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Abstract

Road traffic crashes remain a significant concern, consistently ranking as one of
the leading causes of death and disability worldwide. Analysing and reducing the crash
injury and damage severities is essential for ensuring public safety and promoting
sustainable economic development. A critical challenge in this issue lies in the complex
and heterogeneous nature of crash causation and outcomes, which stem from the
dynamic interplay of human, vehicle, road, and environmental factors. This complexity
is further amplified by the emergence of autonomous vehicles (AVs), whose distinct
crash patterns are not yet fully understood. To advance road safety, this thesis
systematically analyses post-crash injury and damage severities for both conventional
human-driven vehicles (HDVs) and AVs, thus forging evidence-based strategies that

can contribute to a safer road traffic environment.

Firstly, to investigate the heterogeneous impact of factors determining different
crash injury severity levels under adverse road conditions for conventional single-
vehicle rollover crashes, the random parameters logit model with unobserved
heterogeneity in means and variances was employed. A series of likelihood ratio tests
and marginal effects were used to assess the temporal instability or impact location non-
transferability of the explanatory variables. The results indicate an overall temporal and
locational instability of model estimates while several determinants are identified to
have consistent effects on injury severity outcomes, such as animal-involved collisions,

old drivers, safety restraint usage, female drivers, and physically impaired drivers.

Secondly, to explore the safety interaction between conventional vehicles and
railways and investigate crash injury severities at undivided two-way highway-railway
grade crossings (HRGCs), the XGBoost model was applied to identify important
features for various injury severity outcomes. The results indicate that some significant
predictors overlap between the killed and injured models, such as old driver, driver was
in vehicle, main track, went around the gate, adverse crossing surface, and truck, while
the other significant factors reveal that the XGBoost model can distinguish between
different severity levels. Moreover, to further compare factors affecting post-crash
injury severities for conventional vehicles before and during the COVID-19 pandemic,
a multinomial logit model was developed for 2018-2019 HRGC crashes, and a random

parameters logit model was developed for the 2020-2021 HRGC crashes. The results



indicate that the old driver and illuminated crossing were identified as random
parameters with heterogeneity in means during the pandemic. As for the pre-pandemic
period, no significant random parameters were captured. Significant variables also
differ markedly between these two periods, with no significant driver-related or vehicle-

related indicators identified for 2018-2019.

Thirdly, to understand the heterogeneity and identify key factors influencing the
damage severity in AV crashes, a methodology integrating the latent class analysis and
multinomial logit model was employed to explore the heterogeneity in AV crash
patterns. Two heterogeneous clusters were determined based on skewed distributions
of vehicle status and driving mode. The model estimation results indicate that
partitioning the AV crash dataset into heterogeneous subsets facilitates the identification
of critical factors that remain obscured when the dataset is analysed as a whole, such as

the evening indicator.

Fourthly, to disentangle the direct and mediation effects of key factors on AV crash
damage severities, the structural equation modelling was employed with additional
point-of-interest characteristics. The results indicate direct pathways between AV crash
outcomes and multiple risk factors, such as dark with streetlights and bus stop count.
Results also reveal the impacts of two mediator variables, including zebra crossing and

vulnerable road user.

Fifthly, to uncover the combinations of contributing factors that frequently co-
occur in AV rear-end crashes, the association rule mining was employed with
supplementary built environment data. Besides, HDV rear-end crashes were also
collected to conduct the comparative analysis between AV and HDV crashes. The
results confirm the existence of distinct patterns, individual risk factors, and co-
occurrence mechanisms that are unique to AV systems in real-world contexts. Critical
factors such as roadside parking, two-way without medians, multiple vehicles, traffic
signals, intersections, and land types play pivotal roles in AV rear-end crashes, while

HDV crashes are more frequently influenced by behavioural context and land use type.

The findings of this thesis highlight the importance of accounting for unobserved
heterogeneity, temporal instability, mediation effects, and built environment factors
when analysing HDV and AV crash severity outcomes. These enhanced understandings

of crash patterns can inform the development of evidence-based safety strategies.
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Chapter 1 Introduction
1.1 Background of this study

Road traffic deaths and injuries in crashes remain a major global health and
development challenge. There were an estimated 1.19 million road traffic deaths in
2021 (World Health Organization, 2022). This corresponds to a rate of 15 road traffic
deaths per 100,000 population. Although the overall level of global road traffic safety
is on the rise with the improvement of vehicle safety design level, the enhancement of
driver safety awareness, and the improvement of regulations, the total number of traffic
accidents still fall far short of what is needed to meet the target of the United Nations
Decade of Action for Road Safety 2021-2030 (World Health Organization, 2020). With
a growing and increasingly urban global population, the rising demand for mobility is
set to overwhelm transport systems, particularly those that rely heavily on private
vehicles. As a leading cause of death and major contributor to disability, road traffic
accidents not only bring heavy emotional damage and economic burden to the victims and
their families, but also impose an enormous economic cost on societies (Elamrani et al.,
2020a). Some estimates put the global macroeconomic cost of road traffic injuries as high as
1.8 trillion dollars, roughly equivalent to 10—12% of global gross domestic product (Chen et
al., 2019). Consequently, analyzing and reducing the severity of injuries and damages
resulting from traffic crashes is of great importance to ensure public safety and promote

sustainable economic development.

On the one hand, given the substantial proportion of conventional vehicles
currently in use globally, crashes involving traditional vehicles remain a critical
research area. Understanding injury severity patterns and risk factors associated with
these vehicles is vital, as the findings directly inform targeted safety measures, vehicle
design improvements, and policy interventions aimed at mitigating crash impacts. The
COVID-19 pandemic has also significantly altered travel behaviours and traffic

patterns, highlighting the vulnerability of traditional vehicles and infrastructures. For



instance, shifts toward remote work reduced overall traffic volumes yet paradoxically,
some regions experienced an increase in speeding-related severe crashes due to emptier

roads. Such dynamics underscore the need for accounting for evolving mobility trends.

On the other hand, the landscape of traffic safety is undergoing a significant
transformation as we navigate the opportunities presented by autonomous vehicles
(AVs). AVs promise to reduce human error, which accounts for the majority of
traditional traffic accidents, and offer new possibilities for safer and more efficient
transportation systems. However, the transition from conventional human-driven
vehicles (HDVs) to AVs is fraught with complexities that necessitate a thorough
understanding of their crash patterns. For example, while AVs may reduce certain high-
severity crashes, their interactions with legacy vehicles during the transition period
could create novel conflict scenarios. Additionally, the lack of standardized crash
reporting frameworks for AVs complicates comparative analyses. Most existing studies
rely on small-scale AV crash datasets. This data scarcity limits the ability to generalize
findings, emphasizing the need for more reliable real-world AV deployment data to

assess crash outcomes robustly.

Therefore, this new era calls for a holistic reimagining of the road traffic safety
paradigm, one that seamlessly integrates the lessons learned from conventional vehicle
crashes with the occurrence of AVs. A critical challenge in addressing this issue lies in
the complex and heterogeneous nature of crash causation and outcomes, which stem
from the dynamic interplay of human, vehicle, infrastructure, and environmental factors.
This complexity is further amplified by the emergence of AVs, whose distinct crash
patterns are not yet fully understood. To advance road safety, this thesis systematically
analyses post-crash injury and damage severities for both HDVs and AVs, with the
objectives of: 1) modelling and comparing injury severity determinants for HDVs
across diverse contexts, and 2) developing and applying advanced methodologies to
unravel the heterogeneity and causal mechanisms underlying AV crash damage severity.

The ultimate aim is to forge evidence-based strategies that contribute to a safer road

2



traffic environment.

The analysis of crash severity is a critical facet of road safety research that seeks
to understand the factors contributing to the outcomes of traffic accidents (Mannering
et al., 2016). Over the years, researchers have applied a vast array of statistical methods
to analyse accident-based data in an effort to reduce injury severities and damage
resulting from motor-vehicle accidents (Behnood and Mannering, 2016; Mannering et
al., 2020; Yan et al., 2021a; Alnawmasi and Mannering, 2022). Studies that have
focused on the statistical analysis of accident data have traditionally addressed one or
more of three general objectives: 1) data analysis with the sole intent of quantifying the
effect of statistically significant determinants (explanatory variables) on the likelihood
and severity of accidents; 2) data analysis with the intent of using the resulting
parameter estimates of the statistical model to forecast future accident likelihoods and
severities; and 3) analysis of before and after data to evaluate the effectiveness of a
specific safety countermeasure or a change in a specific factor that may influence

likelihoods and severities of accidents.

This intricate analysis encompasses various dimensions, such as the vehicle
dynamic, road environment, driver behaviour, and post-crash emergency response, etc.
(Champahom et al., 2020; Yu et al., 2020; Liu and Fan, 2021; Wang et al., 2022). Each
of these elements has the potential to markedly affect the severity of injuries/damages
sustained in a collision. For instance, vehicle speed at the time of a crash, safety features
such as airbags and seatbelts, and the structural integrity of the vehicle all play pivotal
roles in determining injury severity outcomes (Wang et al., 2022). Additionally, the road
environment, including weather conditions, road design, and traffic density, can
exacerbate or mitigate the severity of crash injuries (Umair et al., 2022). Driver
behaviour, including reaction times, impairment due to alcohol or drugs, and adherence
to traffic laws, is another crucial aspect of injury severity (Rashmi and Marisamynathan,
2023; Yadav and Velaga, 2022). Notably, risky behaviours such as speeding, distracted

driving, and non-compliance with traffic signals could significantly increase the
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likelihood of crashes with severe injury consequences (Wang et al., 2022). Furthermore,
the promptness and quality of emergency response services following a crash
significantly influence the survival and recovery prospects of injury victims (Guo et al.,

2023).

The insights gleaned from crash severity analysis have far-reaching implications
for public health policy, road engineering, vehicle design, and traffic law enforcement
(Hamim and Ukkusuri, 2022). By understanding the multi-dimensional nature of crash
injuries/damages, transportation administrators can tailor interventions to specific
contexts and vulnerable road user groups. For example, improving roadway
illumination and signage can reduce the risk of nighttime collisions (Bhagavathula and
Gibbons, 2023), while targeted public awareness campaigns can address driver
behaviours contributing to high-severity crashes (Ren and Xu, 2023a). Moreover,
advancements in vehicle technology, such as collision avoidance systems and advanced
driver assistance systems, are reshaping the landscape of injury prevention (Matin and
Dia, 2023). Therefore, crash severity analysis represents a cornerstone of road safety
research, providing valuable insights that drive the design and implementation of life-

saving interventions.
1.2 Research objectives

In view of the aforementioned background, this thesis endeavours to analyse post-
crash severities in the context of both HDVs and AVs across diverse contexts. These
meticulous analyses will provide retrospective insights into factors leading to traffic
incidents and associated injuries/damages, thus offering a robust foundation for
developing more targeted and effective traffic safety strategies. To this end, the post-

crash severity analyses are first conducted for conventional vehicles. Specifically,

(1) To investigate the variations in vehicle impact locations and temporal shifts of
the factors that influence driver injury severities in the context of adverse road

conditions:



Identify observable factors affecting the driver injury severity for each
disaggregated vehicle impact location (center/left/right) while effectively
handling unobserved heterogeneity by employing the random parameters
logit modelling framework.

Quantify and characterize the net effect of aggregate year-to-year and
location-to-location shifts through probability differences between out-of-
sample predictions and within-sample observations.

Investigate the temporal instability and impact location non-transferability of
individual determinants on adverse-road-related driver injury severities

across center, left-side, and right-side crashes.

(2) To investigate crash injury severities and assess COVID-19 pandemic-induced

shifts in crash patterns for conventional vehicles at undivided two-way highway-

railway grade crossings (HRGCs):

Apply the machine learning model to compare prediction accuracy and extract
critical features between different injury severity categories.
Compare factors influencing injury severities pre- and during the pandemic.

Account for potential unobserved heterogeneity.

Subsequently, the post-crash damage severity analyses are conducted in the

context of AVs.

(1) To understand the heterogeneity in AV crash patterns:

Develop a highly automatic and fast variable extraction framework to
facilitate the conversion of PDF format AV crash records from the California
Department of Motor Vehicles (CA DMV) into comma-separated formats,
thereby enabling their compatibility with statistical software and scripting
languages for subsequent in-depth analysis.

Capture heterogeneous clusters inherent in AV crash data.



Identify key factors influencing the damage severity in the pooled crashes and

each identified cluster.

(2) To disentangle the direct and mediation effects of key factors on AV crash

damage severities with supplementary points of interest (POI) information:

Incorporate POI characteristics into AV crash analysis.

Understand how related potential determinants influence different AV crash
damage severities directly.

Quantify the potential mediation effects of explanatory variables on AV crash

damage severities indirectly through mediator variables.

(3) To offer a dedicated and comprehensive investigation of the most prevalent

type of crashes involving AVs—rear-end crashes,

Conduct a comparative analysis between AV and HDV rear-end crashes and
highlight the uniqueness of AV systems.

Uncover the combinations of contributing factors that frequently co-occur in
AV and HDV rear-end crashes. Short-term association rules, including 2-item
and 3-item rules, are identified across all rear-end crashes. Furthermore,
association rules for different damage severities are also investigated.
Explore the influence of built environment factors on the occurrence of AV

rear-end crashes.

This thesis makes several key contributions. Methodologically, it demonstrates the

critical value of employing heterogeneity models and data-driven techniques to move

beyond associative insights toward causal understanding in safety science. Empirically,

it provides comprehensive, methodologically rigorous comparisons of AV and HDV

crash patterns, identifying AV-specific risk patterns tied to the operational design

domain and interaction with the built environment. Practically, the findings offer

actionable intelligence for policymakers and engineers, advocating for context-specific

countermeasures for HDVs and highlighting the need for AV-focused infrastructure
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adaptation and sensor fusion strategies to mitigate identified environmental and
interaction-based risks. Collectively, this thesis advances the theoretical and practical

framework for analysing crash severity in a transitioning mobility landscape.
1.3 Thesis organization

Chapter 1 provides an overview of this research by presenting the background and
indicating the significance of post-crash severity analysis for HDVs and AVs.

Additionally, the research objectives are stated.

Chapter 2 reviews the literature on various aspects of HDV and AV safety research,
including factors influencing HDV safety, factors influencing AV safety, and analytic
methods for post-crash injury/damage severity modelling. Besides, the research gaps

are put forward.

Chapter 3 investigates the heterogeneous impacts, temporal instability, and non-
transferability of various determinants on driver injury severities across different
vehicle impact locations under adverse road surface conditions for HDVs. The impacts
of year-to-year and location-to-location shifts are also examined by comparing the
probability differences between out-of-sample predictions and within-sample

observations.

Chapter 4 explores the safety interaction between conventional vehicles and
railways and models crash injury severities at undivided two-way HRGCs. The
eXtreme Gradient Boosting (XGBoost) model and interpretable SHapley Additive
exPlanations (SHAP) are applied to compare the prediction accuracy and extract
important features that were crucial for determining various injury severity outcomes.
This chapter further examines how the COVID-19 pandemic altered crash patterns for
conventional vehicles at HRGCs by conducting a comparative analysis of injury
severity determinants before and during the pandemic. The potential unobserved

heterogeneity is also considered under the framework of random parameter logit model.

Chapter 5 seeks to understand the heterogeneity in crash patterns of AVs. A



systematic framework for AV crash data extraction is developed to streamline the
transformation of PDF crash records into comma-separated value formats. Moreover, a
robust framework for capturing distinct clusters and identifying the significant factors

that impact the AV damage severity is proposed.

Chapter 6 provides a holistic assessment of associated risk factors by incorporating
additional POI characteristics into AV crash damage modelling. The structural equation
modelling (SEM) framework is employed to disentangle the direct and mediation

effects of key factors on AV crash damage severities.

Chapter 7 contributes to the existing body of research on AV safety by offering a
dedicated and comprehensive investigation of rear-end crashes. The association rule
mining is employed to uncover the combinations of contributing factors that frequently
co-occur in AV and HDV rear-end crashes. This study incorporates built environment
factors into the analysis of rear-end crashes involving AVs. The comparative analysis
between AV and HDV rear-end crashes is conducted to highlight the unique crash

patterns associated with autonomous driving systems.

Chapter 8 concludes this thesis with a summary of the findings, limitations, and

future research directions.



Chapter 2 Literature review

This chapter systematically reviews the literature that covers following key aspects:
(1) Crash injury severity analysis for HDVs under adverse road surface conditions, at
highway-rail grade crossing crashes, and in the context of the COVID-19 pandemic; (ii)
Crash damage severity analysis for AVs, including crash determinant and crash pattern
identification of AVs, crash damage analysis with supplementary built environment
factors, and damage severity analysis in AV rear-end crashes; (iii) Analytic methods for
post-crash severity modelling. Besides, the research gaps of this thesis are also pointed

out.

2.1 Crash injury severity analysis for HDV's

2.1.1 HDV injury severity analysis under adverse road surface conditions

Numerous empirical studies have been conducted to disentangle the impact of
adverse road surface conditions on the crash injury severity (Behnood and Mannering,
2019; Fountas et al., 2020; Hou and Chen, 2020; Islam and Mannering, 2020, 2021;
Morgan and Mannering, 2011; Pang et al., 2022; Wang et al., 2018; Yan et al., 2021Db).
For instance, Islam and Mannering (2020) examined the variation of determinants in
crash injury severities involving aggressive and non-aggressive driving behaviours. The
analysis revealed that the wet surface indicator exhibited statistical significance with a
higher likelihood of minor and severe injuries in non-aggressive driving crashes. Yan
et al. (2021b) explored the spatiotemporal instability of driver injury severities in
adverse weather conditions and discovered that the wet road surface indicator had
positive marginal effects on severe injuries in the 2014 Ohio model due to the slippery
pavement surface, while it was negatively associated with severe injuries in the 2013
Ohio model owing to the risk-compensating mechanism. Abohassan et al. (2021)
employed the structural equation modeling method and path analysis to investigate the
direct and indirect effects of weather variables and maintenance operations on

pavement friction and collision occurrence during snowstorms. Their findings showed
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that icy road surfaces and wet slippery conditions had a detrimental impact on pavement

friction and contributed to an increased risk of collisions.

Nevertheless, only a limited number of studies have endeavored to disaggregate
the adverse-road-related crashes at a specific individual level and explored the
underlying mechanisms of how contributors determine the adverse-road-related driver
injury severities. In the study conducted by Morgan and Mannering (2011), the mixed
logit model was utilized to examine impacts of age and gender on the injury severity of
single-vehicle crashes under different roadway surface conditions (dry, wet, and
snow/ice-covered). The results indicated that female drivers and older male drivers
exhibited an increased likelihood of severe injuries when crashes transpired on wet,
snowy, or icy surfaces. Conversely, male drivers under 45 years old experienced a
decreased probability of severe injuries under such conditions. Li et al. (2013) analysed
the correlation between several key pavement condition scores and injury severities
based on crash records in Texas. The results indicated that there was a proportional
association between poor pavement condition scores and more severe crashes, yet very
poor pavement conditions were associated with less severe crashes. Chen et al. (2017)
explored the unobserved heterogeneity and safety effects of pavement conditions on
rural-road-related injury severities using the multivariate random parameters negative
binomial specification. The results unveiled that the poor surface condition variable was

identified as a significant random parameter with normal distribution in the crash model.

It is crucial to investigate the variations in vehicle impact locations and temporal
shifts of the factors that influence driver injury severities in the context of adverse road
conditions while accounting for the unobserved heterogeneity. In addition to
conventional likelihood ratio tests, recent studies have utilized the out-of-sample
prediction to compare the group-to-group or year-to-year predictive differences (Hou
et al., 2022; Xu et al., 2021). This approach aids in identifying shifts more accurately
between different groups or periods and understanding the potential reasons underlying

those shifts. For instance, Alnawmasi and Mannering (2022a) used out-of-sample
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simulations to examine the effects of increasing speed limits on the frequency and
severity of crashes on freeways in Kansas. Results indicated that the aggregate impact
of the changing influences of explanatory variables on average injury severities was
relatively small. While the increased likelihood of rollover crashes in single-vehicle
crashes implied that the higher speeds following the increase in the speed limit might
have influenced the single-vehicle injury severity. In a recent study conducted by
Alnawmasi and Mannering (2022b), out-of-sample simulations were employed to
investigate temporal shifts in the injury severity related to distracted driving. The
findings suggested that distracted driving crashes have become less severe over time
according to both the latent-class multinomial logit model and a random parameters
logit model with heterogeneity in the means and variances, while the latter model
yielded significantly different injury-severity predictions. Yan et al. (2023) examined
the temporal shifts and age-related variations in contributing factors that determined
various injury severity levels in nighttime crashes and analysed the disparities between
out-of-sample and within-sample predictions. The findings revealed the instability in
prediction directions among various age groups over time and highlighted the crucial
need to account for temporal instability and age-related differences when predicting

accident occurrences.

