roads on a route may lead to more transitions from-$pgkd
facilities to lowspeed roadJ hereforethe proportion of this road type on a given route
should be kept to a minimurfheratio oflength shareq in ) of local roads on a route
is calculated as the length of local roadg‘( to the total lengthd( ) of a routen

between OD paib (Equation(7.1)).

< h
R O . .
a i d_h AV N (7.2)

ii.  Share of collector roads on a route
The collector roads have a higher crash risk than the highways and they should be used
as little as possible. Therefore, the length of collector roads on a route should be
minimized. Theratio oflength shared( in ) of collector roads on a route is calculated
as the length of collector roact‘srt to the total lengthd( ) of a router} between OD
pair0 (Equation(7.2)).

. h
N s TR
al G_h N IR VN s VL) (7.2

iii.  Total travel distance on a route
The total travel distance explains the exposure to crash wisich is generally
measured in terms of total vehicle kilometers traveled (VEIMoh-Gyimah et al.,

2017. The shorter the distance on a route, the leserexposure to crash risk.
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Therefore, dower riskscore requirea smaller total distance traveled on a rolttés
calculated by adding the length of all the links passing through a, esishown in

Equation(7.3).

a 1 ah Ipgvdo Yo (7.3)

iv.  Density of intersections on a route
Intersections in a road network are hotspots for serious and fatal cfashéset al.,
2017. In the US, roughly onquarter of deadly and o#w®lf of serious crashes are
attributed to intersection§~HWA, 2029. Thus, a route with a lower density of
intersections will be safer than one with a higher density. To calculate the safety score
for this criterion, the intersection density is calculated as the number of intersections

¢ per kilometer on a rouées shown in EquatiofY.4).
@y, —h Iavn0 N o (7.4)

i.  Travel time on a route
Travel time serves as a proxy for measuring exposure, with routes featuring shorter
travel times being less exposed to crash fisle travel time on a route is measured as
thesum oftravel times on all the correspondingad segmentsf a route For modeling
conveniencewe assume thask score depends on the free flow travel timdich is
calculated by dividing the length of the road segments by their speed limits. An
alternative approach would be to consider congested travel times, which would
significantly increase modeling complexity and is a topic for future research. The travel

time on a route is shown in Equatifhb).

"y T 0h IavdRN® (7.5)
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7.2.2.2 Quantification of risk scoreof a route

For each routgherisk score is quantified based on the abave €riteria by using the
network topology data and applying Equatigin$) and(7.7). To compare the scores

of different routesmin-max normalizations carried out for each criterion, assigning a
score of 0 to the best route and 1 to the worst route. The normalized score for any other
route is calculated by subtracting the minimum criterion score from the score of the
route in question and then diuwndj this value by the range between the maximum and
minimum scores for that criterion as showrkuation(7.6) (Dijkstra, 2013 Dijkstra

et al., 2007.

;W T ERD

i el Q— Iav 0 O N 7.6
i A@ [ Eb" L (76)

wherei @ ¢ lis@henormalizedscore for criteriomoof router) andw is the score of a
criterionofor router). The total score is calculated by multiplying the normalized score
by a weight factoand adding all the criteria to get the scoidicating therisk level of

a route as shown in Equatiof7.7).
Y i Qe h IANO NG (7.7)

where'Y is therisk score for routd),! is the weight factor fothe criterion chand®

is the number of total criteridhe sum of the weight factors for all criteria determines
the iisk score rang. For example, if there are five criteria, each with a weight factor of
one, the total weight is five. Consequently, the risk score for each route will range from

Otos

Figure7.2illustrates the methodology outlined in SectibA.2for assessing the safety

levels of routes with diverse characteristiésr demonstration purposes, three routes
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with distinct features are presented. The safety level of each route is computed based

on Equation(7.7) using the criteria in Equatior{g.1) 1 (7.5).
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Figure7.2: Methodology for calculating the safety level of routesed on different criteria

In Figure7.2, the travel time and travel distance are presented on top of each link. Each

route is characterized by five criteria: local road share, collector road share, travel time,

travel distance, and intersection density.

Table7.2. Normalizedscores for each route

Scores for each route

Normalizedscores for each route

Criterion Variable Unit

1 2 3 1 2 3
1 ai % 0.33 0.40 0.50 0.00 0.40 1.00
2 ai % 0.50 0.60 0.00 0.83 1.00 0.00
3 a km 6 5 4 1.00 0.50 0.00
4 Q@ km?  0.67 0.60 0.75 0.44 0.00 1.00
5 Y min 8.46 7.60 571 1.00 0.69 0.00

Table7.3. Weightednormalizedscores for each route

Criterion Variable Unit  Weight

Weighted scores for each rou

1 2 3
1 o % 1.0 0.00 0.40 1.00
2 o % 1.0 0.83 1.00 0.00
3 a m 1.0 1.00 0.50 0.00
4 @ km? 1.0 0.44 0.00 1.00
5 Y min 1.0 1.00 0.69 0.00
5.0 3.28 2.59 2.00

Based on these attributes, the calculation of risk scores is presefitalery.2 and

Table7.3. Table7.2 details the risk score for each individual criterion, whigdble7.3
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summarizes the total weighted risk score for each route. With equal weights assigned
to all five criteria, the total risk score for any route ranges from 0 to 5. As shown in
Table7.3, Route 1 has the highest risk score of 3.28, whereas Route 3 has the lowest

score of 2.0.

7.2.3 Efficient frontier for time -safety tradeoff
This sectiorexplainsthe concept oéfficient routes anefficient frontier in bicriteria
route choice, which will be formally applied in Sectib2.5to explain the formulation

of the continuous bicriteria traffic assignment model

Definition 1 (efficient route). A route is called efficient ifio other route offers a lower
risk for a given travel timeandfor a givenrisk scoreno otherrouteoffers ashorter
travel time.Formally, arouteqy ¥ 0 s efficient if there exists no roufg ¥ 0 and
n  nsuch that.
Y 'Y andY Y or
(7.8)
Y 'Y andY Y
To illustrate this concept, consider a small network with three rdkiigpsré7.3a), each
characterized by different travel times and risk scdResite 1 is théastestut also the
riskiest Route3 is thesafestutthe slowestand Route is bothslowerand risker. It
becomes evident that Rodés dominated by the other tvemd is thereforenefficient,
whereas Routes 1 and 3 are both effici8pecifically, Route 1 is efficient because no

other route offers a shorter travel time for the same risk score, and Route 3 is efficient

because no other route offers greater safety (a lower risk score) for the same travel time.

Figure 7.3b extends this concept tmwnsidemultiple routes. Any routéying outside
the efficient frontiey represented by a dotted linge considerednefficient, as a better
route exists in terms @fither travel timeor risk score Routes on the frontier represent

optimal tradeoffs whereimprovingone criterion(e.g., reducing risk scorepcessarily
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involves acompromisein the other(e.g., increasingravel timg. Identifying the
efficient frontier is equivalent to finding minimum generalized cost routes for an

appropriate set of VoS values.

Route 1 () Inefficient route
(O Efficient route
) Route 2 D A — . . Efficient frontier
Safest route:
Route 3 \Q Choice of high safety -
4 \ conscious user
Route 3 Safer Route 2 \
e
_
@ === | & \ 0
= £ \ Q
o Y 2 \
E Inefficient = ? &, 'éo\
5 g £ Y, 20 Q
E route = &/6' °¢1~6 \ ()  Fastest route:
8 = KR %, ~ Choice of low safety -
b ‘?QQ, @@') ~. conscious user
%,
0 v 3
~
Route 1 N
Risk score (R,) Risk score (R,)
(a) Efficient routes for a three-route network (b) Efficient frontier for multiple routes
\_ J/

Figure7.3. Efficient routes and efficient frontidor time-safety tradeoff

Travelers can select routes on the efficient frontier by making atfdbdetween travel

time and safetypased on theiheterogeneous safety preferen@esini et al., 2017

Noland, 201}® The heterogeneity ipreferences s captured by each
which determines how they balance these competing fagtorsinstance,ravelers

with a higher VoS (high safetyonsciouspcceptonger travel time$o minimize risk,
whereas travelers with a lower VoS (low safetynscious) prioritize faster routes even

at the cost of increased rigRizzi & Ortlzar, 2003Yannis et al., 2006

7.2.4 Anillustrative example: Discrete vs continuous VoS distributions
We present an illustrative example kiigure 7.4, excluding congestion effects, to
compare how discrete and continuous VoS distributions captureav el er s o

heterogeneous safety preferencébe focus is on highlighting the advantages of

182



employinga continuous VoS distributigrwhich more accurately reflects individual

specific safety preferences in route choice.

To explain this concepEigure7.4(a) shows a threeute examplewhere each route

is characterized by different travel times and risk scores. In this illustrative example,
the travel time and risk score values are exogenously assigned to clearly demonstrate
the model's mechanics and enable a direct comparison betwegsteland continuous
distributions of the Value of Safety (VoS). The calculation procedure for risk scores is
detailed inFigure7.2. It is important to note that the generalized cost is expressed in
units of travel time, as the risk score is multiplied by VoS to convert it into equivalent
time units, thereby allowing for meaningful tradis on a common scalEigure7.4(b)

shows a continuous VoS distribution with values ranging from 0 tglire 7.4(d)

shows a discrete VoS distribution, where continuous distributidfigare 7.4(b) is

discretized into two classes: low safegnscious (LS) with a VoS of 0.25 measured in
, and high safetgonscious (HS) with a VoS of 0.75. In the discrete class,

travelers with a VoS betweeii@5 (LS travelers) are represented by an average value

of 0.25, while those with VoS between 0.3 (HS travelers) are represented by an
average Viae of 0.75. This implies that all travelers within the same class have the
same VoS valueln the discrete casd-igure 7.4(e)), generalized cost calculations
reveal that LS travelers select route 1 (the fastest route), HS travelers choose route 3
(the safest route), and route 2 remains unused. In contrast, under the continuous VoS
distribution Eigure 7.4(c)), travelers are divided into three classéisose with VoS

values in the range [0.41) select route 1, those with VoS in the range [@4711) use

route 2, and those with VoS in the range [0170] prefer route 3, as shownHhigure

7.4(c). Figure 7.4(f) compares the two cases, highlighting the key difference: with
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discrete VoS, only two routes (1 and 3) are used, while under continuous VoS, all three

routes are utilized.
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Figure7.4. An illustrative example comparing the discreseuntinuous VoS

This discrepancy arises because the discrete VoS appgoagfs users into rigid

classes eachwith identical VoS values for all individuals within a claskhis
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classification restricts model flexibility and oversimplifies heterogeneous preferences
In contrast, the continuous VoS distributidRigure 7.4(d)) refines the model by
representing safety preferences across a continuous speafiawing each traveler to
have a unique VaSBy capturing individualized safety preferences, this approach

provides a more accurate and detailed depiction of sedtted route choice behavior

7.2.5 Continuous VoS for timesafety tradeoff

This chaptermodels the tradeff between travel time and safety (risk) by assuming
that the generalized cost experienced by each traveler on a route is a linear combination
of travel time and safety (risk score). This assumption offers modeling tractability and
follows many studies in the literature that combine safety and travel time for different
modeling purposes, such as the combination of travel time and safety in empirical route
choice studie§Mouter et al., 201)/ traffic assignment mode{sian et al., 2023Huang

et al., 2020, and routing problemgCarmody & Sowers, 20319houl et al., 2023
Hoseinzadeh et al., 20R&Each traveler in the population is identified by a unique VoS,
represented by a random varigblevhich follows a continuous distribution across the
population. The VoS parameter is central to capturing the-gafety tradeoff and
empirical evidence strongly supports the existence and quantifiability of thisaifade
(Kavta et al., 2025Yannis et al., 2005 To ensure behavioral realism, the model
incorporates a continuous distribution of VoS across the population, reflecting the
documented heterogeneity in safety prefereii@esoniou, 2014. The PDF and CDF

off are represented BQR8 and 08, respectively’Q8 is assumed to be measurable,

almost everywhere, positive function with a compact support! i such that

I . The CDF of can be written as:

0¢ ol @ (7.9)
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The generalized cqsO , for a traveler with VoSf traveling on route) is a linear
combination of routéravel time Y B, 0 ® andrisk score 'Y given

in Equation(7.10).

'O Y 18 AN NG (710

In the continuous bicriteria traffic assignment problem, travelers minimize their
generalized cost based on their unique VoS, where each traveler can be viewed as a
distinct classvithin the continuous distribution functio8, leading to a theoretically
infinite number of user classddowever, travelers are considered unique only if they
select different routes, so the number of user classes betweeb gai©is constrained

by the available routes. In practice, the number of routes considered is much smaller
than the totahumber of availableoutes. This leads to the concepts of efficient routes

and the efficient frontier introduced in Sectip2.3

Effectively,routery ¥ 0 is considerecfficient if it is used by at least one traveler with
VoS,! N 18An efficient route lies on the efficient frontier of two criteria for evaluating
the generalized cost: travel time and saf&tythe decreasing order of risk score, the

line segments that join the efficient routepresent an efficient frontier.