2.1.2 HDV injury severity analysis at highway-rail grade crossing crashes

Regarding the safety of HRGCs, extensive studies have been conducted on crash
frequency analysis, injury severity modeling, crash risk prediction, and risk mitigation
measures evaluation (Gao et al., 2021; Kutela et al., 2022; Liu et al., 2022; Yan et al.,
2023). A range of analytical techniques using statistical and data-driven approaches
have been utilized to identify factors contributing to crashes and make predictions based
on aggregated crash records or their subsets. For example, Hao et al. (2015) utilized an
ordered probit model to explore the effect of age and gender on motor vehicle driver
injury severity at HRGCs, and the analysis found that there were noteworthy variations

in behavioural and physical characteristics between male and female drivers who were
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involved in accidents. In a comparative study conducted by Ghomi et al. (2016), the
severity of vulnerable road users involved in HRGC crashes was assessed using three
different methods, namely, an ordered probit model, association rules, and tree-based
methods. The study results revealed that train speed, older road users, nighttime
conditions, and female drivers were more likely to be associated with severe crashes.
Mathew and Benekohal (2021) adopted the Zero Inflated Negative Binomial model and
Empirical Bayes method for each type of warning device to predict HRGC crashes. The
predicted values demonstrated better agreement with the field data in comparison to the
newly released Federal Railroad Administration model. Based on the 19-year HRGC
crash data in North Dakota, Gao et al. (2021) used the resampling approach to address
the imbalanced data issue and employed several data-driven approaches to predict
HRGC accidents. This study suggested that resample led to a considerable
improvement in recall rate and the proposed deep learning approach exhibits superior
predictive performance compared to other machine learning methods. Keramati et al.
(2020) investigated the public HRGC crash severity in North Dakota from 1990 to 2018
by applying the random survival forest model. Their results indicated that installing
audible devices to crossing with gates and standard flashing lights could result in a
significant reduction of crash likelihood, PDO, injury, and fatal crashes by 49%, 52%,

46%, and 50%, respectively.

Only a few studies have sought to address the methodological challenges arising
from the unobserved heterogeneity in the domain of HRGC crash-related analysis. For
example, Kutela et al. (2022) utilized the HRGC crash data spanning from 1999 to 2018
to assess pre-crash driver behaviours using a mixed multinomial logit model. The study
demonstrated a notable intra-class correlation coefficient, underscoring the need to
integrate random-effect parameters into the model. Furthermore, the study unveiled that
male drivers exhibit a tendency to ignore crossing gates, while older drivers tend to halt
briefly and proceed before the train has entirely cleared the crossing. Ahmed et al. (2023)

utilized the random parameters multinomial logit models with heterogeneity in the
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means and variances to account for the unobserved heterogeneity and spatial instability
in the analysis of crash injury severity at HRGC using the crash data from Texas and
California. The results indicated vehicle, train, driver, weather, and crossing
characteristics that could significantly affect injury severity outcomes in state-specific

models.

Compared to statistical models, machine learning methods have the advantage of
being capable of processing big data and capturing intricate relationships between input
variables and outcome predictions (Goswamy et al., 2023; Mannering et al., 2020a).
Although machine learning models have been extensively studied for real-time safety
and mobility prediction (Arvin et al., 2021; Khan and Ahmed, 2020; Sun et al., 2020),
the application of these models to analyse injury severity at non-divided two-way traffic
highway crossings has not been explored to the best of the authors’ knowledge.
Additionally, it is worth noting some previous studies that have utilized the eXtreme
Gradient Boosting (XGBoost) model to evaluate crash severity, although these studies
may not specifically focus on non-divided two-way highway and railway crashes.
Given that the XGBoost model could provide effective insights in crash severity
analysis, the study focuses on the application of this algorithm to investigate the
influence of various determinants on injury severity outcomes at non-divided two-way

traffic highway crossings.

Despite these remarkable achievements, it should be noted that data-driven
approaches may lack the interpretability needed for direct application in safety
enhancement strategies (i.e., deeply comprehend the causal impact of certain
characteristics on HRGC accident likelihoods and the corresponding probability of
injury outcome). The interpretability of predictive models is critical, especially in
domains where decision-making can have life-altering consequences. The advancement
of machine learning methodologies has made it possible for SHAP values to provide a
consistent and cohesive method of interpreting models (Lundberg and Lee, 2017). By

attributing prediction output to individual features, SHAP values provide transparency
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to otherwise ‘black-box’ models in the analysis of HRGC crashes. While SHAP’s use
in various predictive modeling scenarios has been documented, its application in
conjunction with the XGBoost model for undivided two-way traffic HRGC safety

analysis remains minimal.

2.1.3 HDV injury severity analysis in the context of COVID-19 pandemic

The COVID-19 pandemic could have significant impacts on the travel behaviour
and traffic safety characteristics, leading to changes in the frequency, severity, and
nature of HRGC crashes (Chand et al., 2021; Gupta et al., 2023; Islam et al., 2023; Li
and Zhao, 2022; Mokhtarimousavi et al., 2022; Monfort et al., 2021; Pawar et al., 2021;
Rostami et al., 2023; Taheri et al., 2023; Zhang et al., 2021). This has been evidenced
by a notable increase of 6.8% in the number of HRGC crashes from 33,487 in 2019 to
35,766 in 2020 (Federal Railroad Administration, 2022). Similar trends can also be
observed in other countries, such as Canada, where there was a 10% increase in road
fatalities from January to September 2020 compared to the same period in 2019, despite
a decrease in traffic volume due to lockdown measures (Canadian Council of Motor

Transport Administrators, 2021).

The outbreak of COVID-19 has the potential to affect HRGC crashes in several
ways. Firstly, the lockdowns, stay-at-home orders, and remote work policies
implemented to reduce the spread of COVID-19 have led to a significant reduction in
traffic volumes on highways (Muley et al., 2021; Wu et al., 2021). Meanwhile, there
was a large decline of 11% in Vehicle Miles Traveled from 2019 to 2020 as the nation
shut down and vehicular travel declined during 2020 in response to the pandemic
(Federal Railroad Administration, 2022). However, the number of traffic-related deaths
in 2020 reached a peak (38,824) since 2007 (41,259), representing a remarkable rise
after three consecutive years of reductions from 37,806 in 2016. Secondly, the outbreak
of COVID-19 has had a profound impact on the travel behaviour, with many individuals

opting for alternative modes of transportation, such as private cars and bicycles, to



avoid public transit and reduce their exposure to the virus (Awad-Nufiez et al., 2021;
Shelat et al., 2022). This shift in the travel behaviour may have impacts on the injury
severity of HRGC crashes. Private cars and bicycles are vulnerable to collisions with
trains, as they may not be as visible to train operators and may have difficulty crossing
tracks quickly. Previous studies also revealed that the COVID-19 pandemic would
cause an increased possibility of distracted driving, risky driving, and impaired driving,
as well as an increase in stress and anxiety (Adanu et al., 2022; Yasin et al., 2021).
Finally, the pandemic can also lead to sample selectivity issues as stated in many studies
(Islam et al., 2023; Said et al., 2023), as those who choose to travel by private cars or
bicycles may have different characteristics than those who use public transits, which
may impact their risks of injury in HRGC crashes. This highlights the potential effects
of changes in travel patterns, as well as the necessity to identify the underlying factors

that contribute to HRGC crashes during the pandemic.

2.2 Crash damage severity analysis for AVs

2.2.1 Crash determinant and crash pattern identification of AVs

The investigation of AV crashes has emerged as a critical area of transportation
safety research, particularly as AV technologies transit from controlled testing to real-
world deployment. Previous foundational studies primarily focused on technological
reliability, examining sensor failures (Zhao et al., 2024), perception system limitations
(Jiang et al., 2022), and decision-making algorithms (Tang et al., 2022). These works
established important baselines for understanding AV-specific crash patterns that
fundamentally differ from human-error-driven conventional crashes (World Health
Organization, 2022). The evolving AV crash landscape reveals more complex
interactions. For example, CA DMV collision reports demonstrates that over 60% of
AV-involved incidents occurring during interactions with human road users or in
complex building environment (California Department of Motor Vehicles, 2024). These

complexities have prompted researchers to examine comprehensive risk factors beyond



vehicle technology alone.

A variety of data-driven and statistical techniques have been applied to unravel
crash patterns and identify determinants contributing to AV crash damage severities
(Mannering et al., 2020; Washington et al., 2020). Specifically, data mining techniques,
such as cluster analysis, regression algorithms, and association rule mining, have been
utilized to explore AV crash data and conduct safety analysis. For example, 245 AV
collision records were collected and a specialized cost-sensitive classification and
regression tree model was constructed by Zhu and Meng (2022) to investigate
contributing factors to the AV crash severity and address the class imbalance issue. In
the study by Moradloo et al. (2024), the hierarchical clustering method was applied to
analyse 189 observations of crashes involving vehicles equipped with automated
driving systems, and 15 edge cases were identified as instances involving rare or
complex scenarios. Ashraf et al. (2021) utilized the decision tree and association rule
approaches to identify the patterns preceding 198 AV-related collisions. The findings
highlighted that the predominant incidents were rear-end collisions, occurring mainly
at intersections while the AVs were halted and set to autonomous mode. Zhou et al.
(2023) proposed a deep embedded clustering framework to identify prevalent high-risk
collision scenarios involving AVs and powered-two-wheelers (PTWs), utilizing
dynamic pre-crash attributes from real-world crash data. Stacked autoencoders were
first utilized to extract embedded features from high-dimensional data. These features
were then clustered and analysed using k-means clustering, thus successfully
categorizing 180 car-to-PTWs crashes into six typical collision scenarios. Liu et al.
(2024) employed the association rule mining technique to identify contributory risk
factors and their mutual dependencies, which frequently co-occur in crashes involving
AVs. The derived association rules indicate that these accidents were typically caused
by intricate interactions among road conditions, vehicle attributes, and environmental
circumstances. These data-driven methods have been shown to allow for a

comprehensive evaluation of the collected data to identify AV crash patterns. However,
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unraveling the impact of specific attributes on the likelihood of accidents and deriving
substantive inferences have traditionally been weaknesses of these methods
(Mannering et al., 2020). Furthermore, these data-driven methods tend to require a large

amount of data to identify reliable patterns and correlations (Mannering et al., 2020).

As for the statistical models, their advantages of uncovering causality are preferred
among safety analysts, especially in the context of AV crash dataset with low
observations. In this regard, Xu et al. (2019) collected 72 AV-involved crashes from the
CA DMV and then developed a bootstrap based binary logistic regression model to
examine the determinants influencing the type and severity of crashes involving AVs.
The findings indicated that the severity of crashes involving AVs is primarily influenced
by factors including the AV driving mode, rear-end collision, collision location,
roadside parking, and one-way road. To understand the factors that contribute to AV
crashes, Boggs et al. (2020) constructed a database using 124 manufacturer-reported
collision reports and applied hierarchical Bayesian logit models for estimation. The
analysis showed a significantly increased risk of rear-end collisions involving AVs
when the automated driving system was activated or when the driver disengaged the
automated system before the crash. Based on the Bayesian Network coupled with
Markov Chain Monte Carlo methods, Novat et al. (2023) utilized a mixed dataset
consisting of 127 crashes involving AVs and 865 incidents involving conventional
vehicles to conduct a comparative analysis that aimed at identifying the factors that
contribute to the various types of collisions between these vehicles. The findings
indicated that AVs are 43% more prone to rear-end collisions and 16% and 27% less
susceptible to sideswipe/broadside and head-on/object-hitting incidents, compared to
conventional vehicles. These statistical models are capable to handle different crash
outcome categories efficiently and yield interpretable estimation results with a small
sample size (Washington et al., 2020), thus allowing for a comprehensive understanding
of how specific characteristics impact the likelihood of different damage severities in

AV accidents.



Nevertheless, a notable deficiency in existing research is that they predominantly
focused on holistic dataset analysis, overlooking the heterogeneity embedded within
the AV crash data (Mannering et al., 2016b). The heterogeneity in AV crash patterns is
a critical research area that requires special attention, given the multifaceted nature of
AV operations and the diverse range of scenarios in which these vehicles may encounter
challenges. Conducting AV accident analysis on a heterogeneous dataset can obscure
significant relations (Mannering et al., 2016b; Ren and Xu, 2023b). It can mask
underlying patterns and significant relationships that are crucial for understanding the
dynamics of AV accidents, thus resulting in biased parameter estimates and erroneous
inferences (Mannering et al., 2016b). Some previous research efforts have been
invested in a particular attribute of conventional vehicle accidents to mitigate
heterogeneity within the data, such as distinct categories of crashes, certain age
demographics, different periods, specific crash locations, and lighting conditions
(Fountas et al., 2020; Ren et al., 2024a). Nonetheless, it is important to recognize that
those pre-specified segmentations may not ensure homogeneity within each subgroup

and heterogeneity across different subgroups (Kim and Mokhtarian, 2023).

2.2.2 AV crash damage mediation analysis with built environment factors

Mediation analysis offers a rigorous framework to quantify indirect causal
pathways (Wang et al., 2020), elucidating latent mechanisms through which mediation
variables influence AV crash outcomes. In this regard, the structural equation modelling
(SEM) approach is gaining traction for modelling traditional human-driven vehicle
crash severity due to its ability to address complex interactions among multiple
dependent and independent variables, including indirect or latent relationships (Najaf
et al., 2017). For example, Xu et al. (2018a) utilized the SEM to convert traffic-related
variables into independent latent factors, establishing interrelationships between key
determinants and crash risks. Their findings highlighted that the path in SEM can
effectively capture both direct and indirect effects of traffic variables on traffic crash

risks. Dong et al. (2022) utilized the multigroup SEM to identify latent driving
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behaviour indicators and investigate their relationships with crash damage severities
and other independent variables during the COVID-19 pandemic. The employed SEM
approach also demonstrated superior model fit compared to traditional probit models.
Failure to account for the aforementioned indirect relationships may result in Type I
errors (false positives) in identifying risk factors or, more critically, Type II errors (false
negatives) that overlook genuine safety threats for AV crashes (Washington et al., 2020).
Therefore, the adoption of SEM in AV crash outcome analysis would hold substantial
promise and can offer a robust framework to unravel the complex interdependencies

that shape AV safety outcomes.

A growing body of literature underscores the influence of the built environment on
traffic safety (Amini et al.,, 2022), yet its impact on AV operations remains
underexplored. Points of interest (POI) attributes—such as intersections, pedestrian
zones, and nearby public fatalities—could introduce heterogeneous traffic conditions
that challenge AV perception systems (Kuo et al., 2024). Prior studies have established
correlations between POI characteristics and conventional human-driven vehicle
crashes (Merlin et al., 2020; Soto et al., 2022), but whether these relationships persist
in AV-involved collisions is still unclear. It can be speculated that building environment
elements would influence AV performance in ways that diverge from human-driven
vehicles. Bridging this knowledge gap through a holistic analysis of AV crash
determinants is essential for developing context-aware safety frameworks tailored to

AV operations and safety.

In the context of traditional human-driven vehicle crashes, research indicated that
factors such as intersections, road surface conditions, and road types can significantly
influence drivers’ decision-making and safety attitudes (Peng et al., 2023). Besides, the
number and layout of lanes affect drivers’ reaction times and behavioural choices (Chen
et al., 2022). The presence or absence of traffic signals also has significant impacts on
crash damage severities (Peng et al., 2023). Additionally, many studies intricated that

land-use configurations and traffic settings not only perplex human drivers but also
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interfere with the decision-making processes of autonomous driving systems (Kuo et
al., 2024), thus depicting the AVs’ reaction to the surrounding environment. At the same
time, well-designed crosswalk facilities can enhance pedestrians’ sense of safety when
crossing the street and reduce the occurrence of traffic accidents (Ihssian and Ismail,
2023). When it comes to AVs, the presence of various POIs such as commercial zones,
educational institutions, recreational areas, and transit hubs presents unique challenges
for AV perception and response mechanisms. Land-use patterns and urban design can
also shape AV navigation, influencing crash rates and risk exposure. Recent analyses of
AV collision reports also indicate that a substantial proportion of incidents could occur
in complex urban environments, underscoring the necessity of a dedicated study to
explore the interplay between AVs and their operational environments (Ren and Xu,

2025).

2.2.3 Analysis of variable co-occurrence patterns in AV rear-end crashes

Rear-end crashes have been identified as one of the most pressing safety concerns
associated with AVs, accounting for nearly half of AV-related traffic crashes and often
leading to severe damage outcomes (Xu et al., 2019). Researchers such as Liu et al.
(2024a) and Ashraf et al. (2021) both found that AV rear-end crashes tend to be more
severe compared to other crash types. Furthermore, studies using naturalistic driving
data (Ren and Xu, 2025) and AV simulation frameworks (Wu et al., 2024) have also

emphasized the significant proportion of rear-end crashes.

Despite the growing interest in AV safety, empirical research on rear-end crash
mechanisms remains limited due to the novelty of AV technologies and data scarcity
(Liu and Feng, 2024). Existing research has primarily relied on simulation data (Feng
et al., 2023), small-scale real-world crash records (Liu et al., 2024a; Ren and Xu, 2025;
C. Zhu et al., 2023), reconstructed scenarios (Zhou et al., 2023), field testing (Lee and
Hess, 2020), and traffic flow analysis (Pan et al., 2024) to understand the safety

performance of AVs. For example, an intelligent simulated testing environment using
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dense deep reinforcement learning was developed by Feng et al. to significantly
accelerate the AV safety validation process, thus enabling efficient evaluation and
training of autonomous systems through Al-based agents that simulate real-world
safety-critical scenarios (Feng et al., 2023). Using 245 AV collision records, Zhu and
Meng employed a cost-sensitive classification and regression tree model to explore the
factors influencing crash damage severities and solve the associated class imbalance
(Zhu et al., 2023). In the study conducted by Zhou et al. (2023), a clustering framework
based on deep embedding was used to identify six high-risk crash scenarios involving
AVs and powered two-wheelers. Few studies have specifically investigated the
mechanisms and risk factors underlying AV rear-end crashes, highlighting the urgent

necessity for targeted empirical research to mitigate potential risks and prevent crashes.

While many studies examined the correlation between specific variables and AV
crashes, there is a notable lack of research specifically focusing on the interrelationships
among multiple factors in the context of AV rear-end crashes. Addressing this gap is
crucial, as AV rear-end crash scenarios often involve complex and multifaceted
interactions between risk factors. In this regard, the association rule mining technique,
a complementary data mining method, has gained increasing attention in traffic safety
research for its ability to reveal complex interdependencies among crash-related
variables. Unlike conventional regression-based models (Chen et al., 2022, 2025; Xu
et al., 2018; Zhang and Lin, 2025), association rule mining is an unsupervised learning
technique that can discover frequent variable co-occurrence patterns within crash
datasets. This makes it particularly well-suited for identifying multifactorial crash
scenarios that may be overlooked by traditional statistical methods. For example, Mimi
et al. (2025) conducted a six-year analysis (2017-2022) of Texas crash records using
association rule mining to uncover significant patterns influencing crash severity
among elderly pedestrians aged 65—74 and over 74, particularly under different lighting
environments. Lan et al. (2023) integrated association rule mining with complex

networks to explore the correlation among risk factors and predict the severity of ship

21



crashes. This study not only identified critical risk interactions but also demonstrated
the value of combining association rule mining with network modeling for safety
assessments. Under the framework of association rule mining technique, Cakir et al.
(2021) applied Apriori, Predictive Apriori, and FP-Growth algorithms to analyze
tugboat crash data, revealing frequent co-occurrence patterns such as the link between
aging vessels and hull damage. Besides, Lan et al. (2022) investigated total loss
maritime crashes using the association rule mining, identifying crash types such as
machinery damage and foundering as critical patterns contributing to significant loss
outcomes. These studies demonstrate that association rule mining can not only
complement traditional modeling by uncovering multiple variable associations but also
can enhance policy relevance through its interpretability and actionable rule-based
outputs, thus providing a powerful tool for holistic safety assessments for AV rear-end

crashes.

2.3 Analytic methods for post-crash injury severity modelling

In recent years, many studies have used historical accident data to formulate safety
countermeasures and reduce the crash injury severities. Early accident analysis models
mostly focused on accident frequency models, such as accident frequency prediction,
accident black spot identification, etc. (El-Basyouny and Sayed, 2009; Ghadi and To6rok,
2019). Accident frequency prediction mainly considered the non-negativity and integer
of accident frequency by counting models, and the identification of accident black spots
was realized by calculating the relatively frequent points of road network accidents in
a certain statistical period. However, neither accident frequency prediction nor black
spot identification can reflect the logical process of accident occurrence, and the
severity of accident is not divided. Therefore, the medium-term accident analysis model
begins to use multivariate discrete selection model to explore the cause and severity of
accident. The commonly used models include multivariate logit/probit models, ordered
logit/probit models, negative binomial models, etc. (Lapparent, 2008; Khattak and
Rocha, 2003; Wang and Abdel-Aty, 2008). These models are usually incompatible with
multi-source and heterogeneous traffic accident data, thus resulting in large estimation

biases.

22



In order to solve the aforementioned problems, models integrating heterogeneity
and endogeneity were proposed, such as random parameter logit models and latent
classification logit models (Cerwick et al., 2014; Kim et al., 2013; Li et al., 2019;
Morgan and Mannering, 2011; Wu et al., 2014; Yu et al., 2019), but mathematical
statistical models are usually difficult to deal with massive data. Therefore, many
studies began to use data-driven methods for accident prediction (Elamrani et al., 2020b;
Sameen and Pradhan, 2017; Yu et al., 2021; Yu et al., 2020; Zheng et al., 2019). To sum
up, accident analysis methods can be basically summarized into four categories:
traditional mathematical statistical model, endogenous/heterogencous model, data-
driven method and causal inference model.

(1) Traditional mathematical statistical models: Statistical methods and limited
accident data are usually used to predict the impact of various traffic safety
improvement measures on accident risk and crash injuries (Mannering et al., 2016).
However, traditional mathematical statistical models usually have certain deviations in
model estimation due to the failure to solve the problems of missing data, temporal
instability of parameters, and accident heterogeneity. In order to solve the above
problems, researchers began to use endogeneity model and heterogeneity model to
replace the traditional mathematical statistics model (Azimi et al., 2020; Dabbour et al.,
2017; Yu et al., 2020b).