This concept is elaborated usisg routes between a single OD pdtigure7.5). In

Figure 7.5(a), travel time is plotted on the-gxis and risk score on theaxis The
distribution of VoS with a suppoft T_Fi_ is illustrated inFigure7.5(b). Eachroute
is associated with a travel time cost, andrisk score'Y . Within the support, the

solid line inFigure7.5(a) refers to the efficient frontier formed by the three efficient
routes (routes 1,4, and 6) due to the generalized travel time cost minimization according
to Equation(7.10). The slope of the line between two adjacent efficient routes

represents the VoS threshold where route choice chéiageation(7.11)).
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In Figure7.5(a), the slope of the line connecting routes 1 and 4 for a single OD pair is
I . Thus, when VoS 1 , the lowest generalized cost is experienced on route 1. As
VoS exceed§ , route 4 will be the next minimum generalized cost route with VoS
equal td , unless VoS exceefls. After VoS exceeds , route 6 will be considered

as the minimum generalized cost route. More specifically, a user will choose route 1 if
histhef ~ 1R houte4iff ~ T A ,androute6if N T A 8In Figure7.5(b),

three equal choice groups are illustratethenPDF of VoS. The integral of each shaded

area represents the flow on the selected efficient route.

To define efficient routes for each-E pair 0, the routes ind are ordered by
decreasing risk scof¥ . The support U iegual |0 \,ieatte d i n't
definesthe range of VoS for which a route minimizes generalized cost. These VoS
boundaries can be written as:

1 A h EVE pBE8D s p | v (7.12)

T R A EWE O s

wheref  1hg ¢ THh TRl R pBEY s
Once the VoS boundaries are determined, givdd @mandr , the VoS interval
corresponding to each route can be used to determine the route flows by simply

integrating the PDF of VoS withitheinterval.

QN MQOQd R pb & s (7.13
An efficient route satisfies 1 , which induces a flowQ 1, whereas an
inefficient routehag 1 , resulting in zero flow.e.,”"Q T
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Figure7.5. lllustration of(a) efficient frontier of timesafety tradeoff, (b) PDF of VoS

While identifying efficient routes is straightforward with flandependent travel times

(Dial, 1979, the challenge arises when travel times depend on Adwey assumption

in this foundational model is that the travel time is fidependent while perceived
safety of a link is flowindependent. Safety is determined by fixed link attributes (e.g.,
road type, intersection density) and does not change withictrafilume. This
assumption is necessary to establish a tractable baseline model for analyzing safety
time tradeoffs and is consistent with initial models in continuous bicriteria traffic
assignmen(Xie et al., 2021 Xu et al., 2024} Due to the flowmdependent travel time,

the VoS boundaries fluctuate based on assigned flows, and flow itself depends on these
boundaries(Xie et al., 202). The next section explains the formulation used to

determine the VoS boundaries in case of fib@pendent travel times

7.2.6 Continuous hicriteria traffic assignment formulation

In the continuous bicriteria traffic assignmdé@tBiTA) problem, the objective is to
determine the set of efficient routes and their VoS boundaries for eBgha®v . Two
important points to note here: First, in the conventid@aproblem, the efficient routes

are effectively equal to th@ised routesby definition; second, the VoS boundaries are
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consistent with the flows allocated to efficient routes. W&ethe GBIiTA formulation

proposed byarcotte (1998and later adopted hyie et al. (2021 for their solution
algorithmdevelopmentThe equilibrium conditions for-®iTA for any O-D pair0 N
®,andanyrout§® 0 whi ch are an extensi oWarddp, War dr

1952, can be stated as:
M 1+ O f Oof Ar vt  rAHOND B 1 (7.14)

This condition implies that each efficient route corresponds to aenmgaty VoS
interval t 0. Thus, the VoS boundarigs, !  pH8 &) s p, replace route

flows as decision variable3he vector of VoS boundaries and the route flases
represented by and™H These VoS boundaries define the equal choice groups (ECGs),
which become the primary decision variables. Furthermore, the traditional flow
conservation conditions are replaced by simple box constraints that maintain the order

of the boundarie@Figure7.6).
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Figure7.6. Mathematical programming formulation

The objective function in this formulatiqiFrigure 7.6) consists of two terms: the first

term i s the famous (Besknknmatald O)6tidehausedinor mat i
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the standard TAP; the second term is fis& score incurred across all used routes
Notably, the order of routes is fleimdependent since it relies on thek score This
allows for the VoS constraints to be structured as showreifirst constraint ifrigure

7.6.

Theorem 1(Equivalence)A solution to the MPRigure7.6), which is a vector of VoS
boundaries? along with its corresponding path flosatisfies theJE conditions in

Equation(7.14).

Proof.

The lagrangian for the MAF(gure7.6) can be expressed as follows:

01 H 0 6°Q6 B8 8 08QL QUL ‘ |
N N (7.15)

where' is the multiplier associated wittonstraint 1 irFigure7.6. Accordingly, we

can derive the KKT conditions as follows:

0 . . o
T— mh oM pB&Ew s (7.16)

—a

: i f m!om pB & s (7.17)
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na8qg 8°Y 1Y Y Ty ‘ ‘ (7.20)
Y o1 Y Y 1Y S — (7.21)
n 8q
Suppos€Q 1, which implies that I , e, T n. We shall show that

"Of Ot Hav O hx AAT vt . We first note that 1 v t . Equation

(7.17) implies.

YOIY Y LY S 7.22
T (7.22

Given"Q T, Equation(7.17) leads td TBAS i 0 we have.
Y OrY Y Y ©o0f O f Aro~t (7.23)

By repeating the above steps, it can be shown that this relationship holds for any other
patha 1, or a 1 (Xie etal., 202).

'01 O lfnt (7.24)
This completes the prook

Theorem 2 (solution uniqueness in terms of link flowsnder the assumption that
0 8H @~ 6 is positive, separable, continuously differentiable, and strictly increasing

w.rt® , the MP Figure7.6) has unique link flow®®.

Proof. Itis straightforward talemonstratéhat MP Figure?.6) is strictly convex w.r.t

0, which guarantees the uniquenesgofA

Theorem 3 (solution uniqueness in terms of VoS boundariés) the solution to be
unique in terms of VoS boundaries ‘h) phB &) s and UE route flows
QM pfB g8 s, two conditions must be met: (&) 8 A N 6 is assumed to be

a continuous, differentiable, and strictly increasing function of link ftlow(2) every

191



route that connects an OD pair has a uniiglescore.e.,’’Y 'Y Anm v 0 M

nNAHON .
Proof. Since the link flowd® is unique according to Theorem 2, the path travel times

{"Y} are also unique. For @ pair 0, the efficient frontier with uniquéy and'Y is

also unique resulting in unique VoS boundarjes® . A.

7.2.7 Solution algorithm

This section presents the procedure for solving the MP formulatiéigume7.6.
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Figure7.7. An overview of the twestage solution algorithm

The procedure is divided into two stages. In the first stage, the algorithm calculates the
risk scores for all the routes in a given route set between each OD pair using the
methodology presented in Secti@r?.2 In the second stage, we ube pathbased
algorithmto solvethe MP inFigure7.6. We customize the single boundary adjustment
algorithm proposed byie et al. (2021for fixed demand €BiTA and extended byu

et al. (2024ajor elastic demand-®BiTA. The algorithm hathreemain steps: (1After
initialization, the algorithmdentifiesthe efficient route set and their VoS boundaries
from a given route sef2) Second stefiinds the equilibrium solutionsing the gradient

projection (GP) algorithm. ladjuss the VoS boundariegls for each OD paiand
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updates the route and link flows accordingly, é)dhird step checks the convergence

of the algorithmAn overview of the twestage algorithm is provided Figure7.7.

7.3 Numerical experiments
This section presents results for two networks: a small-tlmge network to analyze
user safety preferences, and the Winnipeg network to demonstratevorihl

applicability.

7.3.1 A small network

This section uses a small netwddk understand the travelériseterogeneous safety
preferencesn the C-BiTA model. As shown irFigure 7.8 and Table 7.4, the Braess
network has 4 nodes, 6 links, and 3 routes. There is a single OD pair (1,4) with a total

demand equal to 3000 ATE. VoS { ) is assumed to follow a uniform distribution
wheréf_ candf ¢ mmeasured i——— . The risk is calculated in terms of

the risk score of each route.

— C0ol | ecte=rLopacta| r o:¢

Yyomo6eded

Figure7.8. A small network example

The widely used BPR function is adop{&ajuation(7.25)).
0 0 0] ® 7.2
P Uz 3 (7.29)
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where 0 and 0 @ represent the free flow travel time and capacity of liak
respectively.Considering the uniform distribution, the PDF for V§9 (s shown in
Equation(7.26).

"Ql %ﬁ TN TR (7.26)

—x

Table7.4. Route characteristics afsmall network

S.No Route Nodes & (m) 0O (min)
1 Route 1 12,34 2572 3.57
2 Route 2 134 1533 2.40
3 Route 3 124 2083 2.50

7.3.1.1 Calculation of risk score for each route
The risk score of each route is calculated following the procedure, following the

procedure explained iBection7.2.2and the small numerical exampleRigure7.2.

Route 1
Route 2
Route 3

.."dgi
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bRV mmo‘mmugm?lql R¢
%
Figure7.9. lllustration of risk score of routes for each criterion
Figure7.9 presents a comparison of the risk scores of each criterion and the total risk

score across the three routes. Route 1 has the highest risk score of 3.22 while route 3
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has the lowest risk score of 1.62. Route 1, which has the highest overall risk¥score (

o® ¢, records the highest risk score for two criteria (@@nd”y and the second highest

risk scores for the other three criteria (ice.,ii  and’QXImaking it the riskiest route
7.3.1.2 Routes choices and equilibrium flows for heterogenous users

This section analyzes the route choice behavior of users with varying safety preferences
in a small network where the three available routes differ in their risk sétwate 1,

with the highest risk scoreY o0& ¢, is identified as the most dangerous. Route 3,
with the smallest risk scoreY  p&® ¢, is deemed the safegissuminga uniform
distribution fortheVoS, the continuous bicriteria model is soltedletermine th&0S
boundaries and corresponding route flows. fdsiltingVoS boundariesrel q8r

andf oBT, which define the VoS intervals for each route as follows: ¢8tgar,

t  ¢8thust andt w8t Bt (Figure7.10).
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Figure7.10. lllustration of route flows and VoS boundariadraffic assignment

From the resultsshown inFigure 7.10, it is evidentthat route 1 is inefficient or
dominated leading to T and resulting ifQ 1T In contrast, routes 2 and 3 are
both efficient. Travelers with lower safety preferences, lying within the VoS interval
t , select route 2, which is fastél( o® y E 1 but less safe{ ¢8t compared

to route 1. In contrast travelers with higher safety preferences, withirohenterval

195



1, opt for route 3 which is slower'Y ¢& d Elbut safer Y p® ¢. The
relationship between travelerso6 stlokeet y
who aremore concerned about safety (with the highest VoS) are willintplerate
slower routesn exchange for a loweaisk score On the other handravelers who are
less concernedboutsafety prioritizefaster routes, even #e cost of higher risk
scores This variation in safety sensitivity is reflected in the flow distribution across

routes as shown irFigure7.10(b): route2 carries1169.80 ATE ©f flow, while route

3 carries18302 O ATE ©f flow.

pr

7313 Effect of the degr ee omfoutaichkokce s6 safety

This section examines howarying degrees ofsafety preferences influencéow

patterns.
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Figure7.11. Effect of VoSrangeon routechoice behavior
In Figure7.11, the horizontal axieepresents the VoS rangdth the lower boundixed
at2.0 andthe upper boundraduallyincreases from.8 to 300. The broadening of the
VoS range reflects an increasingiyore diversepopulation in terms of safety

sensitivity. As the upper bound of VoS increases, the proportiomofe safety
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conscioudravelers in the population increasé@sis results in an increase flow on
route 3, the safest route, as more users prioritize safety over travelGongersely,

the flow onroute 2, which is less saf@ecreasesince fewer users are willing to choose

a faster route with higher risk score. No flow is observed on route 1, as it remains

inefficient and dominated in all cases.

These results highlight thémportance of incorporating heterogeneosafety
preference®f users into traffic assignment modeldeglecting this variability can
result inless accuratestimation of route flows, especially in safetytical contexts.
By modeling the degree of users' safety heterogenmitye practical and realistic

traffic flow patterns can be obtained.

7.3.1.4 Comparison of flows between discredad continuous Vodistributions

This section examingbe differences in route flows between using a discretsus
continuous VoSlistribution. Inthe discrete VoS approach, the population is divided
into three classes, each representing stindit level of safety preference. The

corresponding/oS values and demantts each class asummarized irmable7.5.

Table7.5. Details of VoS and demands for three classes.