(2) Endogenous/heterogeneity models: The endogenous model explains the
endogeneity between accident-related variables, that is, considering the potential
correlation between model dependent variables. The heterogeneity model mainly
excavates the non-observed variables that affect the injury severity of accident
casualties. Generally speaking, the model integrating endogeneity and heterogeneity
has higher requirements for data. The richer the accident variables, the higher the
interpretability of the model. However, it often brings more computational constraints
when the complexity of the model increases, which results in the decline of the
generalization ability of the model. To estimate highly complex endogenous and
heterogeneous models, simulation method and approximate estimation method are
usually used for numerical integration. Although researchers have made some progress
in such methods in recent years, there are still many challenges in model estimation

when facing a huge data system (Mannering, 2018a).
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(3) Data-driven methods: These methods refer to machine learning, deep
learning, reinforcement learning, etc., which can process massive data and have high
prediction accuracy. However, most data-driven models are non-parametric models,
also known as “smart black boxes”, which usually cannot explain the mechanism of
accidents and injury severities. The accident causal relationship mined by existing data-
driven models is not generalizable and universal. Typical non-parametric models can
usually be divided into regularization algorithms, decision tree algorithms, Bayesian
networks, clustering algorithms, association rule algorithms, artificial neural network,
dimensionality reduction algorithms, ensemble algorithms and reinforcement learners,
etc. (Mannering et al., 2020c; Tang et al., 2020).

(4) Causal inference models: The model reveals that historical accidents and
injury severities may have a certain tendency and representativeness, resulting in the
deviation of results. In addition, the prediction performance of causal inference model
is poor and has the characteristics of time series, which is easy to produce large analysis
biases (Tang et al., 2020). It is rarely used in traffic accident analysis, but it has a certain
application foundation in other fields.

Generally, we need to consider not only how to achieve the balance between model
predictability and model explanatory power, but also the applicability of data when
selecting models. For example, the prediction performance and explanatory power of
endogenous and heterogeneous models are higher than those of traditional
mathematical statistical models, but they have high requirements for input data, and
there are some difficulties in practical application. On the contrary, the traditional
mathematical statistical model has lower requirements for input data and it is easier to
apply, but there are also shackles such as low prediction accuracy of the model.

These four analytical approaches—traditional, endogeneity/heterogeneity, data-
driven, and causal models—differ significantly in their data dependencies. The
intended purpose of the modelling exercise further informs the method selection. While
endogeneity and heterogeneity models generally offer superior predictive and causal
insights compared to traditional models, their application demands highly granular data
and involves greater complexity. Traditional safety models, in contrast, are less data-
intensive and simpler to implement, but this practicality compromises their predictive

accuracy and causal explanatory power, often introducing inferential bias.
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When dealing with extremely large datasets, such as those from naturalistic
driving studies, the estimation of traditional, advanced endogeneity/heterogeneity, and
causal models becomes computationally challenging. In such “big data” contexts, data-
driven methods frequently emerge as the most feasible option. Although applicable
across various data scales, data-driven approaches are less favoured with smaller
datasets where other methods excel at uncovering causal relationships. A key limitation
of purely data-driven methods is their potential detachment from domain-specific
knowledge, leading to inferences based predominantly on statistical patterns. The rise
of artificial intelligence offers a pathway to integrate automated forms of domain
expertise, refining models built on statistical reasoning. Ultimately, however, human
judgment and domain expertise remain indispensable, particularly for establishing
causal inference frameworks where variable relationships are theorized from prior
knowledge.

Consider modelling factors influencing traffic fatalities, where the rare event
problem is pronounced—fatalities constitute only about 0.6% of reported accidents.
Deriving meaningful policy insights requires massive datasets to adequately represent
non-traditional variables (e.g., those related to impaired driving or proximity to alcohol
venues). A purely data-driven model might overlook crucial variables if not originally
encoded in the data. Domain expertise guides the inclusion of such access-related
measures, informed by the established causal link between alcohol impairment and
fatality risk. Similarly, literature suggests correlations between economic cycles and
fatality rates—a contextual insight absent in purely statistical models. This illustrates a
potential “model-data disconnect” in big data analytics, where relevant variables may
be omitted, creating a form of hidden missing data. While Al may mitigate some of this
gap, human expertise is still required to frame the problem correctly.

This leads to a critical consideration: if big data modelling aims to generate novel
insight, its value hinges on the quality of inference it enables. Thus, it transcends merely
handling vast datasets or identifying correlations; the paramount challenge is achieving
“big inference”—high-quality, actionable understanding. The drunk-driving example
demonstrates a case where big inference is limited without accounting for unobserved
heterogeneity. Another limitation arises from conflating correlation with causation,
potentially prompting misguided policies. These are instances of constrained big

inference in the absence of domain-informed model structuring. Conversely, big data
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can itself be a source of valuable heterogeneity through previously unmeasured, fine-
grained variables. In naturalistic driving studies, for instance, it enables the use of non-

traditional metrics like precise lane positioning or vehicle dynamics for risk modelling.
2.4 Research gaps

Based on the literature review of HDV crash severity analysis, AV crash severity
analysis, and methods for crash severity analysis, several research gaps have been

identified:

(1) While extensive studies have been undertaken to understand the influence of
adverse road conditions on HDV driver injury severities, it cannot be ignored that they
may not sufficiently accommodate the potential temporal instability and unobserved
heterogeneity arising from various factors in adverse-road-related crashes, especially
concerning individual vehicle impact location. Besides, combining near-side and far-
side collisions together may overlook the inhomogeneous injury outcomes and cause
misinterpretations. However, to date, few studies have attempted to uncover the internal
mechanism between deteriorating road surfaces and vehicle impact locations on the
driver injury severity in single-vehicle crashes at a disaggregate level. Furthermore, the
current knowledge regarding whether the determinants influencing adverse-road-
related crash injury severities vary across different impact locations and the underlying
mechanism behind such divergence is rather limited.

(2) Despite being critical for the smooth operation and safety of multimodal
transportation systems, non-divided two-way HRGCs are rarely specifically explored
in previous studies. Additionally, previous studies on the injury severity analysis of
HRGC crashes did not fully take into account the unobserved heterogeneity and
potential variable interactive effects. The outbreak of COVID-19 pandemic has also led
to significant changes in the traffic volume, driver behaviour, and sample selectivity,
which could alter the transportation pattern and influence the injury severity of HRGC
crashes. Despite the disproportionately high percentage of injuries and fatalities, very
limited research has been conducted to investigate the injury severity in HRGC crashes
during the COVID-19 pandemic.

(3) A notable deficiency in existing research is that they predominantly focused

on holistic dataset analysis, overlooking the heterogeneity embedded within the AV
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crash data. The heterogeneity in AV crash patterns is a critical research area that
requires special attention, given the multifaceted nature of AV operations and the
diverse range of scenarios in which these vehicles may encounter challenges.
Conducting AV accident analysis on a heterogeneous dataset can obscure mask
underlying patterns and significant relationships that are crucial for understanding the
dynamics of AV accidents, thus resulting in biased parameter estimates and erroneous
inferences.

(4) The nascent stage of AV technology development and limited availability of
comprehensive AV crash records have constrained current safety analyses to primarily
exploratory investigations. While numerous studies have identified factors affecting the
severity and frequency of human-driven vehicle crashes, few studies have explored the
impact of built environment characteristics on AV crash damage severities. Besides,
direct and mediation effects of key factors on AV crash severities remain underexplored.

(5) While existing literature has emphasized the dominance of rear-end crashes in
the context of AVs, limited attention has specifically been given to the contributing
factors that lead to this AV crash type. As AV rear-end crash scenarios often involve
complex and multifaceted interactions between risk factors, it is necessary to uncover
the combinations of contributing factors that frequently co-occur in AV rear-end

crashes.
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Chapter 3 Temporal instability of factors affecting driver injury severities
between different vehicle impact locations under adverse road surface

conditions
3.1 Introduction

The adverse road surface condition has been widely acknowledged as a vital determinant
that has a remarkable impact on the likelihood of accident occurrences and injury severities.
Accompanied by deteriorating driving conditions such as decreased visibility, irregular yaw
rate feedback, and poor emergency braking performance (Koylu and Tural, 2021), driving in
unfavorable road circumstances could dramatically increase the frequency of driving errors and
dangerous driving behaviours (Alnawmasi and Mannering, 2019; Yan et al., 2021a). According
to the Federal Highway Administration (FHWA, 2022), there is approximately 75% of
automobile accidents occurred on wet pavements every year in the United States. Specifically,
almost 5,700 people are killed and over 544,700 are wounded in these crashes. Meanwhile,
snowy, slushy, and icy pavements account for 24% of all weather-related vehicle collisions
each year, with over 1,300 people being killed and over 116,800 people being injured. Note
that other than serious safety issues, adverse road surfaces could also cause traffic delays and
inflict damage to roadway infrastructure (FHWA, 2022). In this context, special emphasis
should be given to uncover the underlying mechanism of how related factors affect the driver
injury severity outcomes in adverse-road-related crashes, which has the potential to improve

road safety and minimize associated expenditures.

In addition to adverse roadway surfaces, the vehicle impact location could also have a
considerable influence on the injury severity sustained by drivers as indicated in previous
studies (Lai et al., 2012; Champahom et al., 2020; Yu et al., 2020; Liu and Fan, 2021; Wang et
al., 2022). Note that although Wang et al. (2022) investigated contributing factors of driver
injury severities between rear-end and non-rear-end crashes, it is undeniable that drivers are
more prone to sustaining severe injuries in near-side crashes than in far-side collisions due to

the direct impact and significantly restricted survival space. Combining near-side and far-side
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collisions together may overlook the inhomogeneous injury outcomes and cause
misinterpretations. However, to date, few studies have attempted to uncover the internal
mechanism between deteriorating road surfaces and vehicle impact locations on the driver
injury severity in single-vehicle crashes at a disaggregate level. Furthermore, the current
knowledge regarding whether the determinants influencing adverse-road-related crash injury
severities vary across different impact locations and the underlying mechanism behind such

divergence is rather limited.
3.2 Data description

The crash data utilized in the study is provided by the Highway Safety Information System,
which contains single-vehicle crash records that occurred under adverse road surface
conditions in Ohio from January 1, 2015, to December 31, 2017. In this research, adverse-road-
related crashes refer to crashes that happen on wet, snowy, icy, or mud-sand road surfaces.
Regarding the detailed classification of different vehicle impact locations, the “Center Front”
and “Rear Center” samples are classified as the center crashes; the “Left Front”, “Left Side”,
and “Left Rear” samples are identified as the left-side crashes; and the “Right Front”, “Right
Side”, and “Right Rear” samples are categorized as the right-side crashes. Meanwhile, the
accident sub-dataset and the vehicle sub-dataset are merged based on the corresponding
accident identification number to comprehensively identify the determinants of driver injury
severities over the observed years. After screening out observations with missing data in
variables, the final dataset contains 12,013, 6,532, and 10,628 records for 2015, 2016, and 2017,

respectively.

Three categories are utilized to represent driver injury severity outcomes: no injury, minor
injury, and severe injury. Multiple variables including crash characteristics, driver
characteristics, temporal characteristics, vehicle characteristics, roadway characteristics, and
environment characteristics are identified as explanatory variables determining different levels
of driver injury severities associated with adverse-road-related crashes. Table 3.1 and Figure

3.1 show the driver injury severity distribution of different vehicle impact locations by year
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(78.68%, 19.56%, and 1.76% for no injury, minor injury, and severe injury in total center
crashes, 81.58%, 16.76%, and 1.66% in total left-side crashes, while 84.71%, 14.27%, and 1.02%
in total right-side crashes). Specifically, center crashes make up the largest proportion of all
injury levels throughout the observed years. It should be noted that the proportion of no injuries
in center crashes is the smallest compared to that in left-side and right-side crashes. Typically,
the proportions of minor and severe injuries in center and left-side crashes are greater than
those in right-side crashes. Table 3.2 presents the descriptive statistics of independent variables

in the center, left-side, and right-side crashes across different years.

Table 3.1. Crash injury frequency distribution for impact locations by year.

Center crashes Left-side crashes Right-side crashes

Year Total
NI MI SI NI MI SI NI MI SI
2015 3455 871 73 3097 630 60 3280 517 30 12013
2016 1969 493 41 1605 338 25 1736 296 29 6532
2017 3254 793 80 2677 548 65 2692 485 34 10628
Remarks: NI = No Injury; MI = Minor Injury; SI = Severe Injury.
No injury Minor injury Severe injury
C= Center crashes; L = Left-side crashes; R =Right-side crashes.
2015C 78.54 19.8 1.66
2015L A 81.78 16.64  1.58
2015R 1 85.71 13.51 0.7§
2016C A1 78.67 19.7 1.64
2016L A 81.55 17.17 1.27
2016R 1 84.23 1436 1.41
2017C 78.85 19.21 1.94
2017L A 81.37 16.66 198
2017R 1 83.84 15.1 1.06
0 20 40 60 80 100

Proportion (%)

Figure 3.1. Adverse-road-related crash injury severity distribution for different impact locations over

the years.
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Table 3.2. Descriptive statistics of independent variables (Std. Dev. in parentheses).

Disabling damage indicator (1 if damage to vehicle is disabling, O
otherwise)

Straight driving indicator (1 if the vehicle was going straight preceding the
crash, 0 otherwise)

Other movements indicator (1 if vehicle was making turns or other
movements preceding the crash, 0 otherwise)

0.333 (0.471)
0.484 (0.500)
0.417 (0.493)
0.413 (0.492)
0.782 (0.413)
0.765 (0.424)
0.752 (0.432)
0.218 (0.413)
0.218 (0.413)

0.195 (0.397)
0.777 (0.416)
0.738 (0.440)
0.712 (0.453)
0.750 (0.433)
0.730 (0.444)
0.721 (0.448)
0.250 (0.433)
0.250 (0.433)

0.233 (0.425)
0.918 (0.275)
0.950 (0.219)
0.733 (0.445)
0.699 (0.460)
0.683 (0.466)
0.833 (0.375)
0.301 (0.460)
0.301 (0.460)

0.312 (0.464)
0.527 (0.499)
0.445 (0.497)
0.430 (0.495)
0.743 (0.437)
0.748 (0.434)
0.762 (0.426)
0.257 (0.437)
0.252 (0.434)

0.193 (0.395)
0.795 (0.404)
0.689 (0.463)
0.696 (0.461)
0.740 (0.439)
0.692 (0.462)
0.716 (0.452)
0.260 (0.439)
0.308 (0.462)

0.034 (0.186)
0.951 (0.218)
0.880 (0.332)
0.897 (0.310)
0.780 (0.419)
0.640 (0.490)
0.586 (0.501)
0.220 (0.419)
0.360 (0.490)

0.318 (0.466)
0.551 (0.497)
0.458 (0.498)
0.451 (0.498)
0.761 (0.427)
0.741 (0.438)
0.738 (0.440)
0.239 (0.427)
0.259 (0.438)

0.179 (0.384)
0.826 (0.379)
0.761 (0.427)
0.761 (0.427)
0.715 (0.452)
0.730 (0.444)
0.711 (0.453)
0.285 (0.452)
0.270 (0.444)

0.235 (0.426)
0.962 (0.190)
0.908 (0.290)
0.735 (0.443)
0.713 (0.454)
0.754 (0.432)
0.676 (0.470)
0.288 (0.454)
0.246 (0.432)

Variables I 2015 2016 2017
NI MI SI NI MI SI NI MI SI

Crash characteristics
Collision with fixed object indicator (1 if collided with roadside fixed C 0.744 (0.436)  0.944 (0.230) 0.973 (0.164) 0.775(0.418) 0.917(0.276) 0.927 (0.264) 0.743 (0.437) 0.913 (0.282) 0.937 (0.243)
object as the first harmful event, 0 otherwise) L 0.751(0.433) 0.884(0.320) 0.950(0.219) 0.762 (0.426) 0.893 (0.309) 0.840 (0.374) 0.729 (0.444) 0.909 (0.288) 0.923 (0.267)

R 0.798(0.402) 0.905(0.293) 0.900 (0.302) 0.810(0.392) 0.892(0.311) 0.897 (0.310) 0.790 (0.407) 0.911 (0.284)  1.000 (0.000)
Collision with non-fixed object indicator (1 if collided with non-fixed ~ C  0.223 (0.416) 0.035(0.184) 0.000 (0.000) 0.195 (0.396)  0.034 (0.183)  0.000 (0.000) 0.225 (0.418) 0.042 (0.200) 0.050 (0.218)
object as the first harmful event, 0 otherwise) L 0.186(0.389) 0.019(0.138) 0.017(0.128) 0.173 (0.378) 0.030(0.170) 0.040 (0.200) 0.217 (0.412)  0.035 (0.183)  0.000 (0.000)

R 0.147(0.354) 0.035(0.184) 0.000 (0.000) 0.146 (0.353) 0.030 (0.172)  0.000 (0.000) 0.157 (0.364) 0.027 (0.162)  0.000 (0.000)
Non-Collision indicator (1 if first harmful event was identified as non- ~ C  0.033 (0.178) 0.026 (0.160) 0.027 (0.164) 0.030 (0.171)  0.049 (0.215) 0.073 (0.264) 0.031 (0.174)  0.045 (0.208) 0.013 (0.111)
colliding object such as a rollover, etc., 0 otherwise) L 0.064(0244) 0.081(0.273) 0.033(0.180) 0.065(0.247) 0.077 (0.267) 0.120 (0.332)  0.054 (0.226) 0.057 (0.231)  0.077 (0.267)

R 0.055(0.229)  0.075 (0.264) 0.100 (0.302) 0.044 (0.206) 0.078 (0.268) 0.103 (0.310) 0.053 (0.224) 0.062 (0.241)  0.000 (0.000)
Animal indicator (1 if animal involved in the crash, 0 otherwise) C  0.203(0.402) 0.022(0.146) 0.000 (0.000) 0.176 (0.381) 0.020 (0.141)  0.000 (0.000) 0.209 (0.406) 0.033 (0.178)  0.025 (0.156)

L 0.169 (0.374)  0.029 (0.167)  0.000 (0.000) 0.158 (0.365) 0.024 (0.152) 0.000 (0.000) 0.200 (0.400) 0.026 (0.158) 0.000 (0.000)

R 0.126(0.332) 0.015(0.123) 0.000 (0.000) 0.126 (0.331) 0.027 (0.162)  0.000 (0.000) 0.139 (0.346)  0.023 (0.149) ~ 0.000 (0.000)
Non-functional damage indicator (1 if damage to vehicle is non-functional, C  0.230(0.421) 0.056(0.230) 0.014(0.117)  0.203 (0.402) 0.057 (0.232)  0.000 (0.000) 0.192(0.394) 0.052 (0.221) 0.013 (0.111)
0 otherwise) L 0.248 (0.432)  0.063 (0.244) 0.017 (0.128)  0.229 (0.420)  0.095 (0.293)  0.080 (0.277) 0.225(0.418) 0.051 (0.220) 0.031 (0.173)

R 0.254(0.435) 0.093(0.290) 0.033 (0.181) 0.258 (0.438) 0.111(0.315) 0.069 (0.258) 0.231 (0.422) 0.060 (0.237)  0.029 (0.170)
Functional damage indicator (1 if damage to vehicle is functional, 0 C 0.286 (0.452)  0.166 (0.373) 0.068 (0.253) 0.270 (0.444) 0.148 (0.356) 0.049 (0.218) 0.258 (0.437) 0.122(0.328) 0.025 (0.156)
otherwise) L 0335(0472) 0.198(0.399) 0.033(0.180) 0.326 (0.469) 0.216(0.412) 0.040 (0.200) 0.317 (0.465) 0.188 (0.391)  0.062 (0.241)

R

C

L

R

C

L

R

C

L

R

Driver characteristics
Young driver indicator (1 if driver age below 30 years, 0 otherwise)

Middle-aged driver indicator (1 if driver age between 30-50 years, 0
otherwise)

Old driver indicator (1 if driver age over 50, 0 otherwise)

aFRCoORCORCO

0.248 (0.432)

0.466 (0.499)
0.470 (0.499)
0.459 (0.498)
0.335 (0.472)
0.323 (0.468)
0.337 (0.473)
0.200 (0.400)
0.207 (0.405)
0.205 (0.404)
0.961 (0.193)

0.279 (0.448)

0.514 (0.500)
0.483 (0.500)
0.509 (0.500)
0.290 (0.454)
0.343 (0.475)
0.296 (0.457)
0.195 (0.396)
0.175 (0.380)
0.195 (0.397)
0.878 (0.327)

0.167 (0.375)

0.384 (0.487)
0.450 (0.499)
0.433 (0.498)
0.301 (0.460)
0.283 (0.452)
0.300 (0.461)
0.315 (0.466)
0.267 (0.443)
0.267 (0.445)
0.671 (0.471)

0.238 (0.426)

0.493 (0.500)
0.485 (0.500)
0.463 (0.499)
0.311 (0.463)
0.334 (0.472)
0.331 (0.471)
0.197 (0.397)
0.181 (0.385)
0.206 (0.405)
0.957 (0.203)

0.284 (0.452)

0.477 (0.500)
0.503 (0.501)
0.446 (0.498)
0.329 (0.470)
0.314 (0.465)
0.328 (0.470)
0.195 (0.396)
0.183 (0.388)
0.226 (0.419)
0.854 (0.354)

0.414 (0.501)

0.366 (0.488)
0.480 (0.510)
0.379 (0.494)
0.317 (0.471)
0.280 (0.458)
0.414 (0.501)
0.317 (0.471)
0.240 (0.436)
0.207 (0.412)
0.537 (0.505)

0.262 (0.440)

0.491 (0.500)
0.470 (0.499)
0.463 (0.499)
0.308 (0.462)
0.318 (0.466)
0.329 (0.470)
0.201 (0.401)
0.213 (0.409)
0.208 (0.406)
0.952 (0.213)

0.289 (0.453)