User Class Behavior VoS 1 Demand O ATE D
Class 1: Low VoS 2.0 1000.0
Class 2: Medium VoS 13.0 1000.0
Class 3: High VoS 20.0 1000.0

Figure 7.12(a) depicts the route flows for discrete VoS distribution, which is solved
using the discrete multiclass traffic assignment formulatibnet al., 2023 Yang &
Huang, 2003t Travelers in class 1, characterized by a low VoS (less sefeigcious),

all opt for route 2which offers faser travel timesdespite itshigherrisk score In
contrasttravelersn class 3, who have a high Vo@dre safetyconsciou}, exclusively

use route 3the safest route, as they prioritize safety over travel imevelersan class
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2, with a medium VoSsplit their choices betweeroutes 2 and ,3with a higher

proportion opting for route 2 due to its faster travel time while route 1 is inefficient

Route 1 Route 1 .
2400, —m— Discrete VoS
1200, —m—Class 1: Low VoS —e— Continuous VoS
1000/ ::: gass 2: Medium VoS 2000/
lass 3: High VoS _ — — .
800/ 1600/ AYaa]I? RIAI e WiligREe Ve i
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Figure7.12. Comparison of flows between discrete and continuous VoS distributions

Figure7.12(b) compaesroute flowsunderdiscreteandcontinuous VoSlistributions,
revealing noticeable differences even the small networkFa instancethe flow on

route 2is 1016.1 O ATE in the discrete/oS case comparedo 1169.80 AYE in the
continuousVoS case. Similarly, foroute 3 the route flow is 983.90 AYE for the
discrete case and20.20 ATE for the continuous cas&hese differencearisefrom
discretization errors in the discrete model, where a single average VoS value represents
all users within each clads larger, reaworld networks, overlooking the distribution

of individual VoS values could lead to substantial deviations in flow predictions
Therefore, considering continuous VoS8istribution in bicriteria multiclass traffic
assignment model gives more accuratem@adticalresults offering a better foundation

for transportation planning and safety interventions.

7.3.2 Real world case study Winnipeg network

This section demonstrates the proposed model and solution procedure using the
Winnipeg network Figure7.13), a reatscale network comprising 2,535 links and 4,345

OD pairs, with a total demand of 54,459 tripke working route set for the network is

adopted fromBekhor et al. (2008)In total, 174,491 routes are considered across all
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OD pairs, corresponding to an average of 40.1 rdoteany OD pair. The maximum

number of routes generated for any single OD pair.is 50

| qUI—REcO— 9 Voo mrvaelnWwl Vel

D

Figure7.13. Winnipeg network showing the road functional class

Since the original network lacks route functional class information, which is necessary
for calculating the risk level of each route in this study, we utilized Google Maps to
classify roads, as illustrated kigure 7.13. Roads are categorized into two types:
arterials and nosarterials (collectors/local roads). Consequently, only four criteria are
used to determine the risk score of each route. To make the risk score comparable to
the travel time in real networks the bt factor for each criterion is set to 10, resulting

in a risk score ranging from 0 to 40, where higher values indicate a higher risk level.
The experimental settings for VoS remain consistent with those in Sectit3.1

The stopping criteria for algorithm convergence are set equal1@.IEhen the route
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based traffic assignment algorithm is tested on a PC with intel(R) Core (7MY 00

CPU 2.9 GHz and 16 GB RAM using the Windows 10 operating system.

7.3.2.1 Equilibrium flows and route choices for heterogeneous users
We present results for two-D pairs O-D pair 31,3) which hashree efficient routes

and a destination within the CBD araad GD pair ©1,102) with two efficient routes.
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Figure7.14. Efficient routes and route flows for heterogeneosersn OD pair (31,3)
For OD pair (31,3)Figure?7.14(a) shows the risk score calculations for the three routes.
Route 1 is the riskiest{ ¢ #® v, while route 3 is the safes¥( ¢ ® v. Route 3
has the lowest risk score for share of local/collector roads due to a 54.6% share of

local/collector roadsd y on this route while the remaining 45.6% is the share for

arterials compared to 96.9% share of local/collector roads for route 1. Additionally, the

intersection density@Qon route 3 is 1.09 krh significantly lower than 1.70 krhon
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route 1 resulting in a lower score of this criterion for route 3. While route 3 has the

highest risk scores for the other 2 critefigo ¢ &, its overall risk score is the lowest.

Figure7.14(b) shows the 3 chosen routes in the traffic assignment model. Route 1 is
26.5% faster than route 3 while route 3 is 11.10% safer than route 3 as stogurén
7.14(c). Thus, users with heterogeneous safety preferences make-affradeveen

safety and travel time when selecting these routes. For example, users with lower VoS
(less safetyconscious) choose route 1, which has a higher risk score but a shorter travel
time 'Y ¢ ® 0Y 1 @& yit 'Q while users with higher VoS choose route 3,
which has a lower risk score and higher travel titYe ¢ ® &Y ¢ & u Q¢

Most users, however, select routd-By(re7.14(d)), which offers a moderate risk score

and medium travel timéY ¢ 8 XY u @& g "Q& This highlights that users with
higher VoS are willing to accept additional travel times in exchange for greater safety.
The VoS intervals for the three user classes and the resulting route flows are depicted

in Figure7.14(d).
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Figure7.15. Efficient routes and route flows for heterogeneous users in ODYdair0Q2
Similarly, for OD pair (91,102), there are two efficient routes where route 1 is 22.2%
faster than route 2, while route 2 is 9.40% safer than rolkgare7.15(a) presents

the risk score calculations for both routes. Fieigure7.15(b), we observe that users
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with heterogeneous safety preferences choose routes differently. The less safety
conscious user class (VoS interval #6210) chooses route 1, which is faster. In
contrast, the more safetpnscious user class chooses route 2, prioritizing safety over
shoter travel time. These results show how flows are allocated in a road network based
on travelers' varying safety preferencésis showghat more safetgonscious users

are willing to accept longer travel times in exchange for increased safety.

Figure 7.16 illustrates the convergence performance of the -pased traffic
assignment algorithm, which reaches the desired criterion for the Winnipeg network in

under 60 seconds
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Figure7.16. Convergence performance of the algorithm on the Winnipeg network

7.3.2.2 Reasonableness check of the model

To assess the reasonableness of our theoretical framework, we utilized a publicly
available dataset of GPS trajectories from OpenStreetMap (OSM) for the Winnipeg
network as a basis for model verification. The tist@mped traces provide useful
insights inb traffic flow, route popularity, and stop patterns. While the dataset does not
constitute a fuliscale empirical validation of the model, it offers valuable evidence to

support the output of our traffic assignment results. We conducted a disaggregate
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analysis by selecting OD pairs with the greatest GPS trajectory coverage and comparing
the observed travel patterns with the model outputs. Specifically, OD pa®E) @nd

(9217 102) were analyzed
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Figure7.17. Reasonableness check using GPS trajectories for OD paB)(31
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Figure7.18. Reasonableness check using GPS trajectories for ODofalrQ2)

In Figure7.17(b), for OD pair (331), the trajectories follow different routes that are
broadly consistent with the model outputRigure 7.17(a). For example, the green
trajectory follows a route with a lower proportion of local or collector roads and a
smaller intersection density, criteria directly associated with safety in the proposed
model. This suggests that travelers with different safetfepences may indeed select

different routes. A similar consistency is obserbetiveenFigure7.18(a) andrigure
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7.18(b) for OD pair (91102).Never t hel es s, the precise
choices cannot be fully inferred from this data alone and would require additional
information, such as stated preference surveys, to capture underlying behavioral

drivers

7.4 Implications for policy and practice

The proposed framework incorporateavelers' safety preferences into the traffic
assignment modgbffering valuable tools for traffic planners and policymakers to
improve network safetyUnlike conventional traffic assignment models that assume
travelers select routes based solely on travel time, this model accounts for safety as a
critical factor in route choice. This is particularly relevant in the era of connected
vehicles, where redgime safety information will increasingly influence route choices.

By incorporatingravelersheterogeneousafety preferencethe model allows planners

to predict how safety concerns affect traffic flow patterns. This insight enables a
systematic evaluation of traffic countermeasures and regulations by estimating their
effects on route choices and identifying possible chamgiéew patternsPlanners can

thus develop safety improvement policies based on traveler behavior rather than relying
solely on historical crash data or past experiecgeover, the introductioaf the VoS
concept into the network equilibrium model provides a practical way to measure
travelers' willingness to trade travel time for safety. Using SP surveys, policymakers
can gquantify VoS and use it to design

preferences.

The model also offers a framework to design targeted safety measures for vulnerable
groups, those that are less concerned about safety. For instance, reckless or distracted
driving behaviors, which significantly increase the crash r{gksng & Fan, 2017

Islam & Mannering, 2005 can be addressed by implementing countermeasures on
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routes used by such traveleEsfective measures includegislation and enforcement
(Gitelman et al., 2012 raising awareness through safety campaigns and targeted
education programs (such as educating young drivers about the risks of reckless
driving) (Hoekstra & Wegman, 20),1and implementing traffic calming measures like
speed humpt improve safetyBy integrating individualized safety preferences into
traffic assignment models, this study enables planners to provide safety related policies

that address both behavioral and infrastructural aspects of safety more effectively.

7.4.1 Applicability in autonomous vehicle futures

Our current model, built around the heterogeneous VoS, remains highly relevant and
adaptable in an era where AVs become the dominant mode. With vehicle connectivity
providing realtime safety data, the reliance on user perception will diminish, aligning
more closely with our foundational assumptions of informed route choices. One of the
major anticipated benefits of AVs is the substantial improvement in transportation
network safety, particularly through the reduction of crashes caused by human error

(Hussain et al., 202Kockelman et al., 206

As AVs assume greater control over routing decisions, the assumptions underlying
equilibrium principles in traffic assignment will also evolve. Equilibrium principles
reflect individual route choice behavior, and many studies on multiclass traffic
assignmat have explored mixed environments of hurdainen vehicles (HVs) and

AVs. Some assume a unified user equilibrium (UE) prindiple & Song, 2019, while

others differentiate by assigning system optimal (SO) principles taBafsloee et al.,
2017), or stochastic user equilibrium (SUE) to HVs due to perception €hi¢asg et

al., 202). Wang et al. (2020durther modeled route choice across three vehicle types:
private HVs, firmoperated AVs, and governmenperated AVs, using SUE, Cournot

Nash (CN), and SO principles, respectively.
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The key insight is that the heterogeneous VoS remains a foundational element for these
adaptations. (1) In a mixed AMV environment with privately owned AVs, our model

can be extended to reflect HVs choosing routes based on perceived safety and VoS,
while AVs select routes using accurate safety data and eseigred VoS preferences.

(2) In a fully AV-dominated future, the VoS concept evolves but remains central.
Privately owned AVs would follow a user equilibrium based on personalized VoS,
while fleetopeaated AVs could be guided by a centrally determined societal VoS,
serving as a policy lever to achieve system optimality and reduce overall crash risk and

travel time

7.5 Conclusions

This Chaptermodels the tradeff between travel safetyneasured as risk scorand

travel time using the continuous bicriteria traffic assignment mdtelmodel captures
user so6 het e rpefgrenceshoough the valtieeot sgfety (VoS)efined as

the additional time an individual is willing to traveh a slower routéo reduce risk.

The risk score of a route is calculated by comparing severataiated criteria of
routes between each OD pdihe GBITA model allocatstravelers to routes based on
minimizing a generalized route cost, whisimockled as a linear combination of travel
time andrisk scoreThe effect of wuser s’ heterogeneou
route choice behavior and network flow patterrassdemonstrated using a smalid

real network examplélhe results showetiat users with higher safety concerns (high
VoS) are willing to accept longer travel times on safer roltesomparisonysers with

lower safety concerns (low VoS) prioritize faster routes despite their higher associated

risks
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CHAPTER 8 Conclusion and recommendations

8.1 Introduction

This research aims to enhance road network safety by proposing proactive safety

i mprovement strategies, specifically thro
preferences on road networks. To achieve this, crash risk models, game theory, and
networkequilibrium approaches were integrated to address the challenges of creating a
safer transportation system. Given that road crashes are a major global cause of
fatalities and injuries particularly affecting vulnerable road users in developing
countries,this research emphasizes the importance of proactive safety improvement

models.

The following objectives guided this resear€lbjective 1 examines the consistency of

crash severity risk factors between statistical and interpretable ML models for
motorcyclists in a developing country. Objective 2 aims to develop a framework to
identify the safetycritical links in a road network proactivelbjectives &b aim to

mod el travelers6é safety behaviors and p
transportation planning process, specifically the car ownership, car type choices and
traffic asignment stepA comprehensive review of the literature for each objective is

presented in Chapter 2. The methodologies and findings are detailed in Chapters 3

8.2 Summary of findings
Objective 1: Examining the consistency of risk factors between statistical ML

models

Chapter 3 examined the consistency of crash severity risk factors between statistical

models and ML methodssing motorcycle crash data from Rawalpindi, Pakistan. The
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analysis comparechadINL model with three ML models: random forest, naive Bayes,
and gradienboosted trees. The RF model achieved the highest prediction accuracy
(86.7%). The SHAP (SHapley Additive exPlanations) method, based on Shapley values
from cooperative game theory, was applied to address the interpretability of ML
models Key findings revealed that risk factors identified by the RF model (e.qg.,
distracted driving, collisions involving pedestrians or trucks, and female riders) were
consistent withhose identified by the MNL model. These results provide actionable
insights for developing targeted safety countermeasures to improve motorcycle safety

in Pakistan.

Objective 2: Develop aframework for proactive identification of safety-critical

road links

In Chapter 4, a framework was developediiopoint safetycritical links in a road
network. A cooperative game theory approach was employed, where road links act as
players forming coalitiongl'he utility function of the cooperative game was quantified

in the UE traffic assignment model using a fldependent safety evaluation metric.

The solution of cooperative game was obtained using Shapley value,caliakates

the averag®1C of links to network safety across all possible link coalitions, accounting

for traffic interactions rather than considering only their MC to the grand coalition.