0.488 (0.500)
0.474 (0.499)
0.468 (0.499)
0.333 (0.471)
0.356 (0.479)
0.320 (0.466)
0.179 (0.383)
0.170 (0.375)
0212 (0.409)
0.860 (0.347)

0.324 (0.470)

0.362 (0.482)
0.385 (0.488)
0.529 (0.502)
0.300 (0.459)
0.338 (0.474)
0.147 (0.356)
0.338 (0.474)
0.277 (0.449)
0.324 (0.470)
0.688 (0.464)
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Variables

Safety restraint usage indicator (1 if driver used shoulder and lap belt, O
otherwise)
Gender indicator (1 if driver was female, 0 otherwise)

Physically impaired driver indicator (1 driver is impaired by alcohol, drugs,
illness, or fatigue, etc., 0 otherwise)

Temporal characteristics

Weekday indicator (1 if crash occurred during the weekday, 0 otherwise)
Early morning indicator (1 if time of day is between 12 AM to 5:59 AM, 0

otherwise)

Moming indicator (1 if time of day is between 6AM to 11:59 AM, 0
otherwise)

Afternoon indicator (1 if time of day is between 12 PM to 6:59 PM, 0
otherwise)

Evening indicator (1 if time of day is between 7 PM to 11:59 PM, 0

otherwise)

Spring indicator (1 if crash occurred during the spring, 0 otherwise)

Summer indicator (1 if crash occurred during the summer, 0 otherwise)

Autumn indicator (1 if crash occurred during the autumn, 0 otherwise)

Winter indicator (1 if crash occurred during the winter, 0 otherwise)

Vehicle characteristics
Passenger car involvement indicator (1 if passenger car being involved in
the crash, 0 otherwise)
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0.961 (0.195)
0.952 (0.213)
0.373 (0.484)
0.376 (0.484)
0.371 (0.483)
0.059 (0.236)
0.059 (0.236)
0.067 (0.249)

0.648 (0.478)
0.636 (0.481)
0.651 (0.477)
0.192 (0.394)
0.185 (0.388)
0.187 (0.390)
0.316 (0.465)
0.320 (0.467)
0.333 (0.471)
0.271 (0.444)
0.284 (0.451)
0.268 (0.443)
0.221 (0.415)
0.210 (0.407)
0.212 (0.409)
0.142 (0.349)
0.139 (0.345)
0.137 (0.344)
0.088 (0.284)
0.090 (0.286)
0.085 (0.279)
0.214 (0.410)
0.193 (0.395)
0.193 (0.395)
0.555 (0.497)
0.578 (0.494)
0.584 (0.493)

0.595 (0.491)
0.558 (0.497)
0.536 (0.499)
0.226 (0.418)

0.894 (0.308)
0.882 (0.323)
0.486 (0.500)
0.490 (0.500)
0.495 (0.500)
0.171 (0.377)
0.171 (0.377)
0.133 (0.340)

0.659 (0.474)
0.654 (0.476)
0.660 (0.474)
0.166 (0.373)
0.175 (0.380)
0.149 (0.356)
0.323 (0.468)
0.329 (0.470)
0.358 (0.480)
0.302 (0.459)
0.305 (0.460)
0.292 (0.455)
0.209 (0.407)
0.192 (0.394)
0.201 (0.401)
0.162 (0.368)
0.176 (0.381)
0.172 (0.378)
0.123 (0.328)
0.114 (0.318)
0.108 (0.311)
0.207 (0.405)
0.187 (0.390)
0.162 (0.369)
0.509 (0.500)
0.522 (0.500)
0.557 (0.497)

0.637 (0.481)
0.492 (0.500)
0.569 (0.495)
0.185 (0.388)

0.600 (0.491)
0.400 (0.493)
0.466 (0.500)
0.317 (0.466)
0.333 (0.474)
0.338 (0.474)
0.338 (0.474)
0.289 (0.456)

0.685 (0.466)
0.567 (0.497)
0.733 (0.445)
0.164 (0.371)
0.200 (0.401)
0.267 (0.445)
0.219 (0.415)
0.267 (0.443)
0.233 (0.425)
0.370 (0.484)
0.333 (0.473)
0.300 (0.461)
0.247 (0.432)
0.200 (0.401)
0.200 (0.402)
0.205 (0.405)
0.200 (0.401)
0.267 (0.445)
0.096 (0.295)
0.133 (0.341)
0.100 (0.302)
0.233 (0.424)
0.183 (0.388)
0.167 (0.375)
0.466 (0.500)
0.483 (0.501)
0.467 (0.502)

0.521 (0.501)
0.467 (0.500)
0.533 (0.502)
0.315 (0.466)

0.958 (0.201)
0.959 (0.199)
0.371 (0.483)
0.361 (0.480)
0.369 (0.483)
0.071 (0.256)
0.054 (0.226)
0.068 (0.252)

0.682 (0.466)
0.685 (0.465)
0.696 (0.460)
0.196 (0.397)
0.186 (0.389)
0.184 (0.387)
0.268 (0.443)
0.312 (0.463)
0.309 (0.462)
0.307 (0.461)
0.290 (0.454)
0.281 (0.450)
0.230 (0.421)
0.213 (0.410)
0.226 (0.418)
0.190 (0.392)
0.177 (0.382)
0.181 (0.386)
0.105 (0.307)
0.108 (0.311)
0.113 (0.317)
0.318 (0.466)
0.320 (0.466)
0.308 (0.462)
0.386 (0.487)
0.395 (0.489)
0.397 (0.490)

0.597 (0.491)
0.535 (0.499)
0.544 (0.498)
0.213 (0.410)

0.926 (0.262)
0.885 (0.319)
0.454 (0.498)
0.485 (0.501)
0.524 (0.500)
0.181 (0.385)
0.121 (0.327)
0.122 (0.327)

0.692 (0.462)
0.722 (0.449)
0.703 (0.458)
0.211 (0.408)
0.142 (0.350)
0.155 (0.363)
0.278 (0.448)
0.299 (0.458)
0.338 (0.474)
0.296 (0.457)
0.355 (0.479)
0.307 (0.462)
0215 (0.411)
0.204 (0.404)
0.199 (0.400)
0.181 (0.385)
0.169 (0.375)
0.247 (0.432)
0.130 (0.336)
0.154 (0.361)
0.159 (0.366)
0.298 (0.458)
0.308 (0.462)
0.233 (0.424)
0.391 (0.489)
0.370 (0.483)
0361 (0.481)

0.586 (0.493)
0.586 (0.493)
0.591 (0.492)
0.221 (0.415)

0.640 (0.490)
0.414 (0.501)
0.244 (0.435)
0.400 (0.500)
0.379 (0.494)
0.390 (0.494)
0.240 (0.436)
0.207 (0.412)

0.561 (0.502)
0.560 (0.507)
0.759 (0.435)
0.220 (0.419)
0.240 (0.436)
0.172 (0.384)
0.244 (0.435)
0.280 (0.458)
0.241 (0.435)
0.390 (0.494)
0.320 (0.476)
0.276 (0.455)
0.146 (0.358)
0.160 (0.374)
0.310 (0.471)
0.146 (0.358)
0.240 (0.436)
0.172 (0.384)
0.049 (0.218)
0.080 (0.277)
0.207 (0.412)
0.268 (0.449)
0.400 (0.500)
0.207 (0.412)
0.537 (0.505)
0.280 (0.458)
0.414 (0.501)

0.415 (0.499)
0.600 (0.500)
0.517 (0.509)
0.390 (0.494)

0.963 (0.188)
0.954 (0.210)
0.377 (0.485)
0.369 (0.482)
0.372 (0.483)
0.058 (0.233)
0.059 (0.235)
0.060 (0.237)

0.708 (0.455)
0.737 (0.440)
0.740 (0.439)
0.189 (0.391)
0.192 (0.394)
0.180 (0.384)
0.290 (0.454)
0.302 (0.459)
0.298 (0.457)
0.279 (0.449)
0.278 (0.448)
0.299 (0.458)
0.242 (0.428)
0.228 (0.420)
0.223 (0.416)
0.163 (0.370)
0.161 (0.368)
0.150 (0.357)
0.118 (0.323)
0.108 (0.310)
0.119 (0.324)
0.275 (0.446)
0.270 (0.444)
0.272 (0.445)
0.443 (0.497)
0.461 (0.499)
0.460 (0.498)

0.607 (0.488)
0.561 (0.496)
0.536 (0.499)
0.207 (0.405)

0.903 (0.296)
0.868 (0.339)
0.464 (0.499)
0.513 (0.500)
0.499 (0.500)
0.178 (0.382)
0.128 (0.334)
0.142 (0.349)

0.728 (0.445)
0.728 (0.445)
0.720 (0.449)
0.197 (0.398)
0.170 (0.375)
0.190 (0.392)
0.290 (0.454)
0.325 (0.468)
0.334 (0.472)
0.277 (0.448)
0.296 (0.456)
0.291 (0.454)
0.236 (0.425)
0.210 (0.407)
0.186 (0.389)
0.199 (0.400)
0.159 (0.366)
0.210 (0.408)
0.134 (0.340)
0.128 (0.334)
0.163 (0.369)
0231 (0.421)
0.228 (0.420)
0.227 (0.419)
0.436 (0.496)
0.485 (0.500)
0.400 (0.490)

0.608 (0.488)
0.558 (0.497)
0.528 (0.499)
0.190 (0.393)

0.692 (0.463)
0.559 (0.499)
0.412 (0.493)
0.446 (0.498)
0.500 (0.502)
0.413 (0.493)
0215 (0.412)
0.294 (0.458)

0.688 (0.464)
0.800 (0.401)
0.824 (0.383)
0.250 (0.434)
0.185 (0.389)
0.059 (0.236)
0.288 (0.454)
0.200 (0.401)
0.412 (0.495)
0.250 (0.434)
0.308 (0.463)
0.324 (0.470)
0212 (0.410)
0.308 (0.463)
0.206 (0.406)
0.225 (0.418)
0.185 (0.389)
0.176 (0.383)
0.112 (0.317)
0.154 (0.362)
0.059 (0.236)
0.325 (0.469)
0.154 (0.362)
0.265 (0.443)
0.338 (0.474)
0.508 (0.501)
0.500 (0.502)

0.625 (0.485)
0.492 (0.501)
0.529 (0.502)
0.163 (0.370)
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Variables

Truck involvement indicator (1 if truck being involved in the crash, 0
otherwise)

Sport Utility Vehicle (SUV) involvement indicator (1 if SUV being
involved in the crash, 0 otherwise)

Insurance indicator (1 if vehicle was insured, 0 otherwise)
Vehicle age indicator (1 if the vehicle age is less than 5 years, 0 otherwise)
Vehicle age indicator (1 if the vehicle age is between 5 and 10 years, 0

otherwise)

Vehicle age indicator (1 if the vehicle age is older than 10 years, 0
otherwise)

Roadway characteristics

Traffic controls indicator (1 if traffic control functioned, 0 otherwise)

The number of lanes indicator (1 if the number of lanes is 1-3, 0 otherwise)
The number of lanes indicator (1 if the number of lanes is 4-6, 0 otherwise)
The number of lanes indicator (1 if the number of lanes is greater than 6, 0

otherwise)

Freeway indicator (1 if crash occurred on the freeway, 0 otherwise)

Speed limit <30 mph indicator (1 if speed limit < 30 mph, 0 otherwise)

Speed limit 30-60 mph indicator (1 if speed limit is between 30 and 60

mph, 0 otherwise)

Speed limit >60 mph indicator (1 if speed limit > 60 mph, 0 otherwise)
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0.258 (0.437)
0.263 (0.440)
0.179 (0.384)
0.184 (0.388)
0.202 (0.401)
0.823 (0.382)
0.836 (0.370)
0.837 (0.369)
0.222 (0.416)
0.232 (0.422)
0.217 (0.412)
0.320 (0.466)
0.323 (0.467)
0.334 (0.472)
0.458 (0.498)
0.446 (0.497)
0.449 (0.497)

0.831 (0.375)
0.834 (0.372)
0.830 (0.376)
0.446 (0.497)
0.409 (0.492)
0.473 (0.499)
0.499 (0.500)
0.537 (0.499)
0.478 (0.500)
0.054 (0.227)
0.054 (0.225)
0.049 (0.215)
0.432 (0.495)
0.472 (0.499)
0.403 (0.490)
0.045 (0.207)
0.036 (0.187)
0.049 (0.216)
0.675 (0.469)
0.643 (0.479)
0.666 (0.472)
0.280 (0.449)
0.321 (0.467)

0.254 (0.435)
0.230 (0.421)
0.178 (0.383)
0.254 (0.435)
0.201 (0.401)
0.698 (0.459)
0.759 (0.428)
0.735 (0.441)
0.147 (0.354)
0.170 (0.376)
0.157 (0.364)
0.312 (0.464)
0.308 (0.462)
0.288 (0.453)
0.541 (0.498)
0.522 (0.500)
0.555 (0.497)

0.815 (0.388)
0.813 (0.390)
0.843 (0.364)
0.397 (0.489)
0.368 (0.482)
0.507 (0.500)
0.502 (0.500)
0.576 (0.494)
0.449 (0.498)
0.101 (0.301)
0.056 (0.229)
0.044 (0.206)
0.467 (0.499)
0.497 (0.500)
0.381 (0.486)
0.059 (0.235)
0.025 (0.157)
0.046 (0.210)
0.688 (0.464)
0.689 (0.463)
0.712 (0.453)
0.254 (0.435)
0.286 (0.452)

0.333 (0.473)
0.333 (0.474)
0.164 (0.371)
0.200 (0.401)
0.133 (0.342)
0.493 (0.501)
0.483 (0.501)
0.633 (0.485)
0.137 (0.345)
0.100 (0.301)
0.333 (0.474)
0.329 (0.471)
0.267 (0.443)
0.233 (0.425)
0.534 (0.500)
0.633 (0.483)
0.433 (0.498)

0.822 (0.383)
0.900 (0.301)
0.800 (0.402)
0.411 (0.493)
0.467 (0.500)
0.467 (0.502)
0.507 (0.501)
0.483 (0.501)
0.500 (0.503)
0.082 (0.275)
0.050 (0.219)
0.033 (0.181)
0.452 (0.499)
0.400 (0.491)
0.300 (0.461)
0.041 (0.199)
0.033 (0.180)
0.000 (0.000)
0.808 (0.395)
0.717 (0.452)
0.833 (0.375)
0.151 (0.359)
0.250 (0.434)

0.255 (0.436)
0.241 (0.428)
0.189 (0.392)
0.211 (0.408)
0215 (0.411)
0.815 (0.388)
0.829 (0.376)
0.824 (0.381)
0.201 (0.401)
0.201 (0.401)
0.194 (0.395)
0.306 (0.461)
0.317 (0.465)
0.322 (0.467)
0.493 (0.500)
0.482 (0.500)
0.484 (0.500)

0.834 (0.372)
0.832 (0.374)
0.840 (0.367)
0.441 (0.497)
0411 (0.492)
0.494 (0.500)
0.496 (0.500)
0.521 (0.500)
0.455 (0.498)
0.063 (0.243)
0.068 (0.252)
0.051 (0.221)
0.426 (0.495)
0.447 (0.497)
0.376 (0.484)
0.041 (0.197)
0.023 (0.150)
0.050 (0.218)
0.689 (0.463)
0.687 (0.464)
0.687 (0.464)
0.271 (0.444)
0.290 (0.454)

0.213 (0410)
0.179 (0.384)
0.193 (0.395)
0.201 (0.401)
0.230 (0.421)
0.659 (0.474)
0.692 (0.462)
0.757 (0.430)
0.142 (0.349)
0.136 (0.343)
0.159 (0.366)
0.325 (0.469)
0.266 (0.443)
0.284 (0.452)
0.533 (0.499)
0.598 (0.491)
0.557 (0.498)

0.811 (0.392)
0.861 (0.347)
0.831 (0.375)
0.444 (0.497)
0411 (0.493)
0.490 (0.501)
0.475 (0.500)
0.515 (0.501)
0.439 (0.497)
0.081 (0.273)
0.074 (0.262)
0.071 (0.257)
0.430 (0.496)
0.491 (0.501)
0.372 (0.484)
0.034 (0.183)
0.018 (0.132)
0.034 (0.181)
0.728 (0.445)
0.704 (0.457)
0.696 (0.461)
0.237 (0.426)
0.278 (0.449)

0.320 (0.476)
0.241 (0.435)
0.195 (0.401)
0.080 (0.277)
0.241 (0.435)
0.585 (0.499)
0.600 (0.500)
0.621 (0.494)
0.024 (0.156)
0.160 (0.374)
0.034 (0.186)
0.341 (0.480)
0.280 (0.458)
0.069 (0.258)
0.634 (0.488)
0.560 (0.507)
0.897 (0.310)

0.805 (0.401)
0.800 (0.408)
0.966 (0.186)
0.561 (0.502)
0.440 (0.507)
0.586 (0.501)
0.366 (0.488)
0.440 (0.507)
0.345 (0.484)
0.073 (0.264)
0.120 (0.332)
0.069 (0.258)
0.220 (0.419)
0.360 (0.490)
0.310 (0.471)
0.049 (0.218)
0.000 (0.000)
0.034 (0.186)
0.805 (0.401)
0.720 (0.458)
0.724 (0.455)
0.146 (0.358)
0.280 (0.458)

0.238 (0.426)
0271 (0.444)
0.186 (0.389)
0.201 (0.401)
0.193 (0.395)
0.814 (0.389)
0.843 (0.364)
0.821 (0.384)
0.241 (0.428)
0.277 (0.448)
0.256 (0.436)
0.271 (0.445)
0.245 (0.430)
0.245 (0.430)
0.488 (0.500)
0.477 (0.500)
0.500 (0.500)

0.838 (0.368)
0.858 (0.349)
0.863 (0.344)
0.447 (0.497)
0.405 (0.491)
0.467 (0.499)
0.492 (0.500)
0.524 (0.499)
0.481 (0.500)
0.061 (0.240)
0.070 (0.256)
0.051 (0.221)
0.436 (0.496)
0.472 (0.499)
0.408 (0.491)
0.039 (0.193)
0.029 (0.168)
0.040 (0.196)
0.678 (0.467)
0.654 (0.476)
0.669 (0.470)
0.283 (0.451)
0.317 (0.465)

0215 (0411)
0.256 (0.436)
0.202 (0.401)
0.226 (0.419)
0216 (0.412)
0.653 (0.476)
0.719 (0.450)
0.703 (0.457)
0.193 (0.395)
0.193 (0.395)
0.204 (0.403)
0.241 (0.428)
0.248 (0.432)
0.227 (0.419)
0.566 (0.496)
0.558 (0.497)
0.569 (0.495)

0.830 (0.376)
0.836 (0.371)
0.837 (0.369)
0.372 (0.483)
0.378 (0.485)
0.474 (0.500)
0.530 (0.499)
0.533 (0.499)
0.462 (0.499)
0.098 (0.298)
0.089 (0.285)
0.064 (0.245)
0.502 (0.500)
0.511 (0.500)
0.408 (0.492)
0.061 (0.239)
0.027 (0.163)
0.047 (0.213)
0.668 (0.471)
0.659 (0.474)
0.699 (0.459)
0.271 (0.445)
0.314 (0.464)

0.308 (0.463)
0.206 (0.406)
0213 (0.410)
0.200 (0.401)
0.265 (0.443)
0.525 (0.500)
0.569 (0.496)
0.618 (0.488)
0.300 (0.459)
0.154 (0.362)
0.176 (0.383)
0.188 (0.391)
0.200 (0.401)
0.294 (0.458)
0.513 (0.501)
0.646 (0.479)
0.529 (0.502)

0.937 (0.243)
0.831 (0.376)
0.882 (0.324)
0.538 (0.500)
0.523 (0.501)
0.412 (0.495)
0.387 (0.488)
0.338 (0.474)
0.529 (0.502)
0.075 (0.264)
0.138 (0.346)
0.059 (0.236)
0.300 (0.459)
0.431 (0.496)
0.382 (0.488)
0.075 (0.264)
0.015 (0.123)
0.000 (0.000)
0.713 (0.454)
0.754 (0.432)
0.853 (0.356)
0213 (0.410)
0.231 (0.422)
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Variables

Rural state indicator (1 if crash occurred in the rural state, 0 otherwise)
Municipal street indicator (1 if crash occurred on the municipal street, 0
otherwise)

Turnpike indicator (1 if crash occurred on the turnpike, 0 otherwise)

Intersection indicator (1 if crash occurred on the intersection, 0 otherwise)

Environment characteristics
Adverse weather condition indicator (1 if weather condition is adverse, 0
otherwise)

Daylight indicator (1 if lighting condition is daylight, 0 otherwise)

Dawn/dusk indicator (1 if lighting condition is dawn/dusk, 0 otherwise)

Dark-lighted indicator (1 if lighting condition is dark-lighted, 0 otherwise)

Dark-unlighted indicator (1 if lighting condition is dark-unlighted, O
otherwise)

—
=

2015

2016

2017

NI

MI

SI

NI

MI

SI

NI

MI

SI

ArorRCcCo”mC-C-oRCcQx

laleol-~lalol--Nulol--Nalol--Nale]

0.285 (0.452)
0.662 (0.473)
0.657 (0.475)
0.679 (0.467)
0.308 (0.462)
0.305 (0.460)
0.287 (0.452)
0.030 (0.172)
0.038 (0.191)
0.034 (0.182)
0.318 (0.466)
0.362 (0.481)
0.309 (0.462)

0.661 (0.473)
0.683 (0.465)
0.685 (0.464)
0.442 (0.497)
0.460 (0.498)
0.459 (0.498)
0.062 (0.241)
0.062 (0.242)
0.066 (0.248)
0.151 (0.358)
0.143 (0.350)
0.143 (0.350)
0.346 (0.476)
0.334 (0.472)
0.332 (0.471)