Numerical experiments demonstrated that the Shapley value approach offers a more
comprehensive evaluation of link safety contributichgn traditional marginal
contribution methods. This framework provides transportation planners with a
proactive tool to identify safetgritical links, prioritize interventions, and enhance

network safety during the planning stage.
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Objective3: Model i ng travelersd safety concerns

type choice

In Chapter 5, a joint car ownership and car type equilibrium choice model was
proposed. The proposediscrete choice modeliAgased equilibrium analysis
frameworkintegrates a dogit model to capture captivity effects in car ownership
decisions and a nested logit model to account for similarities among car liypes
explicitly incorporatesusers' concerns related to crash risk, security risk, and range
anxiety. The frameworkwas formulated as a mathematical programming problem,

ensuringthe solutioris existance and uniqueness.

Numerical experiments on a toy network and a-veald case study revead that
reductions in travelersd risk perceptions
adoption, highlighting the critical role of public trust in transitioning to-ddminated

markets. By explicitly linking risk perceptions to letgym transport#on planning,

this model equips policymakers with a tool to design strategies that address behavioral

barriers to AV adoption while balancing efficiency and safety objectives.

Objective 4: Modeling safety variability preferences and safetyconscious route

choice sets in traffic assignment

Chapter 6 proposeah integrated network equilibrium framework that models safety
conscious classpecific route choice sets while simultaneously incorporating travelers'
concerns about the reliability and unreliability of safety and travel finaelers were
categorized into two classdsgh safetyconscious and low safetonsciousbased on

their safety requirement$he route choice set for each classdefined based on their
safety score requirements, with the score of each route quantified by its roadway

charactestics. The reliability and unreliability aspects of safety variability for
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heterogeneous traveleseremo d e | e d wdiable meatextess concept, ard

crash risk cost distribution represented their safety variability concerns

The framework was formulated as\d problem and solved using a tvetage
algorithm. Numerical experiments demonstrated thatihigifety:conscious travelers
prioritize safer routes, influencing traffic flow patterns. This framework enables
planners t@onside heterogeneous safety preferences when designing-safetgious

transportation policies.

Objective 5. Modeling time-safety tradeoff by considering continuous VoS in

traffic assignment

In Chapter 7, a traffic assignment framework that models thedafety tradeoff for
travelers with heterogeneous safety preferences was propdsedialue of safety
(VoS) was introduced to capture these preferenegsesenting the additional travel
time a traveler is willing to accept for improved safety. Unlike traditional approaches
that categorize travelers into discrete classes, WaS modeledas a continuous
variable, allowing for a more refined representation of individual safety preferences. A
bicriteria traffic assignment model incorporating this continuous VoS distribwtisn
employed to determine route flows between orig@stination (OD) pairs based on
both travel time and safety. Route safetsts modeled in terms of risk, whickvas
guantified by comparing routes between OD pairs based on various-reddieyl
criteria. The proposed modefas solved using a twstage algorithm: the first stage
evaluatd route risk, while the second stage sdlibe bicriteria traffic assignment

problem.

Numerical experiments on smaktale and realorld networks demonstratenow

safety preferences influence route choices and subsequent flow patterns, showing that
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high safetyconscious travelers prioritidesafer routes, even at longer travel timdse
framework provides planners with insights into how safety preferences shape route
choices and traffic patterns, enabling the development of targeted safety improvement

strategies.

8.3 Summary of research contributions

This research significalytcontribues to the field of transportation network safety, both
theoretically and practically. The proposed frameworks and models advance proactive
safety planning by incorporating traveler safety behaviors and preferences into the

planning process. The contribut®of each objective are detailed below

8.3.1 Consistency of risk factors between statistical and interpretable ML

models
This part of the research contributes to the field by highlighting the consistecragbf
severity risk factors between statistical and interpretable ML models. By making use of
the Shapley valubased cooperative game theory, it interprets the output of ML models
that are often criticized for their bladdox nature.The findings revealed thaalthough
the statistical models and ML methods follow two streams of methodologies on
prediction, the identified risk factors are reasonably consistent to a rgexdeat.
Finally, according to therash severity study's findings Rakistanthis researctnas
suggested appropriate policies and countermeasures to reduce motorcycle crash
injuries. Analyzing the consistency between the two streams of methodologies will
provide decisiormakers with key insights that will help them initiate clear remedial

measures to promote the safety of motorcyclists and pillion passengers in Pakistan.

8.3.2 Framework for identification of safety-critical road links
This study develops a framework that identifies the safetical links in road

networks by integratingransportation safety analysis without network effect and
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transportation network analysis without safety effect via the Shapley value from
cooperative game thearBy accounting for cooperative interactions of links using a
flow-dependent safetgvaluation metric, it enhances theoretical understanding of
transportation network safetycrom a practical perspective, this approach offers
transportation safety planners a useful transportation network safety analysis
framework to identify the most safetyitical links for investment strategy at the

planning stage.

8.3.3 A joint car ownership and car type equilibrium choice model

This study contributes to the field by proposing an equilibrium analysis framework to
model the joint car ownership and car type choice decisions based on endogenous travel
disutility, considering the specific characteristics of each car type. proposed
frameworkexplicitly consides travelers' risk perceptions related to safety (crash risk)
and security issues of AVs, as well as the range anxiety associated with EVs, within the
joint choice equilibrium model. This explicit focus provides insights irdw these

factors influence longerm decisions, including car ownership and car type
preferences, which are often overlooked in existingmoBeys. i ncor por ati ng
risk perceptions and demadépendent disutility into lonterm decisiormaking, the

model provides a foundation for evaluating and developing saéetgcious
transportation policies. The findings can guide policymakers imgiesj strategies to
promote safer vehicle adoption (e.g., autonomous and electric vehicles) while

addressing a&velers' concerns about safety and security.

8.3.4 Modeling safety variability preferences and safetyconscious choice sets
This study develops a comprehensive network equilibrium frameworlconaiders
roadway characteristics and traffic conditions to model travelers' safety coimterns

route choice The proposed framework models and analyzes the effect of -saietyl
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classspecific route choice sets on equilibrium flow patteMasreover, itaccounts for

t r av el er abéutbatrotimaetabilitysand unreliability of safety and travel time
variabilities, considering traveler classes with heterogeneous safety reliability
preferenceslt enables planners texplicitly incorporate travelers' safety preferences
into the transportation planning process, allowing for the development of targeted

safety improvement policies informed by travelers' behaviors.
8.3.5 Model time-safetytradeo f f by proposing travelersbo

This study proposes a traffic assignment framework that explicitly incorporates
travelerso6é val ue of soff beeneen traveVton® and safety. mo d e |
By integrating safety considerations alongside travel timenthgielcaptures travelers'
heterogeneous safety preferences and their willingness to accept additional travel time
in exchange for safer routes. This approach highlights how individual safety
preferences influence route choice behavior and traffic flow patternsalworld
scenaios. A key contribution of this study is the introduction of a continuous
distribution of VoS across the population, moving beyond the traditional use of discrete
user classes. This continuous representation more accurately reflects the diverse nature
of travekrs' safety preferences, capturing subtle variations in route choices that discrete
models may overlook. As a result, the framework provides policymakers with more
precise insights into traveler behavior, enabling the development of targeted and
effective safety policiesBy focusing on traveler safety behaviors rather than relying
solely on historical crash data or past experiences, the proposed framework empowers

planners to design more informed and proactive safety improvement policies.
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8.4 Research Limitations

Despite the contributions of this research to literatsexeral limitations must be

acknowledged:

1 Regarding the consistency analysis using motorcycle crash data, the study was
limited to only one year of motorcycle crash data, and the dataset had underreported
no-injury crashesUnderreporting of nénjury crashes is a universal issue in road
crash datgMannering & Bhat, 201y whichwasalso hard to avoid in the current
study. Additionally, key variables such as helmet use were missing. Future studies
should address these limitations by using more comprehensive datasets.