0.242 (0.428)
0.551 (0.497)
0.629 (0.483)
0.669 (0.471)
0.421 (0.494)
0.335 (0.472)
0.306 (0.461)
0.028 (0.164)
0.037 (0.188)
0.025 (0.157)
0.359 (0.480)
0.371 (0.483)
0.282 (0.450)

0.674 (0.469)
0.687 (0.464)
0.704 (0.457)
0.505 (0.500)
0.535 (0.499)
0.563 (0.496)
0.069 (0.253)
0.043 (0.203)
0.046 (0.210)
0.194 (0.396)
0.179 (0.384)
0.149 (0.356)
0.232 (0.422)
0.243 (0.429)
0.242 (0.428)

0.167 (0.375)
0.548 (0.499)
0.617 (0.488)
0.767 (0.425)
0.452 (0.499)
0.350 (0.478)
0.233 (0.425)
0.000 (0.000)
0.033 (0.180)
0.000 (0.000)
0.342 (0.476)
0.300 (0.460)
0.133 (0.342)

0.603 (0.490)
0.567 (0.497)
0.667 (0.474)
0.425 (0.495)
0.500 (0.501)
0.467 (0.502)
0.068 (0.253)
0.067 (0.250)
0.033 (0.181)
0.233 (0.424)
0.183 (0.388)
0.233 (0.425)
0.274 (0.447)
0.250 (0.434)
0.267 (0.445)

0.263 (0441)
0.638 (0.481)
0.652 (0.477)
0.653 (0.476)
0.341 (0.474)
0.334 (0.472)
0.329 (0.470)
0.020 (0.141)
0.014 (0.119)
0.018 (0.132)
0.315 (0.465)
0.337 (0.473)
0.274 (0.446)

0.691 (0.462)
0.678 (0.467)
0.688 (0.464)
0.432 (0.495)
0.460 (0.499)
0.461 (0.499)
0.067 (0.249)
0.068 (0.252)
0.059 (0.235)
0.176 (0.381)
0.163 (0.370)
0.153 (0.360)
0.326 (0.469)
0.308 (0.462)
0.328 (0.470)

0.270 (0.445)
0.584 (0.493)
0.636 (0.482)
0.645 (0.479)
0.400 (0.490)
0.340 (0.474)
0.331 (0.471)
0.016 (0.126)
0.024 (0.152)
0.024 (0.152)
0.333 (0.472)
0.367 (0.483)
0.291 (0.455)

0.682 (0.466)
0.598 (0.491)
0.628 (0.484)
0.456 (0.499)
0.530 (0.500)
0.530 (0.500)
0.069 (0.254)
0.038 (0.193)
0.091 (0.288)
0.207 (0.405)
0.160 (0.367)
0.142 (0.350)
0.268 (0.443)
0.272 (0.446)
0.236 (0.426)

0.241 (0.435)
0.659 (0.480)
0.560 (0.507)
0.655 (0.484)
0.341 (0.480)
0.400 (0.500)
0.310 (0.471)
0.000 (0.000)
0.040 (0.200)
0.034 (0.186)
0.146 (0.358)
0.320 (0.476)
0.241 (0.435)

0.537 (0.505)
0.640 (0.490)
0.621 (0.494)
0.488 (0.506)
0.400 (0.500)
0.448 (0.506)
0.000 (0.000)
0.000 (0.000)
0.103 (0.310)
0.220 (0.419)
0.280 (0.458)
0.138 (0.351)
0.293 (0.461)
0.320 (0.476)
0.310 (0.471)

0.290 (0.454)
0.645 (0.478)
0.653 (0.476)
0.673 (0.469)
0.323 (0.468)
0.314 (0.464)
0.290 (0.454)
0.032 (0.176)
0.033 (0.178)
0.037 (0.188)
0.326 (0.469)
0.355 (0.478)
0.309 (0.462)

0.687 (0.464)
0.683 (0.465)
0.699 (0.459)
0.415 (0.493)
0.426 (0.495)
0.447 (0.497)
0.063 (0.243)
0.065 (0.246)
0.061 (0.240)
0.170 (0.376)
0.163 (0.370)
0.159 (0.366)
0.352 (0.478)
0.346 (0.476)
0.333 (0.471)

0.254 (0.435)
0.540 (0.499)
0.617 (0.486)
0.629 (0.483)
0.425 (0.494)
0.352 (0.478)
0.332(0.471)
0.035 (0.185)
0.031 (0.173)
0.039 (0.194)
0.371 (0.483)
0.385 (0.487)
0.309 (0.462)

0.686 (0.464)
0.703 (0.457)
0.666 (0.472)
0.470 (0.499)
0.511 (0.500)
0.495 (0.500)
0.049 (0.216)
0.064 (0.245)
0.072 (0.259)
0.240 (0.427)
0.181 (0.385)
0.171 (0.377)
0.241 (0.428)
0.245 (0.430)
0.262 (0.440)

0.147 (0.356)
0.588 (0.493)
0.723 (0.449)
0.676 (0.470)
0.387 (0.488)
0.262 (0.441)
0.324 (0.470)
0.025 (0.156)
0.015 (0.123)
0.000 (0.000)
0.250 (0.434)
0.262 (0.441)
0.176 (0.383)

0.587 (0.493)
0.662 (0.474)
0.647 (0.480)
0.425 (0.495)
0.369 (0.484)
0.588 (0.495)
0.050 (0.218)
0.108 (0.311)
0.088 (0.285)
0213 (0.410)
0.138 (0.346)
0.029 (0.170)
0.313 (0.464)
0.385 (0.488)
0.294 (0.458)

Remarks: IL = Impact Location; SI = Severe Injury; MI = Minor Injury; NI = No Injury; C = Center crashes; L = Left-side crashes; R = Right-side crashes.

34



3.3 Methods

The random parameters multinomial logit model with the heterogeneity in the means and
variances can explicitly address observation-related variations of explanatory variables
although existing data sources cover only a small fraction of a wide variety of factors that affect
the injury severities (Behnood and Mannering, 2017). To investigate significant contributing
factors and identify the possible unobserved heterogeneity in adverse-road-related crashes, this
model is employed in this study. The linear utility function is defined as follows to determine

the specific injury severity level & in crash n (Alnawmasi and Mannering, 2019):

Ukn = BiXkn + €kn (3.1)

where Uy, is the severity function that determines the probability of injury severity level k in
crash n, B} is the vector of parameters estimated for the driver injury severity level k, X,
is the vector of explanatory variables influencing driver injury severities in single-vehicle crash

n, and &, is a stochastic error term.

If the disturbance term is assumed to be generalized extreme value distributed, which
allows parameters to vary across observations, a standard multinomial logit model can be

defined as (McFadden, 1981):

P = exp(BiXkn)
o 2 exp(BiXyn

)f(ﬁlfp)dﬁ (3.2)

where Py, is the probability of injury severity outcome k in crash n, f(B|¢) is the
probability density function of vector B and ¢ is a vector of parameters describing the

density function, while the other terms have been defined previously.

When the heterogeneity in means and variances exists among random parameters, the
vector fB;, that allows estimated parameters to vary across accidents can be defined as (Al-

Bdairi et al., 2020; Islam and Mannering, 2020; Alnawmasi and Mannering, 2023):

Bin = Bk + 61 Zyp, + orexp (0 Wip)vpn (3.3)
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where f; represents the constant term (constant across all observations for injury severity k),
Z,, 1sthe vector of crash-specific variables with the heterogeneity in the mean that determines
the driver injury severity k, 8 is a corresponding vector of estimable parameters, Wy, is
another vector of crash-specific explanatory variables explaining the heterogeneity in the

standard deviation g, with the corresponding parameter vector wy, and vy, is the error term.

A simulation-based maximum likelihood method is used to estimate the model parameters.
Previous studies (Halton, 1960; Bhat, 2000; Behnood and Al-Bdairi, 2020) have shown that
1000 Halton draws could effectively estimate coefficients for the distribution of the random
parameters and compute the probabilities by stochastically drawing values. Meanwhile, a
variety of parameter density functions (e.g., uniform, lognormal, normal, and triangular
distributions) have been empirically evaluated in previous studies, which recommended that
the model with a normal distribution is statistically superior in its capability to describe the
central tendency and variations of random variables compared to models using other
distributions (Behnood and Al-Bdairi, 2020; Islam and Mannering, 2020). Therefore, the

identified random parameters are set to be normally distributed in this study.

To directly interpret the effects of significant variables X}, on the probability of driver
injury outcome k, marginal effects are also computed. Specifically, the marginal effect denotes
the effect that every one-unit increase of an explanatory variable Xj,; has on the k-th severity
outcome probability (Washington et al., 2020), which is calculated by averaging the marginal

effects over all crash observations:

) .
X = = P [ given Xy, = 1] — Py [ given Xy = 0] (3.4)
knl

3.4 Temporal stability and impact location transferability tests

To statistically investigate the stability of the influence that significant determinants have
on adverse-road-related crash injury severities, two groups of likelihood ratio tests were
conducted. The first series were employed to compare the models developed for two individual

years and examine if the parameter estimates of the center, left-side, and right-side crash injury
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severities were stable over observed years, which can be defined as (Washington et al., 2020):

)(12 = —Z[LL(.Byearzyearl) - LL(.Byearl)] (3.5)

where year; and year, are two observed individual years; LL(Byeqr,year,) 1s the log-
likelihood of a model containing converged parameters from year, while using data from
yeary; LL(Byeqr,) is the log-likelihood at convergence of the model containing converged

parameters using year;’s data (parameters are no longer restricted to subset data year,’s

converged parameters as is the case for LL(Byeqr,year,))-

Table 3.3. Likelihood ratio test results for center, left-side, and right-side crashes between different

years (y* values with degrees of freedom in parenthesis and confidence level in brackets).

yeari year:

Center Left Right

2015 2016 2017 2015 2016 2017 2015 2016 2017
2015 - 71.874 71.657 - 88.868 52.350 - 85.035 62.994

- (20) (19) - (18) (22) - a7 (20)

- [>99.99%] [>99.99%] - [>99.99%] [99.97%] - [>99.99%] [>99.99%]
2016 91.705 - 48.474 47.159 - 43.827 35.400 - 62.860

(20) - (19) 21 - (22) 21 - (20)

[>99.99%] - [99.98%] [99.91%] - [99.63%] [97.45%] - [>99.99%]
2017 70.870 78.947 - 45.978 108.294 - 41.909 70.153

(20) (20) - (21) (18) - (21) 17)

[>99.99%] [>99.99%] [99.87%] [>99.99%] [99.57%] [>99.99%] -

The test was also conducted by reversing year;’s data and year,’s data to provide two
test results for each model comparison. The test follows a x? distribution with the degrees of
freedom equaling to the number of estimated parameters in Byeqr,year,- The resulting x2
statistic can be utilized to determine whether the null hypothesis that the parameters are stable
in the two years should be rejected or accepted (Behnood and Mannering, 2015). Table 3.3
presents the results of hypothesis tests across different collision locations over the years. There
is a significant level of confidence that the models’ specifications and estimated parameters are
not temporally stable among the year-to-year combinations, as shown by the fact that 17 out of
the 18 tests produced confidence levels that were larger than 99%. Besides, one test of year-
on-year comparison illustrated that the null hypothesis (the parameters were the same) could
be rejected at the 95% confidence level (this was the 2016 data using the 2015 parameter
estimates for right-side crashes). As such, the overall high degree of confidence indicates the

obvious temporal instability of the estimated parameters for each impact location group.
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Similarly, the transferability of estimated parameters between center, left-side, and right-

side crash models can be validated with (Alnawmasi and Mannering, 2022b):

xe? = =2[LL(Bi,1,) — LL(By,)] (3.6)

where [; and [, are two individual vehicle impact locations; LL(B;,;,) is the log-likelihood
of a model containing converged parameters from [, while using data from [;; LL(f;,) is the
log-likelihood at convergence of the model containing converged parameters using [;’s data

(parameters are no longer restricted to subset data [,’s converged parameters as is the case for

LL(B1,1,))-

Table 3.4 presents the results of hypothesis tests for three years between different vehicle
impact locations. These tests consistently yielded confidence levels exceeding 99%, indicating
a substantial lack of transferability in the models’ specifications and estimated parameters
across different location combinations. Therefore, the null hypothesis that center, left-side, and

right-side crash models can be transferred to each other should be rejected.

Table 3.4. Likelihood ratio test results for three years between different vehicle impact locations (y*

values with degrees of freedom in parenthesis and confidence level in brackets).

I >

2015 2016 2017

Center Left Right Center Left Right Center Left Right
Center - 99.466 265.846 - 55.997 118.057 - 66.840 163.156

- 21 21) - (18) 17 - (22) (20)

- [99.99%] [>99.99%] - [>99.99%] [>99.99%] - [>99.99%] [>99.99%]
Left 72.904 - 145.173 44915 - 59.782 58.748 - 107.861

(20) - 21) (20) - 17 (19) - (20)

[>99.99%] - [>99.99%] [99.89%] - [>99.99%] [>99.99%] - [>99.99%]
Right 172275 115310 - 80.736 58.117 - 103.322  87.045

(20) @21 - (20) (18) - (19) (22)

[>99.99%] [>99.99%] [>99.99%] [>99.99%] [>99.99%] [>99.99%] -

3.5 Net effect between out-of-sample predictions and within-sample observations

Examining the net effect of temporal shifts could provide more insightful results than
solely focusing on likelihood ratio tests or marginal effects (Alnawmasi et al., 2024; Alnawmasi
and Mannering, 2022a, 2022b; Hou et al., 2022; Xu et al., 2021). To this end, the out-of-sample
prediction was first conducted. That is, parameters of one year’s center/left-side/right-side
crash model were used to predict the driver injury severity with center/left-side/right-side data

from a different year. Meanwhile, the within-sample observation (the calculated probability
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from one year’s data using the same year’s estimated model) was also obtained to provide the
comparison benchmark. The simulation of out-of-sample prediction was carried out using the
similar method in estimating parameters from the base sample, and 1,000 Halton draws were
employed to compute driver injury severity probabilities (Yan et al., 2023a). The means of
differences between the out-of-sample probability and within-sample probability could reveal

the aggregate net effects of year-to-year temporal shifts, which are calculated through:

AP (kl) = Pyear,year, (kl) — Pyean, (kl) (3 7)

where Pyear,year;(k;) is the estimated probability of the driver injury severity k belonging to
location category / (center/left/right) in year> (2015/2016/2017) using the estimated injury
severity model based on year;’s (2015 or 2016) data, and Pyear, (ki) denotes the probability of

the injury severity k of location category / in year; using year;’s estimated model.

Likewise, to assess the aggregate injury severity differences among location-to-location
(center/left-side/right-side) combinations, parameters of one group’s crash model will be used
to predict the driver injury severity probabilities with the other two groups’ data in the same
year. The means of differences between the out-of-sample probability and within-sample

probability for each year can be calculated as:

AP (kyear) = Plzl1 (kyear) - Pll (kyear) (38)

where Pi,1, (kyear) is the estimated probability of driver injury severity k belonging to year
(2015/2016/2017) in location category [, (center/left-side/right-side) using the estimated
driver injury severity model based on [;’s (center/left-side/right-side) data, and P, (kyear)
denotes the probability of injury severity k of location category [, in year (2015/2016/2017)

using the ;s estimated model.

With respect to temporal shifts, Table 3.5 presents the means of probability differences
between out-of-sample predictions and within-sample observations over different years. For
example, if the 2015 center crash model parameters are used to predict 2016 center crash injury

severities, there will be an increase in the probabilities of minor injuries and severe injuries by
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0.0158 and 0.0018, while the probability of no injuries will decrease by 0.0176. However, if
these parameters are used to predict 2017 center crash injury severities, the probability of no
injuries and severe injuries will be underestimated by 0.0176 and 0.0019, while the
probabilities of minor injuries will be overestimated by 0.0195. Similarly, both the means of
probability differences between the within-sample and out-of-sample predictions for left-side
and right-side crashes show an unstable trend, indicating the necessity to account for the
temporal instability in forecasting the driver injury severity of single-vehicle crashes (Alogaili

and Mannering, 2022a; Mannering, 2018b).

Table 3.5. Means of probability differences in predicting the injury severity between different years.

Observed year Severity Predicted year
2016 2017
Center Left Right Center Left Right
2015 NI -0.0176 -0.0060 0.0054 -0.0176 0.0043 0.0072
MI 0.0158 0.0030 0.0003 0.0195 —-0.0001 —-0.0050
ST 0.0018 0.0030 -0.0057 -0.0019 —0.0042 —-0.0022
2016 NI - - - 0.0004 0.0026 0.0013
MI - - - 0.0027 0.0048 —-0.0054
ST - - - —0.0031 —0.0074 0.0041

Table 3.6. Means of probability differences in predicting the injury severity between different impact
location groups.

Observed Severity Predicted group
group Center Left Right
2015 2016 2017 2015 2016 2017 2015 2016 2017
Center NI - - - -0.0188 -0.0090 -0.0048 -0.0589 -0.0410 -0.0362
MI - - - 0.0196 0.0091  0.0090 0.0506 0.0399 0.0296
SI - - - -0.0008 -0.0001 -0.0042 0.0083 0.0011 0.0066
Left NI 0.0317 0.0150 0.0093 - - - -0.0409 -0.0284 -0.0309
MI -0.0329 -0.0141 -0.0131 - - - 0.0338 0.0288 0.0206
SI 0.0012 -0.0009 0.0038 - - - 0.0071 -0.0004 0.0103
Right NI 0.0644 0.0469 0.0363 0.0404 0.0302 0.0287 - - -
MI -0.0559 -0.0457 -0.0295 -0.0321 -0.0312 -0.0196 - - -
SI —0.0085 —-0.0012 —0.0068 —0.0083 0.0010 -0.0091 - - -

Regarding the non-transferability of vehicle impact locations,

Table 3.6 provides the means of probability differences in predicting the driver injury
severity across different impact location groups. Likewise, it can be found that the observed
probabilities will be overestimated or underestimated in all location-to-location comparisons.
However, it is important to note that almost identical directions of differences within the
specific injury category are captured across different years. For instance, using the parameters
of center crash model in 2015 to predict the left-side crash injury severity will underestimate
no injuries and severe injuries, whereas using the same parameters to forecast the minor injury
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of left-side crashes will overestimate the probability. This finding is also applicable to the years
2016 and 2017 in the context of the same driver injury severity levels, excluding the cases of
2016 left-to-center, 2016 left-to-right, and 2016 right-to-left combinations. Nevertheless, there
are variations in the magnitudes of probability differences across different years, which further
indicates the temporal instability and non-transferability of the impact location. Another insight
from the out-of-sample predictions is that the parameters of center crash models would
underestimate the probability of severe injuries in left-side accidents across all periods, while
using the same parameters to predict the severe injury of right-side crashes will overestimate
the probability. Likewise, utilizing the left-side crash model parameters will result in an
overestimation of the likelihood of severe injuries in right-side and center crashes, with slight
variations in cases of 2016 left-to-center and 2016 left-to-right predictions. This conversion
rule also generally applies to results predicted by the right-side crash models. Consequently,
the net effects of aggregate year-to-year and location-to-location shifts are successfully
quantified through probability differences between out-of-sample predictions and within-
sample observations. This consistent finding also highlights the necessity to make more efforts

in mitigating driver injury severities for left-side and center accidents.

To further characterize the net effect, Figure 3.2 shows the detailed distribution of
differences between predicted probabilities and observed probabilities concerning three driver
injury severity outcomes over different years. The mean differences of each injury-severity
category are connected by the blue line in each pairwise comparison subplot. The deviation of
each line from the vertical line at 0 provides an intuitive understanding of the aggregate
differences in predictions. For example, it could be observed that the overall out-of-sample
prediction biases between different years in the center crash models are greater than the
prediction differences in the left-side and right-side models. Meanwhile, the kernel density
plots of severity prediction differences in each paired comparison subplot can quantify the
magnitude of the dispersion. For instance, the dispersion of the probability differences in
forecasting injury severities for 2017C using the 2015C model is greater than that of the

probability differences in predicting injury severities for 2017L using the 2015L model, as
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shown in Figure 3.2 (a) and Figure 3.2 (e).
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Figure 3.2. Distribution of differences between predicted probabilities and observed probabilities over different years.

To depict the distribution features of the net effect between different years more accurately,
Table 3.7 further tabulates the skewness and kurtosis of these probability differences.
Specifically, skewness measures the degree of asymmetry in the distribution of data. A negative
skewness indicates a left-skewed distribution, a positive skewness indicates a right-skewed
distribution, and a skewness of 0 indicates a symmetric distribution. Kurtosis measures the

degree of peakedness and thickness of the tails in a data distribution. A positive kurtosis
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Table 3.7.

Frequency distribution characteristics of probability differences in predicting the injury severity between different years.

Observed year ~ Severity Predicted year
2016 2017
Center Left Right Center Left Right
Skewness  Kurtosis Skewness  Kurtosis Skewness  Kurtosis Skewness  Kurtosis Skewness  Kurtosis Skewness  Kurtosis
2015 NI —0.9824 5.2927 —-0.2689 1.4660 1.0988 6.3233 —0.7243 4.3558 -0.4073 1.3764 0.7600 6.0304
MI 0.7489 4.7537 0.2141 1.3494 —0.8853 6.8081 0.0860 4.1783 0.4325 1.4765 -0.6152 6.0172
SI —1.0883 32.1429 -2.4676 38.6673 —4.0466 23.1214 1.6661 37.0251 1.4614 10.9905 —4.8028 36.9795
2016 NI - - - - - - —0.7235 3.4619 -0.6134 3.4807 —0.6689 6.0578
MI - - - - - - 0.0481 3.8709 0.4686 2.3652 0.6924 7.5888
SI - - - - - - —0.1239 23.6252 2.9124 42.4957 1.0837 16.5791

Table 3.8. Frequency distribution characteristics of probability differences in predicting the injury severity between different impact location groups.

Observed Severity Predicted year

year Center Left Right
2015 2016 2017 2015 2016 2017 2015 2016 2017
SkewnessKurtosis SkewnessKurtosis SkewnessKurtosis ~ SkewnessKurtosis SkewnessKurtosis SkewnessKurtosis ~ SkewnessKurtosis SkewnessKurtosis SkewnessKurtosis
Center NI - - - - - - 0.1839 0.6443 —1.0662 4.9354 —1.5818 6.2768 —1.2730 3.0330 -0.7224 1.4619 -2.2076 9.1958
MI - - - - - - —0.2333 0.2055 0.8498 3.1926 1.5407 7.6349 0.9494 19338 0.4679 1.5879 1.2703 10.3441
SI - - - - - - 0.6982 14.1082 —0.3144 68.2955 3.1685 34.5727 6.5012 72.1255 4.1671 41.3463  4.5506 33.0885
Left NI —0.1819 0.7377 1.2433 3.8167 1.7416 5.6175 - - - - - - -0.3365 1.1180 -0.1543 3.5299 0.6171 4.8153
MI 0.2602 0.2302 —1.1182 3.2991 -1.4004 5.5862 - - - - - - 0.1558 1.1271 -0.6132 6.3740 —1.4806 8.9486
SI —1.5468 16.7142 —0.6554 53.8579 —3.223125.5707 - - - - - - 3.2337 12.0266/  7.1003 91.6221 1.5079 9.3259
Right NI 1.2129 29782 0.7287 1.1168 1.9853 7.6009 0.3542 1.5519 0.0231 3.4325 -0.3654 4.1431 - - - - - -
MI —0.8945 2.0921 -0.5430 1.0752 —1.0142 8.1493 -0.0873 1.3930 0.9309 8.3671 1.3839 8.3683 - - - - - -
SI —4.8706 33.2350 —4.348531.3375 —4.1148 27.3005 —3.0844 11.1450 —6.8693 86.9108 —1.6662 9.6826 - - - - - -
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suggests a distribution that is more peaked and has thicker tails than a normal distribution,
while a negative kurtosis indicates a distribution that is flatter than a normal distribution. These
two indices, representing the differences in out-of-sample predictions for each year’s samples,
are annotated with different colors to indicate their positive or negative values, with darker

colors signifying larger values.

It can be seen that the probability differences in using the 2015 center and left models to
predict no injury outcome for the corresponding positions in 2016 and 2017 are left-skewed,
while the probability differences in using the 2015 right crash model to predict no injury
outcomes for the corresponding positions in 2016 and 2017 are right-skewed. Moreover, the
magnitude of the right-skewed values is greater than that of the left-skewed values, further
indicating the non-transferability of the collision location parameters. Additionally, a nearly
opposite direction of skewness is observed in predicting no injuries and severe injuries between
different years, and the magnitude of skewness values in no injuries are generally greater than
the corresponding probability differences for severe injuries. This suggests that there are
significant differences between the out-of-sample prediction results for different severity levels
due to the imbalanced dataset. As for the kurtosis, it is found that the kurtosis of minor injuries
1s comparable to that of no injuries among all the year-to-year prediction differences, whereas
the kurtosis of the prediction differences in severe injuries is significantly greater than those of
the previous two, indicating that there is a greater degree of peakedness and thickness in the

tails of the distribution of the prediction differences for severe injuries.

Similarly, Figures. 3.3-3.5 depict the detailed distribution of differences between predicted
probabilities and observed probabilities regarding three driver injury severity outcomes over
different impact locations for three years. Table 3.8 also presents the skewness and kurtosis of
these probability differences. Apart from the findings that are similar to those presented earlier,
it can be seen from blue mean curves that the prediction differences between different positions
in the same year are markedly larger than the out-of-sample prediction bias for the same impact
location across different years, in comparison to Figure 3.2. This implies that the non-

transferability of the collision location has a greater impact on the prediction than the temporal
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instability. Meanwhile, it is noteworthy that the out-of-sample prediction differences of each
injury severity outcome across different impact positions in 2015 are generally larger than the
prediction differences in the other two years. These findings further highlight the importance
of considering both temporal instability and location non-transferability in the driver injury

severity analysis as both have significant impacts on the accuracy of severity predictions.

To further quantify the impact of changes in mean differences on the performance of out-
of-sample prediction models, the out-of-sample predictive accuracy is also compared to the
within-sample observation accuracy. Figure 3.6 illustrates the disparity in out-of-sample
prediction accuracy and within-sample observation accuracy between groups within the same
collision location but in different years. It can be seen that the majority of accuracy differences
predominantly display negative values, indicating a reasonable decrease in overall prediction
accuracy. In terms of numerical values, the largest prediction difference is found in the severe
injury level, followed by minor injuries and no injuries. However, there are slight discrepancies
in the prediction results across different impact locations. Specifically, there is an observed
increment in the prediction accuracy for minor injuries in center crashes, concomitant with an
increase in the prediction accuracy for no injuries in right-side crashes. By contrast, the
prediction accuracy of left-side accidents decreases for all severity levels. These variations
imply the existence of divergent temporal effects across impact locations, which can be
influenced by factors such as location-specific characteristics and temporal changes in injury
patterns. Figure 3.7 showcases the contrasts in out-of-sample prediction accuracy and within-
sample observation accuracy between groups in the same year but in a different collision
location. The prediction differences show both positive and negative values, which is different
from the consistent decrease in accuracy observed in Figure 3.6. It is worth noting that the
direction of the prediction differences is almost consistent with the means of probability

differences reported in

Table 3.6 for predicting injury severity between different impact location groups, whereas
this phenomenon is not observed in the analysis of accuracy differences over different years.

This notable discrepancy may be attributed to the substantial variations in probability
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differences across three impact locations.
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Figure 3.3. Distribution of differences between predicted probabilities and observed probabilities over groups in 2015.
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Figure 3.4. Distribution of differences between predicted probabilities and observed probabilities over groups in 2016.
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Figure 3.5. Distribution of differences between predicted probabilities and observed probabilities over groups in 2017.
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Figure 3.7. Differences between predicted accuracy and observed accuracy over different impact location groups.
3.6 Results and discussions

Table 3.9 presents a comparative analysis of four competitive models, namely the fixed
parameters multinomial logit model (MNL), the random parameters multinomial logit model
(RPL), the random parameters multinomial logit model with the heterogeneity in the means
(RPLM), and the random parameters multinomial logit model with the heterogeneity in the
means and variances (RPLMV). The specifications of all models were confirmed through a
series of likelihood ratio tests to ensure that the included variables and parameters could
significantly improve the converged log-likelihood (Washington et al., 2020). To evaluate these
models’ performance, four different criteria were used: log-likelihood value, p? value, Akaike
Information Criterion (AIC), and Bayesian Information Criterion (BIC). Specifically, the log-
likelihood value serves as a measure of how accurately the model describes the observed data.
A higher log-likelihood value indicates a better fit between the model and the data. The p?
quantifies the proportion of variance explained by the model, with a higher value signifying a
better fit as well. The AIC and BIC are measures of model complexity, with lower values
indicating a better tradeoff between model fit and complexity (Akaike, 1974; Schwarz, 1978).
The comparative analysis reveals that the random parameters model with the heterogeneity in
the means (and variances) outperforms the other models in terms of these four criteria (except
for the 2016 center crash model where the heterogeneity in the means and variances is not

captured). This model has the highest log-likelihood and p? values, indicating a better fit to the
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crash data. Meanwhile, the AIC and BIC scores for this model are competitive. Additionally, a
series of likelihood ratio tests were employed to compare the random parameters model with
heterogeneity in means (and variances) to the other models (Fountas and Anastasopoulos,
2018). The results illustrate that the null hypothesis that the random parameters model with the
heterogeneity in the means (and variances) is the same as its counterparts can be rejected at the

95 % confidence level. Therefore, the discussion in this study is based on these superior models.

The estimates of random parameters logit models with the heterogeneity in the means (and
variances) across different impact locations in three years are presented in Tables 4.10—4.12,
which indicate an overall satisfactory statistical fit with p? values ranging from 0.550 to 0.644.
Notably, although the heterogeneity in the means of random parameters was consistently
significant (except for the 2016 center crash model), the heterogeneity in the variances was not
found to be statistically significant across three collision locations in years 2016 and 2017. The
factors identified to be significant also exhibited discrepancy between the center, left-side, and
right-side crash models. Table 3.13 shows the marginal effects of the significant variables
(arranged by variable classification). The remainder of this section presents a detailed

discussion of the estimation results from the variable-level perspective.
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Table 3.9. Comparison results of four competitive models (MNL: multinomial logit model, RPL: random parameters multinomial logit model, RPLM:

random parameters multinomial logit model with the heterogeneity in the means, RPLMV: random parameters multinomial logit model with the

heterogeneity in the means and variances).

2015 2016 2017

MNL RPL RPLM RPLMV MNL RPL RPLM MNL RPL RPLM
Center crashes
K (Number of parameters) 17 18 19 20 19 20 - 17 18 19
Log-likelihood at zero (LL(0)) —4832.795 —4832.795 —4832.795 —4832.795 —2749.827 -2749.827 - -4533.973 -4533.973  -4533.973
Converged log-likelihood (LL(B)) —2178.458 -2169.249 -2167.216 -2160.907 -1235.320 -1226.689 - -2055.221 -2044.768  —2042.455
p?=1-LL(B)/LL(0) 0.5492 0.5511 0.5516 0.5529 0.5508 0.5539 - 0.5467 0.5490 0.5495
AIC 4390.9 4374.5 4372.4 4361.8 2492.6 2493 .4 - 41444 4125.5 4122.9
BIC 4499.5 4489.5 4493.8 4489.6 2603.3 2609.9 - 4252.0 42394 4243.1
Likelihood ratio test MNL vs RPL vs RPLM vs MNL vs MNL vs RPL vs

RPLMV RPLMV RPLMV RPL RPLM RPLM

35.102 (3) 16.684 (2) 12.617 (1) 17.262 (1) 25.533 (2) 4.627 (1)

[>99.99%] [99.98%] [99.96%] [>99.99%] [>99.99%] [96.85%]
Left-side crashes
K (Number of parameters) 18 19 20 21 16 17 18 18 19 22
Log—likelihood at zero (LL(0)) —4160.445 —4160.445 —4160.445 -4160.445 -2162.069 -2162.069  -2162.069 -3614.434 -3614.434  -3614.434
Converged log—likelihood (LL(B)) —1821.187 -1819.024 —1814.100 —1804.044 -921.197 -917.155 -913.491 -1565.234 -1562.377  -1552.717
p?=1-LL(B)/LL(0) 0.5623 0.5628 0.5640 0.5664 0.5739 0.5758 0.5775 0.5669 0.5677 0.5704
AIC 3678.4 3676.0 3668.2 3650.1 1866.4 1864.3 1863.0 3166.5 3162.8 31494
BIC 3790.7 3794.6 3793.0 3781.1 1955.8 1959.3 1963.5 3276.2 3278.6 3283.6
Likelihood ratio test MNL vs RPL vs RPLM vs MNL vs RPL vs RPLM vs MNL vs RPL vs

RPLMYV RPLMYV RPLMYV RPLM RPLM RPLM RPLM RPLM

34.285 (3) 29.960 (2) 20.113 (1) 15.412 (2) 7.328 (1) 25.034 (4) 19.320 (3)

[>99.99%] [>99.99%] [>99.99%] [99.95%] [99.32%] [>99.99%] [99.98%]
Right-side crashes
K (Number of parameters) 17 18 19 21 15 16 17 18 19 20
Log—likelihood at zero (LL(0)) —4204.389 —4204.389 —4204.389 —4204.389 -2264.240 -2264.240  -2264.240 -3527.644 -3527.644  -3527.644
Converged log—likelihood (LL(B)) —1506.977 —1504.443 -1501.249 —1497.669 —877.448 —874.578 -869.450 -1367.873 -1365.666  —1358.826
p?=1-LL(B)/LL(0) 0.6416 0.6422 0.6429 0.6438 0.6125 0.6137 0.6160 0.6122 0.6129 0.6148
AIC 3048.0 3044.9 3038.5 3037.3 1784.9 1781.2 1772.9 2771.7 2769.3 2757.7
BIC 3154.2 31574 3157.2 3168.6 1869.4 1871.3 1868.6 2881.1 2884.7 2879.1
Likelihood ratio test MNL vs RPL vs RPLM vs MNL vs RPL vs MNL vs RPL vs

RPLMV RPLMV RPLMV RPLM RPLM RPLM RPLM

18.617 (4) 13.548 (3) 7.161 (2) 15.997 (2) 10.257 (1) 18.094 (2) 13.680 (1)

[99.91%] [99.64%] [97.21%] [99.97%] [99.86%] [>99.99%] [99.98%]
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3.6.1 Heterogeneity in the means and variances of random parameters
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Figure 3.8. Distribution of the random parameters.

As indicated in Table 3.10, three variables were identified as random parameters
with normal distributions in center crash models: the disabling damage indicator,
physically impaired driver indicator, and traffic controls indicator, whereas in left-side
crash models, the insurance indicator, disabling damage indicator, as well as gender
indicator were identified as significant random parameters, as shown in Table 3.11.
Concerning right-side collision models in Table 3.12, it was discovered that the
intersection indicator, vehicle age>10 indicator, and safety restraint usage indicator
produced random parameters with heterogeneous means or variances. The results
demonstrate that a varying influence of the unobserved characteristics on the driver
injury severity between different vehicle impact locations is captured by these random
parameters (Mannering et al., 2020). Figure 3.8 presents the probability density

diagrams of these identified normally distributed random parameters. Taking the 2017
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center crash model as an example, the traffic control indicator defined to minor injury
outcome produces a random parameter that is normally distributed with a mean of —
1.797 and a standard deviation of 1.684. This implies that the parameter of this variable
is negative with a probability of 85.70% and positive with a probability of 14.30% for

each observation.

As for the heterogeneity in the means, the presence of roadway with more than six
lanes was observed to decrease the means of heterogeneity in the disabling damage
indicator for minor injury outcomes in the 2015 center crash model, whereas the
insurance indicator would increase the mean of the random parameter generated by the
traffic controls indicator specific to minor injuries in 2017 center crashes. It is worth
noting that no explanatory variable was found to have significant influences on the
heterogeneity in the means of physically impaired driver indicator defined to no injuries
in the 2016 center crash model. Turning to the heterogeneity in the means of left-side
crash models, the physically impaired driver indicator was observed to decrease the
mean of its random parameter, resulting in a decreased likelihood of no injuries in 2016.
On the other hand, this indicator would elevate the mean of the insurance indicator in
the 2015 left-side crash model, thereby increasing the possibility of severe injury
outcomes. In the presence of 4-6 lanes and animals, the mean of female drivers for
minor injury would decrease in 2017 left-side crashes, making minor injury less likely.
By contrast, when the first harmful event was identified as the non-colliding object such
as a rollover, there was an observed increment in the mean, consequently amplifying
the likelihood of minor injuries. Different from the 2017 left-side crash model, the
female driver indicator was found to be a significant variable that increased the means
of heterogeneity in the vehicle age older than 10 years indicator for minor injury
outcomes in the 2016 right-side crash model. Regarding the 2015 right-side crash model,
the mean of intersection indicator defined to no injury would increase when the traffic
control was functioning. In the 2017 right-side crash model, middle-aged drivers were

found to be associated with increased mean of the safety restraint usage indicator,
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making minor injuries more likely.

With regard to the heterogeneity in the variances, none of explanatory variables
had significant impacts on the variances of the random parameters across all 2016 and
2017 crash models, as shown in Tables 4.10—4.12. The insured vehicle indicator was
found to statistically decrease the variance of the random parameter produced by the
disabling damage indicator for minor injury in 2015 center crashes, leading to more
observations decreasing the likelihood of minor injury. Turning to the 2015 left-side
crash model, the variances of insurance indicator specific to severe injury would decline
if safety restraints were utilized by drivers in these single-vehicle accidents. Regarding
right-side crashes in 2015, it was observed that the disabling damage led to an increase
in the variance of the random parameters relating to the intersection indicator for no
injury, while insured vehicles exhibited a significant association with decreased

variance.

3.6.2 Crash characteristics

The collision with fixed object indicator consistently resulted in more severe
injuries (with positive marginal effects for minor injuries or severe injuries) in 2015
and 2017. It can be speculated that the tire-road friction coefticient under adverse road
conditions is smaller than that of dry surfaces, thus limiting the effectiveness of braking
systems in hazardous situations. Consequently, there is greater kinetic energy
dissipation during a collision with fixed objects, thereby increasing the likelihood of
fatal and minor injuries (Roque et al., 2015). Regarding the non-collision indicator, it
was also observed to be associated with an increased possibility of more severe injury
for each location in one or two years, further reflecting the potential temporal stability
and transferability of this indicator. This could be attributed to the inherent seriousness
of this crash type, that is, non-collision accidents such as overturns are typically
associated with strong lateral impact, thus resulting in injuries and fatalities (Yan et al.,

2022). Nevertheless, considerable variations in the combination of different damage
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locations and years were captured, indicating the complexity of interaction mechanism.
It is also noteworthy that although the estimated parameter of the animal-involved
collision indicator consistently led to less severe injury (with positive values for no
injury and negative values for minor injury or severe injury) across three observed years,
this indicator was found to be significant in all center crash models but only significant
in one or two side-wipe crash models, demonstrating the slight diversity across impact

locations.

The non-functional damage indicator was identified as a determinant to be
negatively associated with the occurrence of minor injuries or severe injuries in 2017
center and right-side crash models, while the functional damage indicator was
statistically significant in all models except for the 2016 right-side crash model.
Furthermore, it was observed that the disabling damage indicator had a significant
impact on the severity of crashes across all combinations of years and locations.
Notably, this indicator consistently correlated with more severe driver injuries (with
positive values indicating minor or severe injuries). These findings suggest that the
disabling damage indicator is not only consistent over time but also transferable across
different crash locations. The results were intuitive since the driver injury severity and
the vehicle damage severity were positively related when crashes happened. With
respect to indicators reflecting the movement type preceding the crashes, the straight
driving indicator would increase the possibility of more severe injury in 2016 center
and 2017 left-side crash models, whereas these indicators were found to be statistically
insignificant in right-side crash models. This interesting phenomenon can be explained
by the fact that drivers typically bear indirect damage in left-hand drive vehicles when
right-side crashes happen, thus sharing lower risks and being less sensitive to this

movement indicator compared to collisions occurring in the other two impact positions.

3.6.3 Driver characteristics

For age-related indicators, it was observed that young and middle-aged drivers
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were associated with a decreased probability of severe injuries in 2017 crash models.
However, these two variables were not found to be significant in 2015 and 2016 models.
In contrast, the old driver indicator was observed to maintain a positive relationship
with more severe injury crashes. Besides, it is noteworthy that this variable was
identified as a rather consistent characteristic among three impact locations from 2015
to 2017. These findings are in line with previous studies (Alnawmasi and Mannering,
2022b; Chen et al., 2016). A possible explanation is that the declined perception and
reaction ability of old drivers would cause serious obstacles in dealing with complicated

traffic environments and subsequently lead to more serious injuries.

The safety restraint usage indicator was also found to be temporally and
positionally stable across different collision locations, making minor or severe injuries
less likely. Previous findings also found that using protection such as the belt or helmet
can significantly decrease injury severities in traffic accidents (Wang and Abdel-Aty,
2008; Li et al., 2019). The results suggested that stricter regulations should be
formulated to increase the proportion of drivers with seatbelts on. With respect to
drivers’ gender attributes, female drivers consistently demonstrated temporal stability
and location transferability throughout the observed year, with a positive effect on
minor or severe injuries due to their susceptibility to traffic accidents (Alnawmasi and

Mannering, 2022).

Regarding the physically impaired indicators, the marginal effects showed that
impaired drivers tended to increase the possibility of minor or severe injuries (Behnood
and Mannering, 2017). Compared to left-side and right-side crashes, severe injury
crashes might be more likely to occur in center crashes when the driver was in the
physically impaired condition. Empirical studies have shown that drivers’ driving skills,
including attention, scanning, and information processing ability, would deteriorate
even at low blood alcohol concentration levels (European Commission, 2018; Yan et
al., 2021a). Therefore, the joint effect of the diminished capacity to avoid risks in case

of danger and more aggressive driving behaviours such as speeding would result in
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more severe injuries, especially in head-on collisions with the fastest energy decay rate

under adverse road surface conditions.

3.6.4 Temporal characteristics

The season-of-year indicators generally yielded respective consistent marginal
effects across different impact locations over the years. Regarding the marginal effects
of the spring indicator, minor or severe injuries were more likely to occur in the
variable-significant models over three different impact locations. The summer indicator
was also found to be positively associated with a decreased possibility of no injuries
while making minor injuries more likely. By contrast, it was observed that the autumn
would result in less likelihood of severe injury in 2015 left-side crashes. The possible
reason underlying such divergency is that adverse weather conditions (e.g., typhoons
and rainstorms) that typically occur in spring and summer can significantly deteriorate
the driving environment (Wang et al., 2022), whereas the autumn indicator is generally
associated with fine weather with low precipitation, adequate sunlight, and comfortable

temperature in Ohio (Weather Atlas, 2022).