1 The proposectritical link identification framework was tested only on a toy
network, as the computational complexity of calculating the exact Shapley value
increases exponentially with the number of links.

1 The parameters and inputs used in the joint car ownership and car type choice model
are illustrative and require calibration and validation with reaforld data. In
particular, the AV risk perception parameters should be calibrated using stated
preference or revealed preference survey data. Moreover, the model only considers
selfowned autonomous vehicles, excludsigirecbnes.Includingshared mobility
services in the model by incorporating specific utility functions is worth exploring.

1 Regardingincorporatingsafety variability in the network equilibrium model, the
link crash riskdistribution was assumed to be normally distributddowever,
validating the distribution parameters with empirical data is necessary to refine this
assumption and calibrate it for different roadway types and traffic conditions.

1 Thetime-safety tradeoff modelassumed flowndependent risk levels and a linear

tradeoff between time and safetiRisk levels vary with traffic conditiongynd the
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tradeoff may be norinear. The risk score is alsbased on predefined criteria;

validating its relationship with actual crash data is necessary

8.5 Future researchdirections

Based on the limitations identified, several directions for future research are proposed:

T

In the motorcycle crash data, the challenges related to underreporting can be
addressed by adopting several data sampling techniques, includirgpavaing,
undersampling, and hybrid samplingBazarnovi & Mohammadian, 2024
Moreover, advanced statisticalethod such as the mixed or random parameter
logit can beemployedo account for the issues of unobserved heterogefigiiyn

et al., 2014Pervez et al., 2031

The proactivesafetycritical link identificationframework can be tested on real
world road networks. & the computational complexity of exact Shapley value
calculation grows exponentially with the number of links, optimization techniques
must be explored to enhance scalability. Approximation techniques such as Monte
Carlo sampling have been widely used &stimate Shapley values in
computationally demanding scenar{@necco et al., 202 Narayanam & Narahari,

201Q Touati et al., 202)1L Moreover, ecent advancements ML could provide
another promising direction. For example, supervised learning techniques could use
a set of training pairs (e.g., input vectors of Jlalkel crash probabilities and output
vectors of Shapley values) to predict Shapley values for previaustgen
scenariosDoing so would make piossible to bypass solving the traffic assignment
problem for each coalition evaluation, significantly reducing computational effort
(Guckel & Fontaine, 20295 Furthermore, while this study utilizes the UE traffic

assignment model to solve the utility function, future research could explore
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guantifying the Shapley value within a stochastic traffic assignment model by
incorporating user perception errors to capture more realistic user bel{@\Viers

et al., 2012Li et al., 2023.

First, he current approach accounts for captivity at the car ownership choice level
(upper level) using the dogit model for the joint car ownership and car type choice
model. This framework can be extended to capture captivity for each mode type at
the car type choice level (lower level) by replacing the nested logit model with the
dogit nested logit mod€lVang et al., 2024 Second at the car type choice level,
the basic model primarily eowaedihumess tr av
driven and autonomous vehicles based on their risk perceptions. In this context,
public transport is treated as a general mode. However, thd oaydbeextended
further to include other edemand services such as rluling and ridesharing and
emerging public transportation options like customized busast, the current
analysis relies on hypothetical data to
proof-of-concept, but empirical validation is essential for credibility and practical
application. Parameters can be calibrated using revealed preference dataffrom
counts or stated preference surveys on user risk perceptemabling
opeaationalization in specific contexts. Future research can therefore focus on
integrating revealed preference data from AV pilot programs to test predictions of
market shares. Building on similar theoretical foundations in AV litergitiee&

Liu, 2022 Zhang et al., 202Qathis empirical extension will position the model as

a robust tool for longerm transportation planning

To capture heterogeneous safety reliability preferences itM&EE model, it
would be valuable to model individugpecific safety preferences usin@a8iTA

framework, which can theoretically accommodatinite user classeéXu et al.,
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20243. Additionally, incorporating more roadway characteristics can help better
guantify the safety score of a route. From a computational perspective, developing
more efficient algorithms for solving the-bbjective, noradditive generalized
route cost probla would also be beneficial.

In the timesafety tradeoff model, it would be valuable to consider both travel time
and safety as flowdependent criterigAs travelers gravitate towards safer routes,
increased volumes on those links could potentially alter their risk profiles, a
phenomenon analogous to congestion effects on travel time. Developing an
equilibrium model with flowdependent safety risk represethe most important
direction for future work. Tackling this challenge would require solving a complex
fixed-point problem, advasing the methodological frontier of multriteria traffic
assignmentAdditionally, this study assumes a linear traef€between travel time

and safetyIn reality, the relationship may not be strictly linear. Exploring-non
linear utility forms or incorporating interaction effects could yield a more
behaviorally realistic representation of traveler decisi@king. The main
challenge lies in identifying g@popriate norinear forms, which would require
extensive empirical calibration. We see this as apomant direction for future
research Finally, while VoS is assumed to follow a uniform distribution in
numerical experiments, future research could investigate alternative distributions
and empirically evaluate their suitability

Moreover, safety behaviors can be incorporated into other choice dimessaims

as location and trip choices, withmetwork equilibrium models.
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APPENDIX

Results of the SHAP method applied to the GBT model are illustrated in &iyliye
Figure A2, and FigureA3 for minor injury, severe injury, and fatal injury crashes

respectively. These results are similar to the RF model to a greater extent.
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Figure Al.Interpretations of th&BT model using SHAP method for minor injucyash

From FigureA3, we notice that influencing factors such as distractions, collisions with
pedestrians/trucks, and the female motorcyclists involved in motorcycle crashes

significantly increase the chance of crashes resulting in fataBigslarly, teenage
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motorcyclists, female motorcyclists, and collisions with trucks (SHAP are significant

positive contributors to severe injucyashegFigureA?2).
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Figure A2.Interpretations of th&BT model using SHAP method feeveranjury crash
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