The early morning indicator was only statistically significant in 2015 and 2017
right-side crash models, which demonstrated positive marginal effects in relation to
minor or severe injuries. This phenomenon can be explained from two perspectives. On
the one hand, major causes of catastrophic collisions, such as speeding, fatigue, and
drowsy driving, are more prevalent in the early morning hours (Siebert et al., 2019).
Another alternative explanation might be the reduced visibility during early morning
periods (Yan et al., 2021b), which significantly increased risks of right-side crashes
compared to left-side and center collisions on adverse road surfaces. Note that only the
2016 left-side crash model captured the negative effect of the afternoon indicator, which
is associated with the increased likelihood of minor injuries and severe injuries. Apart
from the similar issues of distracted and fatigued driving in the early morning,

afternoons usually witness high traffic volumes during rush hours. The increased
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number of vehicles can result in road congestion and traffic jams, subsequently raising
the probability of accidents. Compared to weekends, the weekday indicator was
observed to make severe injuries less likely among 2016 left-side crashes, which aligns

with previous empirical findings (Yan et al., 2021a; Behnood and Al-Bdairi, 2020).

3.6.5 Vehicle characteristics

The passenger car involvement indicator was identified as a significant determinant
only in the 2015 left-side and 2016 center crash models with a higher possibility of no
injuries, while it was not identified as a significant variable in right-side accidents.
Compared to trucks and SUVs, passenger cars equipped with specialized safety features,
such as advanced airbag systems, crumple zones, and side impact beams, are more
effective in mitigating impact forces and reducing the risk of injuries, especially in
destructive left-side and center crashes. Being the insured vehicle was found to
significantly influence driver injury severities across various combinations of different
impact locations and years under poor road surface conditions, demonstrating a high
level of temporal consistency and impact location transferability. It was found to be
stably associated with a decreased probability of more severe injury since most insured
drivers may have higher safety awareness (Yan et al., 2021a). Distinct findings also
revealed that insurance made drivers more likely to sustain more severe injuries (Zhang
et al., 2014). This might be caused by the driving-compensating principle that insured

drivers were less cautious and more likely to engage in dangerous driving behaviours.

With respect to the vehicle age, the 5—10 years old indicator was observed to be of
temporal and positional instability. In the 2016 center crash model, it was found to have
a positive impact on severe injuries, whereas it turned out to be negatively related to
the incidence of severe injuries in the 2015 right-side crash models. This indicates that,
even for well-functioned automobiles, the vehicle’s kinetic energy could
instantaneously transfer to drivers and result in more severe injuries in center crashes.

By contrast, the vehicle’s kinetic energy might be distributed between the vehicle and
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the driver in right-side collisions, thus resulting in less severe injuries. The 0-5 years
old indicator was observed to be positively related to severe injury severities in the
variable-significant model while producing subtle differences in their marginal effects
owing to the divergences of estimated parameter categories. Likewise, when crashes
involving more than 10 years older vehicles, the likelihood of severe injuries was
observed to increase but only generated statistical significance in the 2016 right-side
crash model. It is understandable that vehicles over ten years were typically associated
with poor mechanical properties and low stability, which might cause potential safety
hazards and result in a higher probability of more severe injury outcomes (Yan et al.,

2021a).

3.6.6 Roadway characteristics

In 2015 right-side and 2017 center crashes, the results showed that there was a
lower possibility of more severe injuries if the accident occurred on the road section
with traffic controls functioning. This is consistent with previous findings that signal
controls implemented at intersections with complex traffic conditions can effectively
regulate the traffic flow in orderliness (Wang and Abdel-Aty, 2008). For the number of
lanes indicator, it is noteworthy that these variables were all found to be statistically
insignificant in right-side crashes and 2016 crashes, indicating the sensitivity and non-
transferability to different impact locations and years. It was observed that being 1-3
lane roadways and greater than 6 lane roadways generally produced consistent findings
for center and left-side crashes in 2015 and 2017, resulting in more severe outcomes.
In contrast, crashes occurred in 4—6 lane roadways would result in less severe injuries
for the 2015 left-side combination. One possible reason for this remarkable difference
is the relatively narrower driving space on 1-3 lane roadways and the more aggressive

driving behaviours of drivers on wider roads (Se et al., 2021).

Regarding the variables reflecting roadway types, the freeway indicator was only

found to be statistically significant in the 2016 center crash model, making more severe
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injury less likely, whereas the municipal street indicator sustained less severe injuries
in 2016 left-side crashes. Municipal streets were also found to be negatively associated
with minor injuries and severe injuries in right-side crashes (in 2015 and 2016). One
rationale lies in the fact that highways and municipal roads typically feature spacious
lanes, medians, and effective traffic management systems, which help reduce traftic
congestion and the risk of accidents. An alternative reason is that these roads are subject
to stringent regulation and enforcement measures. Traffic police and surveillance
systems regularly patrol and monitor highways and municipal roads to ensure
compliance with traffic rules and speed limits. Besides, it was found that the
intersection indicator was positively correlated with the no injury or minor injury
outcomes in the 2015 right-side crash model. One possible explanation is that drivers
tended to be more cautious with a slower speed when driving near intersections with
wet, snowy, or icy road surfaces (Pervaz et al., 2022), thereby decreasing the possibility

of severe injuries.

Despite being insignificant in three impact location models of 2016, the speed limit
of 30—60 mph showed the potential impact location transferability of corresponding
parameter estimates, which was negatively associated with no injuries and positively
associated with the minor injuries or severe injuries in 2015 center and left-side
collisions, as well as that in 2017 right-side crashes. This is reasonable since the braking
distance of vehicles would significantly increase under adverse road conditions. Even
within lower speed limits, drivers may still be unable to stop in a timely manner if there
are obstacles or other vehicles on the road, resulting in collisions and serious injuries
(L1 et al., 2018). Furthermore, maintaining vehicle stability can also be challenging in
unfavorable surface scenarios, as vehicles are prone to losing balance or experiencing

skidding, thereby increasing the risk of rollovers and collisions.

3.6.7 Environment characteristics

Regarding the environmental attributes, only the dark-unlighted indicator specific
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to minor injuries and the adverse weather condition indicator specific to no injuries
were found to generate significance statistically. The former variable exhibited
marginal effects in the 2015 left-side crash model, where it was positively associated
with no injuries and severe injuries. However, it was not identified as a significant
variable in all center and right-side crash models, demonstrating the diversity across
different damage locations. It can be assumed that compared to far-side crashes, near-
side accidents were more sensitive to the impact of lighting conditions. Therefore, the
lighting condition should be improved to reduce the occurrence of such accidents
(Chang et al., 2022). Another insightful understanding is the extreme nature of this
variable. Namely, even though drivers tended to compensate for adverse visibility
conditions by modifying their driving behaviours to maintain an acceptable level of risk,

there was still a higher likelihood of severe injury severities once the crash happened.

Note that the adverse weather condition consistently exhibited a negative
correlation to minor and severe injuries in 2016 crashes across all impact locations,
whereas it was not identified as a significant variable in 2015 and 2017 crash models.
This implies the presence of temporal shifts between disaggregated years, highlighting
the importance of considering temporal dynamics when implementing targeted injury
prevention strategies. This is consistent with findings of historical empirical studies
where drivers were found to behave more carefully under unfavorable driving
conditions due to the risk-compensating mindset (Behnood and Mannering, 2019; Islam

and Mannering, 2020, 2021; Pang et al., 2022; Wang et al., 2018).

60



Table 3.10. Model estimation results of random parameters logit models with heterogeneity in

the means and variances in center crashes over the years.

Variable

2015

2017

Parameter t-Stat Parameter t-Stat Parameter t-Stat

[MI] Constant

[ST] Constant

Random parameters (normally distributed)

[MI] Disabling damage indicator (1 if damage to
vehicle is disabling, 0 otherwise)

Standard deviation

[MI] Traffic controls indicator (1 if traffic control
functioned, 0 otherwise)

Standard deviation

[NI] Physically impaired driver indicator (1 driver is
impaired by alcohol, drugs, illness, or fatigue, etc., 0
otherwise)

Standard deviation

Heterogeneity in the means of random parameters
[MI] Disabling damage indicator (1 if damage to
vehicle is disabling, 0 otherwise): The number of
lanes indicator (1 if the number of lanes is greater
than 6, 0 otherwise)

[MI] Traffic controls indicator (1 if traffic control
functioned, 0 otherwise): Insurance indicator (1 if
vehicle was insured, 0 otherwise)

Heterogeneity in the variances of random
parameters

[MI] Disabling damage indicator (1 if damage to
vehicle is disabling, 0 otherwise): Insurance indicator
(1 if vehicle was insured, 0 otherwise)

Crash characteristics

[NI] Collision with fixed object indicator (1 if
collided with roadside fixed object as the first harmful
event, 0 otherwise)

[NI] Non-Collision indicator (1 if first harmful event
was identified as non-colliding object such as a
rollover, etc., 0 otherwise)

[NI] Animal indicator (1 if animal involved in the
crash, 0 otherwise)

[MI] Animal indicator (1 if animal involved in the
crash, 0 otherwise)

[NI] Non-functional damage indicator (1 if damage to
vehicle is non-functional, 0 otherwise)

[MI] Functional damage indicator (1 if damage to
vehicle is functional, 0 otherwise)

[NI] Disabling damage indicator (1 if damage to
vehicle is disabling, 0 otherwise)

[SI] Disabling damage indicator (1 if damage to
vehicle is disabling, 0 otherwise)

[NI] Straight driving indicator (1 if the vehicle was
going straight preceding the crash, 0 otherwise)
Driver characteristics

[MI] Middle-aged driver indicator (1 if driver age
between 30-50 years, 0 otherwise)

[NI] Old driver indicator (1 if driver age over 50, 0
otherwise)

[MI] Old driver indicator (1 if driver age over 50, 0
otherwise)

[NI] Safety restraint usage indicator (1 if driver used
shoulder and lap belt, 0 otherwise)

[MI] Safety restraint usage indicator (1 if driver used
shoulder and lap belt, 0 otherwise)

[NI] Gender indicator (1 if driver was female, 0
otherwise)

[NI] Physically impaired driver indicator (1 driver is
impaired by alcohol, drugs, illness, or fatigue, etc., 0
otherwise)

Temporal characteristics

[NI] Spring indicator (1 if crash occurred during the
spring, 0 otherwise)

2016
-3.805 —8.86 —1.836 —6.02
-3.798 -8.27 —2.655 —6.52
1.236 4.97 - -
3.618 4.50 - -
- - -0.565 -2.70
- - 1.182 1.65
-0.927 -2.33 - -
—0.638 -3.26 - -
-1.315 —4.07 - -
- - —0.506 —1.94
2.199 6.50
-1.677 -3.75 - -
0.885 4.92 0.965 3.95
- - —1.884 —8.64
- - —0.281 -2.25
—-1.005 -3.70 -1.067 —2.88
—0.630 -2.14 —0.691 —-1.85
1.853 6.67 2.635 7.25
0.825 2.54 1.611 4.63
—0.833 -7.20 —0.540 —4.75
-1.234 -7.10 - -
-0.337 -2.27 - -

-5.938 -7.60

-1.797 -3.58
1.684 3.90
0.504 231
2.080 6.84
2.051 6.99

-1.342 -6.98
2.696 4.48
0.263 2.09

-1.109 —4.23

—0.785 -2.72
1.570 5.52
0.701 2.34

—0.646 —5.62

-1.260 —6.69




2015 2016 2017

Variable

Parameter t-Stat Parameter t-Stat Parameter t-Stat
[MI] Summer indicator (1 if crash occurred during the 0.475 2.50 - - - -
summer, 0 otherwise)
Vehicle characteristics
[SI] Passenger car involvement indicator (1 if - - -0.676 -2.01 - -
passenger car being involved in the crash, 0
otherwise)
[NI] Insurance indicator (1 if vehicle was insured, 0 - - 0.479 3.76 0.990 6.45
otherwise)
[SI] Insurance indicator (1 if vehicle was insured, 0 -1.029 —4.16 - - - -
otherwise)
[SI] Vehicle age indicator (1 if the vehicle age is less - - - - 0.646 2.40
than 5 years, 0 otherwise)
[NI] Vehicle age indicator (1 if the vehicle age is - - —0.196 —1.65 - -
between 5 and 10 years, 0 otherwise)
Roadway characteristics
[NI] Traffic controls indicator (1 if traffic control - - - - -1.070 -2.26
functioned, 0 otherwise)
[SI] The number of lanes indicator (1 if the number of - - - - 0.834 3.43
lanes is 1-3, 0 otherwise)
[MI] The number of lanes indicator (1 if the number 1.051 3.77 - - - -
of lanes is greater than 6, 0 otherwise)
[NI] Freeway indicator (1 if crash occurred on the - - 0.984 2.48 - -
freeway, 0 otherwise)
[MI] Freeway indicator (1 if crash occurred on the - - 0.760 1.91 - -
freeway, 0 otherwise)
[NI] Speed limit 30-60 mph indicator (1 if speed limit -0.321 -2.70 - - - -
is between 30 and 60 mph, 0 otherwise)
Environment characteristics
[NI] Adverse weather condition indicator (1 if - - 0216 1.77 - -
weather condition is adverse, 0 otherwise)
Model statistics

Number of observations (N) 4399 2503 4127
Number of estimated parameters (K) 20 20 19
Log-likelihood at zero, LL(0) —4832.795 —2749.827 —4533.973
Log-likelihood at convergence, LL(fB) -2160.907 —1226.689 -2042.455
p?=1-LL(B)/LL(0) 0.553 0.554 0.550
Akaike information criterion (AIC) 4361.8 2493.4 41229
Bayesian Information Criterion (BIC) 4489.6 2609.9 4243.1

Table 3.11. Model estimation results of random parameters logit models with heterogeneity in

the means and variances in left-side crashes over the years.

Variabl 2015 2016 2017

arable Parameter t-Stat Parameter t-Stat Parameter t-Stat
[MI] Constant —2.855 -8.85 -1.402 -3.46 —4.654 —-10.68
[SI] Constant -7.998 -7.01 -2.101 -3.65 -6.878 —10.72
Random parameters (normally distributed)
[NI] Disabling damage indicator (1 if damage to - - -0.683 —1.71 - -
vehicle is disabling, 0 otherwise)
Standard deviation - - 1.989 2.78 - -
[SI] Insurance indicator (1 if vehicle was insured, 0 —5.887 —1.65 - - - -
otherwise)
Standard deviation 6.033 2.26 - - - -
[MI] Gender indicator (1 if driver was female, 0 - - - - 0.585 2.21
otherwise)
Standard deviation - - - - 1.828 3.34
Heterogeneity in the means of random parameters
[NI] Disabling damage indicator (1 if damage to - - -0.982 -1.70 - -

vehicle is disabling, 0 otherwise): Physically

impaired driver indicator (1 driver is impaired by

alcohol, drugs, illness, or fatigue, etc., 0 otherwise)

[SI] Insurance indicator (1 if vehicle was insured, 0 2.844 2.13 - - - -
otherwise): Physically impaired driver indicator (1

driver is impaired by alcohol, drugs, illness, or

fatigue, etc., 0 otherwise)

[MI] Gender indicator (1 if driver was female, 0 - - - - 1.650 1.65
otherwise): Non-collision indicator (1 if first harmful
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2015 2016

2017

Variable
Parameter t-Stat Parameter t-Stat

Parameter

t-Stat

event was identified as non-colliding object such as a

rollover, etc., 0 otherwise)

[MI] Gender indicator (1 if driver was female, 0 - - - -
otherwise): The number of lanes indicator (1 if the

number of lanes is 4-6, 0 otherwise)

[MI] Gender indicator (1 if driver was female, 0 - - - -
otherwise): Animal indicator (1 if animal involved in

the crash, 0 otherwise)

Heterogeneity in the variances of random

parameters

[SI] Insurance indicator (1 if vehicle was insured, O -0.625 -3.11 - -
otherwise): Safety restraint usage indicator (1 if

driver used shoulder and lap belt, 0 otherwise)

Crash characteristics

[NI] Collision with fixed object indicator (1 if -1.691 —7.27 - -
collided with roadside fixed object as the first

harmful event, 0 otherwise)

[MI] Collision with fixed object indicator (1 if - - - -
collided with roadside fixed object as the first

harmful event, 0 otherwise)

[SI] Collision with fixed object indicator (1 if

collided with roadside fixed object as the first

harmful event, 0 otherwise)

[NI] Non-Collision indicator (1 if first harmful event —1.754 —6.26 - -
was identified as non-colliding object such as a

rollover, etc., 0 otherwise)

[NI] Animal indicator (1 if animal involved in the - - 2.109 4.65
crash, 0 otherwise)

[MI] Functional damage indicator (1 if damage to -0.568 —5.01 0.696 3.05
vehicle is functional, 0 otherwise)

[NI] Disabling damage indicator (1 if damage to - - - -
vehicle is disabling, 0 otherwise)

[SI] Disabling damage indicator (1 if damage to 3.851 3.58 - -
vehicle is disabling, 0 otherwise)

[NI] Straight driving indicator (1 if the vehicle was - - - -
going straight preceding the crash, 0 otherwise)

Driver characteristics

[NI] Young driver indicator (1 if driver age below 30 - - - -
years, 0 otherwise)

[NI] Old driver indicator (1 if driver age over 50, 0 - - -0.427 -2.09
otherwise)

[MI] Old driver indicator (1 if driver age over 50, 0 - - - -
otherwise)

[SI] Old driver indicator (1 if driver age over 50, 0 0.934 2.40 - -
otherwise)

[NI] Safety restraint usage indicator (1 if driver used 2.373 4.61
shoulder and lap belt, 0 otherwise)

[MI] Safety restraint usage indicator (1 if driver used -0.751 —4.50 1.828 3.76
shoulder and lap belt, 0 otherwise)

[NI] Gender indicator (1 if driver was female, 0 —0.794 —4.66
otherwise)

[MI] Gender indicator (1 if driver was female, 0 0.588 6.37 - -
otherwise)

[NI] Physically impaired driver indicator (1 driver is - - —2.340 -3.72
impaired by alcohol, drugs, illness, or fatigue, etc., 0

otherwise)

[MI] Physically impaired driver indicator (1 driver is 0.575 3.76 -1.320 -2.34
impaired by alcohol, drugs, illness, or fatigue, etc., 0

otherwise)

Temporal characteristics

[SI] Weekday indicator (1 if crash occurred during - - -0.768 —1.77
the weekday, 0 otherwise)

[NI] Afternoon indicator (1 if time of day is between - - -0.376 -2.21
12 PM to 6:59 PM, 0 otherwise)

[MI] Spring indicator (1 if crash occurred during the 0.373 2.89 - -
spring, 0 otherwise)

[MI] Summer indicator (1 if crash occurred during 0.349 2.32 - -
the summer, 0 otherwise)

[MI] Autumn indicator (1 if crash occurred during the 0.236 1.89 - -
autumn, 0 otherwise)

—0.656

-3.313

1.540

1.825

—-1.589

1.224

—2.268

-0.237

0.318

—-0.539

—0.661

0.531

—2.86

-2.93

4.44

3.37

—4.05

4.85

-9.09

-1.89

2.57

-1.78

-2.09

2.86
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2015

2016

2017

Variable

Parameter t-Stat Parameter t-Stat

Parameter t-Stat

Vehicle characteristics
[MI] Passenger car involvement indicator (1 if
passenger car being involved in the crash, 0
otherwise)
[NI] Insurance indicator (1 if vehicle was insured, 0
otherwise)
[MI] Insurance indicator (1 if vehicle was insured, 0
otherwise)
Roadway characteristics
[SI] The number of lanes indicator (1 if the number of
lanes is 1-3, 0 otherwise)
[MI] The number of lanes indicator (1 if the number
of lanes is 4-6, 0 otherwise)
[NI] The number of lanes indicator (1 if the number
of lanes is greater than 6, 0 otherwise)
[MI] The number of lanes indicator (1 if the number
of lanes is greater than 6, 0 otherwise)
[MI] Speed limit 30—60 mph indicator (1 if speed
limit is between 30 and 60 mph, 0 otherwise)
[NI] Municipal street indicator (1 if crash occurred on
the municipal street, 0 otherwise)
Environment characteristics
[SI] Dark-lighted indicator (1 if lighting condition is
dark-lighted, 0 otherwise)
[NI] Adverse weather condition indicator (1 if
weather condition is adverse, 0 otherwise)

Model statistics
Number of observations (N)
Number of estimated parameters (K)
Log-likelihood at zero, LL(0)
Log-likelihood at convergence, LL(f)
p®=1—LL(B)/LL(0)
Akaike information criterion (AIC)
Bayesian Information Criterion (BIC)

—0.368 —4.00

0.221 2.13

0.382 3.55

-0.214 -1.97

3787

21
—4160.445
—1804.044
0.566
3650.1
3781.1

0.758 3.75

0.346 1.93

0.556 3.19

1968

18
—2162.069
-913.491
0.577
1863.0
1963.5

1.215  4.59

0.643 2.26

1.066  3.78

-1.074 -2.60

-1.179 -2.64

3290

22
-3614.434
—1552.717

Table 3.12. Model estimation results of random parameters logit models with heterogeneity in

the means and variances in right-side crashes over the years.

Variable

[MI] Constant

[ST] Constant

Random parameters (normally distributed)

[MI] Vehicle age indicator (1 if the vehicle age is
older than 10 years, 0 otherwise)

Standard deviation

[NI] Intersection indicator (1 if crash occurred on the
intersection, 0 otherwise)

Standard deviation

[MI] Safety restraint usage indicator (1 if driver used
shoulder and lap belt, 0 otherwise)

Standard deviation

Heterogeneity in the means of random
parameters

[NI] Intersection indicator (1 if crash occurred on the
intersection, 0 otherwise): Traffic controls indicator
(1 if traffic control functioned, 0 otherwise)

[MI] Vehicle age indicator (1 if the vehicle age is
older than 10 years, 0 otherwise): Gender indicator
(1 if driver was female, 0 otherwise)

[MI] Safety restraint usage indicator (1 if driver used
shoulder and lap belt, 0 otherwise): Middle-aged
driver indicator (1 if driver age between 30-50 years,
0 otherwise)

Heterogeneity in the variances of random
parameters

[NI] Intersection indicator (1 if crash occurred on the
intersection, 0 otherwise): Disabling damage

2015 2016 2017
Parameter t-Stat Parameter t-Stat Parameter t-Stat
-2.371 -8.36 -1.172 -3.67 -2.322 —4.10
—4.990 —-19.13 —4.855 -7.45 -5.493 -9.60
- - -3.417 -3.99 - -
- - 2.336 3.63 - -
2.199 1.75 - - - -
3.645 230 - - - -
- - - - —1.848 -3.72
- - - - 1.826 2.61
1.471 2.46 - - - -

1.113 2.74

- - - - 1.204 3.57
0.249 1.83 - - - -

64



2015

2016 2017

Variable
Parameter

t-Stat

Parameter t-Stat Parameter t-Stat

indicator (1 if damage to vehicle is disabling, 0

otherwise)

[NI] Intersection indicator (1 if crash occurred on the -0.317
intersection, 0 otherwise): Insurance indicator (1 if

vehicle was insured, 0 otherwise)

Crash characteristics -
[MI] Collision with fixed object indicator (1 if -
collided with roadside fixed object as the first

harmful event, 0 otherwise)

[NI] Non-Collision indicator (1 if first harmful event -
was identified as non-colliding object such as a

rollover, etc., 0 otherwise)

[MI] Non-Collision indicator (1 if first harmful event

was identified as non-colliding object such as a

rollover, etc., 0 otherwise)

[NI] Animal indicator (1 if animal involved in the 2.010
crash, 0 otherwise)

[MI] Non-functional damage indicator (1 if damage -
to vehicle is non-functional, 0 otherwise)

[MI] Functional damage indicator (1 if damage to 0.552
vehicle is functional, 0 otherwise)

[NI] Disabling damage indicator (1 if damage to —1.558
vehicle is disabling, 0 otherwise)

[SI] Disabling damage indicator (1 if damage to -
vehicle is disabling, 0 otherwise)

Driver characteristics

[NI] Middle-aged driver indicator (1 if driver age -
between 30-50 years, 0 otherwise)

[NI] Old driver indicator (1 if driver age over 50, 0 -
otherwise)

[MI] Old driver indicator (1 if driver age over 50, 0 -
otherwise)

[NI] Safety restraint usage indicator (1 if driver used -
shoulder and lap belt, 0 otherwise)

[MI] Safety restraint usage indicator (1 if driver used —0.663
shoulder and lap belt, 0 otherwise)

[NI] Gender indicator (1 if driver was female, 0 -
otherwise)

[MI] Gender indicator (1 if driver was female, 0 0.778
otherwise)

[NI] Physically impaired driver indicator (1 driver is -0.671
impaired by alcohol, drugs, illness, or fatigue, etc., 0

otherwise)

[MI] Physically impaired driver indicator (1 driver is -
impaired by alcohol, drugs, illness, or fatigue, etc., 0

otherwise)

Temporal characteristics

[MI] Early morning indicator (1 if time of day is —-0.499
between 12 AM to 5:59 AM, 0 otherwise)

[SI] Early morning indicator (1 if time of day is -
between 12 AM to 5:59 AM, 0 otherwise)

[NI] Spring indicator (1 if crash occurred during the -0.418
spring, 0 otherwise)

[MI] Spring indicator (1 if crash occurred during the -
spring, 0 otherwise)

[NI] Summer indicator (1 if crash occurred during -
the summer, 0 otherwise)

[MI] Summer indicator (1 if crash occurred during -
the summer, 0 otherwise)

Vehicle characteristics

[NI] Insurance indicator (1 if vehicle was insured, 0 0.309
otherwise)

[MI] Vehicle age indicator (1 if the vehicle age is —0.406
less than 5 years, 0 otherwise)

[NI] Vehicle age indicator (1 if the vehicle age is 0.346
between 5 and 10 years, 0 otherwise)

[NI] Vehicle age indicator (1 if the vehicle age is -
older than 10 years, 0 otherwise)

Roadway characteristics

-1.85

4.82

2.82

—8.89

-3.62

6.48

-3.81

-3.19

-2.76

2.21

-2.46

2.64

- - 1914 3.94
—0.685 -2.30 - -
2.062 3.52

1.417 3.32 - -
- - —2.257 -5.04

- - -1.221 -4.73

- - 1.270 3.20

- - 1.080 3.57
- - ~0.448 —2.41
0.393 1.98 - -

1.768 6.61 - -

—0.495 -2.72 - -
- - 0.870 4.41

—-1.006 —2.89 -1.958 —4.77

- - -1.262 -2.79

- - -1.733 -2.32
-0.534 -2.77 - -
- - 0.570 2.79
—0.539 -2.47 - -

- - 0.442 2.01

- - 0.490 2.79

-1.927 -3.12 - -
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2015 2016 2017

Variable

Parameter t-Stat Parameter t-Stat Parameter t-Stat
[MI] Traffic controls indicator (1 if traffic control 0.445  2.69 - - - -
functioned, 0 otherwise)
[SI] Speed limit 30-60 mph indicator (1 if speed - - - - 0.976 1.98
limit is between 30 and 60 mph, 0 otherwise)
[NI] Municipal street indicator (1 if crash occurred 0.296 2.19 0372 2.18 - -
on the municipal street, 0 otherwise)
[MI] Intersection indicator (1 if crash occurred on 1.088  1.90 - - - -

the intersection, 0 otherwise)

Environment characteristics

[NI] Adverse weather condition indicator (1 if - - 0.393 2.39 - -
weather condition is adverse, 0 otherwise)

Model statistics

Number of observations () 3827 2061 3211
Number of estimated parameters (K) 21 17 20
Log-likelihood at zero, LL(0) —4204.389 —2264.240 —3527.644
Log-likelihood at convergence, LL(f) —1497.669 —869.450 —1358.826
p? =1—LL(B)/LL(0) 0.644 0.616 0.615
Akaike information criterion (AIC) 3037.3 1772.9 2757.7
Bayesian Information Criterion (BIC) 3168.6 1868.6 2879.1
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Table 3.13. The marginal effects of contributing factors in different impact location models.

. Center Left Right

Variable
NI MI SI NI MI SI NI MI SI

2015
Crash characteristics
[I\LI] Collision with fixed object indicator (1 if collided with roadside fixed object as the first harmful event, 0 -0.1276 ~ 0.1130 0.0146 -0.2021 0.1885 0.0136 - - -
otherwise
[I\LI] Nqn—)Collision indicator (1 if first harmful event was identified as non-colliding object such as a rollover, etc., 0 - - - —0.0182 0.0169 0.0013 - - -
otherwise
[NI] Anin‘?al indicator (1 if animal involved in the crash, 0 otherwise) - - - - - - 0.0036 -0.0034 —0.0002
[MI] Animal indicator (1 if animal involved in the crash, 0 otherwise) 0.0052 -0.0052  0.0000 - - - - - -
[MI] Functional damage indicator (1 if damage to vehicle is functional, 0 otherwise) —-0.0219  0.0227 -0.0008  0.0159 -0.0159  0.0000 -0.0110  0.0111 -0.0001
[NI] Disabling damage indicator (1 if damage to vehicle is disabling, 0 otherwise) - - - - - - -0.0951 0.0886 0.0065
[MI] Disabling damage indicator (1 if damage to vehicle is disabling, 0 otherwise) -0.1198  0.1227 -0.0029 - - - - - -
[SI] Disabling damage indicator (1 if damage to vehicle is disabling, 0 otherwise) - - - —0.0329 -0.0099 0.0428 - - -
Driver characteristics
[NI] Old driver indicator (1 if driver age over 50, 0 otherwise) -0.0216  0.0178  0.0038 - - - - - -
[MI] Old driver indicator (1 if driver age over 50, 0 otherwise) 0.0112 -0.0118  0.0006 - - - - - -
[SI] Old driver indicator (1 if driver age over 50, 0 otherwise) - - - -0.0221 -0.0006  0.0270 - - -
[NI] Safety restraint usage indicator (1 if driver used shoulder and lap belt, 0 otherwise) 0.1744 —-0.1576 —0.0168 - - - - - -
[MI] Safety restraint usage indicator (1 if driver used shoulder and lap belt, 0 otherwise) -0.0702  0.0717 -0.0015 0.0872 -0.0888 0.0016 0.0522 -0.0534 0.0012
[NI] Gender indicator (1 if driver was female, 0 otherwise) —0.0408 0.0358  0.0050 - - - - - -
[MI] Gender indicator (1 if driver was female, 0 otherwise) - - - -0.0349 0.0356 -0.0007 -0.0327 0.0333 -0.0006
[NI] Physically impaired driver indicator (1 driver is impaired by alcohol, drugs, illness, or fatigue, etc., 0 otherwise) -0.0164 0.0128  0.0036 - - - =0.0077  0.0071  0.0006
[MI] Physically impaired driver indicator (1 driver is impaired by alcohol, drugs, illness, or fatigue, etc., 0 otherwise) - - - —0.0076  0.0080 -0.0004 - - -
Temporal characteristics
[MI] Early morning indicator (1 if time of day is between 12 AM to 5:59 AM, 0 otherwise) - - - - - - 0.0067 —0.0069 0.0002
[NI] Spring indicator (1 if crash occurred during the spring, 0 otherwise) —0.0055  0.0047  0.0008 - - - —0.0066 0.0061 0.0005
[MI] Spring indicator (1 if crash occurred during the spring, 0 otherwise) - - - —0.0078  0.0080 —0.0002 - - -
[MI] Summer indicator (1 if crash occurred during the summer, 0 otherwise) —0.0049  0.0051 -0.0002 -0.0049 0.0050 -0.0001 - - -
[MI] Autumn indicator (1 if crash occurred during the autumn, 0 otherwise) - - - 0.0001 0.0056 -0.0057 - - -
Vehicle characteristics
[MI] Passenger car involvement indicator (1 if passenger car being involved in the crash, 0 otherwise) - - - 0.0235 -0.0240  0.0005 - - -
[NI] Insurance indicator (1 if vehicle was insured, 0 otherwise) - - - - - - 0.0221 -0.0208 -0.0013
[SI] Insurance indicator (1 if vehicle was insured, 0 otherwise) 0.0065 0.0016 -0.0081 0.0032 0.0012 -0.0044 - - -
[MI] Vehicle age indicator (1 if the vehicle age is less than 5 years, 0 otherwise) - - - - - - 0.0057 -0.0059  0.0002
[NI] Vehicle age indicator (1 if the vehicle age is between 5 and 10 years, 0 otherwise) - - - - - - 0.0094 -0.0089 —0.0005
Roadway characteristics
[MI] Traffic controls indicator (1 if traffic control functioned, 0 otherwise) - - - - - - —0.0330 0.0337 -0.0007
[MI] The number of lanes indicator (1 if the number of lanes is 4-6, 0 otherwise) - - - —0.0160 0.0163 -0.0003 - - -
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Center Left Right
Variable

NI MI SI NI MI SI NI MI SI
[MI] The number of lanes indicator (I 1f the number of lanes 1s greater than 6, 0 otherwise) —0.0089  0.0092 —0.0003 - - - - - -
[NI] Speed limit 30-60 mph indicator (1 if speed limit is between 30 and 60 mph, 0 otherwise) -0.0228 0.0199  0.0029 - - - - - -
[MI] Speed limit 30-60 mph indicator (1 if speed limit is between 30 and 60 mph, 0 otherwise) - - - —0.0326  0.0333 -0.0007 - - -
[NI] Municipal street indicator (1 if crash occurred on the municipal street, 0 otherwise) - - - - - - 0.0076 —-0.0071 -0.0005
[NI] Intersection indicator (1 if crash occurred on the intersection, 0 otherwise) - - - - - - 0.0050 -0.0049 -0.0001
[MI] Intersection indicator (1 if crash occurred on the intersection, 0 otherwise) - - - - - - —0.0165 0.0171 -0.0007
Environment characteristics
[MI] Dark-unlighted indicator (1 if lighting condition is dark-unlighted, 0 otherwise) - - - 0.0068 —0.0069 0.0001 - - -
2016
Crash characteristics
([)I:I}lle]:rl\:lv(i)srle—)Collision indicator (1 if first harmful event was identified as non-colliding object such as a rollover, etc., 0 20.0032  0.0030  0.0002 ) B . _0.0047 00040 0.0007
[NI] Animal indicator (1 if animal involved in the crash, 0 otherwise) 0.0083 —0.0077 -0.0005 0.0069 -0.0066 -0.0003 0.0045 -0.0043 —0.0002
[MI] Functional damage indicator (1 if damage to vehicle is functional, 0 otherwise) -0.0222  0.0225 -0.0003 -0.0207  0.0210 —0.0002 - - -
[NI] Disabling damage indicator (1 if damage to vehicle is disabling, 0 otherwise) -0.1977 0.1846  0.0131 -0.0962 0.0903 0.0059 -0.0888 0.0772  0.0116
[NI] Straight driving indicator (1 if the vehicle was going straight preceding the crash, 0 otherwise) —0.0283  0.0265 0.0018 - - - - - -
Driver characteristics
[NI] Old driver indicator (1 if driver age over 50, 0 otherwise) -0.0287  0.0258  0.0029 -0.0082 0.0078  0.0004 - - -
[MI] Old driver indicator (1 if driver age over 50, 0 otherwise) 0.0167 -0.0180 0.0013 - - - —0.0074 0.0076 —0.0002
[NI] Safety restraint usage indicator (1 if driver used shoulder and lap belt, 0 otherwise) 0.3257 -0.3103 -0.0155 0.2242 -0.2142 -0.0100 0.1487 -0.1334 —-0.0153
[MI] Safety restraint usage indicator (1 if driver used shoulder and lap belt, 0 otherwise) -0.1898  0.1941 -0.0043 -0.1650 0.1716 —0.0066 - - -
[NI] Gender indicator (1 if driver was female, 0 otherwise) -0.0318 0.0302 0.0016 -0.0370 0.0350  0.0020 -0.0220 0.0198  0.0022
[NI] Physically impaired driver indicator (1 driver is impaired by alcohol, drugs, illness, or fatigue, etc., 0 otherwise) -0.0113  0.0105 0.0008 -0.0118 0.0092 0.0026 -0.0049 0.0041  0.0008
[MI] Physically impaired driver indicator (1 driver is impaired by alcohol, drugs, illness, or fatigue, etc., 0 otherwise) - - - 0.0052 -0.0069 0.0017 - - -
Temporal characteristics
[SI] Weekday indicator (1 if crash occurred during the weekday, 0 otherwise) - - - 0.0026 0.0024 -0.0050 - - -
[NI] Afternoon indicator (1 if time of day is between 12 PM to 6:59 PM, 0 otherwise) - - - —0.0131 0.0124  0.0007 - - -
[NI] Spring indicator (1 if crash occurred during the spring, 0 otherwise) - - - - - - —0.0114 0.0098 0.0016
[NI] Summer indicator (1 if crash occurred during the summer, 0 otherwise) - - - - - - —0.0078  0.0069  0.0009
Vehicle characteristics
[SI] Passenger car involvement indicator (1 if passenger car being involved in the crash, 0 otherwise) 0.0024  0.0019 —0.0043 - - - - - -
[NI] Insurance indicator (1 if vehicle was insured, 0 otherwise) 0.0471 -0.0444 -0.0027  0.0571 -0.0540 -0.0031 - - -
[NI] Vehicle age indicator (1 if the vehicle age is between 5 and 10 years, 0 otherwise) —0.0086  0.0081  0.0005 - - - - - -
[NI] Vehicle age indicator (1 if the vehicle age is older than 10 years, 0 otherwise) - - - - - - —0.0887 0.0696 0.0191
[MI] Vehicle age indicator (1 if the vehicle age is older than 10 years, 0 otherwise) - - - - - - 0.0397 -0.0428 0.0031
Roadway characteristics
[NI] Freeway indicator (1 if crash occurred on the freeway, 0 otherwise) 0.0606 —0.0584 —0.0022 - - - - - -
[MI] Freeway indicator (1 if crash occurred on the freeway, 0 otherwise) —0.0451  0.0460 —0.0009 - - - - - -
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Center Left Right
Variable

NI MI SI NI MI SI NI MI SI
[NI] Municipal street indicator (1 if crash occurred on the municipal street, 0 otherwise) - - - 0.0119 -0.0110 -0.0008 0.0114 -0.0101 -0.0013
Environment characteristics
[NI] Adverse weather condition indicator (1 if weather condition is adverse, 0 otherwise) 0.0206 -0.0193 -0.0012 0.0355 -0.0334 -0.0021 0.0243 -0.0216 -0.0027
2017
Crash characteristics
E)]:;[li]rg/;)sl;l)slon with fixed object indicator (1 if collided with roadside fixed object as the first harmful event, 0 ) ) - _0.1383  0.1446 —0.0063 -01422 0.1452 —0.0030
E)?}Il]e 1~CWoilslé§i0n with fixed object indicator (1 if collided with roadside fixed object as the first harmful event, 0 ) ) - 0.0237 —0.0075 0.0312 B B )
E)Iélle]:rl\\)]v(i)éle-)(jollision indicator (1 if first harmful event was identified as non-colliding object such as a rollover, etc., 0 ) ) - _00115 00103 00012 B B )
E)]:;Ille]rvlji(;{cl;Collision indicator (1 if first harmful event was identified as non-colliding object such as a rollover, etc., 0 ) ) ) ) B - 00103 00105 —0.0002
[NI] Animal indicator (1 if animal involved in the crash, 0 otherwise) 0.0113 -0.0106 —0.0007 - - - - - -
[NI] Non-functional damage indicator (1 if damage to vehicle is non-functional, 0 otherwise) 0.0149 -0.0148 -0.0001 - - - - - -
[MI] Non-functional damage indicator (1 if damage to vehicle is non-functional, 0 otherwise) - - - - - - 0.0154 -0.0154 0.0001
[MI] Functional damage indicator (1 if damage to vehicle is functional, 0 otherwise) 0.0207 -0.0208 0.0001 -0.0260 0.0262 -0.0002 0.0219 -0.0221  0.0002
[NI] Disabling damage indicator (1 if damage to vehicle is disabling, 0 otherwise) - - - —0.1938 0.1655 0.0283 - - -
[SI] Disabling damage indicator (1 if damage to vehicle is disabling, 0 otherwise) —0.0318 -0.0124  0.0442 - - - —0.0075 -0.0019  0.0094
[NI] Straight driving indicator (1 if the vehicle was going straight preceding the crash, 0 otherwise) - - - —0.0199 0.0174 0.0025 - - -
Driver characteristics
[NI] Young driver indicator (1 if driver age below 30 years, 0 otherwise) - - - 0.0174 -0.0154 -0.0020 - - -
[NI] Middle-aged driver indicator (1 if driver age between 30-50 years, 0 otherwise) - - - - - - 0.0308 -0.0293 -0.0015
[MI] Middle-aged driver indicator (1 if driver age between 3050 years, 0 otherwise) —0.0083  0.0086 —0.0003 - - - - - -
[NI] Old driver indicator (1 if driver age over 50, 0 otherwise) —-0.0237  0.0193  0.0044 —0.0114 0.0093  0.0021 -0.0086 0.0073  0.0013
[MI] Old driver indicator (1 if driver age over 50, 0 otherwise) 0.0137 -0.0149 0.0012 0.0114 -0.0122  0.0008 - - -
[NI] Safety restraint usage indicator (1 if driver used shoulder and lap belt, 0 otherwise) 0.1564 -0.1413 -0.0151 - - - - - -
[MI] Safety restraint usage indicator (1 if driver used shoulder and lap belt, 0 otherwise) -0.0631  0.0651 —0.0020 - - - 00115 -0.0124  0.0009
[MI] Gender indicator (1 if driver was female, 0 otherwise) —0.0318  0.0284 0.0034 -0.0438 0.0452 -0.0013 -0.0327 0.0334 -0.0007
[NI] Physically impaired driver indicator (1 driver is impaired by alcohol, drugs, illness, or fatigue, etc., 0 otherwise) —0.0188  0.0151  0.0037 - - - —-0.0228 0.0187 0.0041
[MI] Physically impaired driver indicator (1 driver is impaired by alcohol, drugs, illness, or fatigue, etc., 0 otherwise) - - - —0.0061 0.0065 -0.0004 0.0120 -0.0129  0.0009
Temporal characteristics
[SI] Early morning indicator (1 if time of day is between 12 AM to 5:59 AM, 0 otherwise) - - - - - - 0.0008 0.0002 -0.0010
[MI] Spring indicator (1 if crash occurred during the spring, 0 otherwise) - - - - - - —0.0089 0.0091 -0.0002
[MI] Summer indicator (1 if crash occurred during the summer, 0 otherwise) - - - - - - —0.0055 0.0057 -0.0001
Vehicle characteristics
[NI] Insurance indicator (1 if vehicle was insured, 0 otherwise) 0.0768 —0.0696 —0.0072 0.1030 -0.0923 -0.0107 0.0323 -0.0294 -0.0029
[MI] Insurance indicator (1 if vehicle was insured, 0 otherwise) - - - —0.0488 0.0501 -0.0013 - - -
[SI] Vehicle age indicator (1 if the vehicle age is less than 5 years, 0 otherwise) —0.0023 —-0.0008  0.0032 - - - - - -

Roadway characteristics
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Center Left Right
Variable
NI MI SI NI MI SI NI MI SI

[NI] Traffic controls indicator (1 if traffic control functioned, 0 otherwise) -0.0963  0.1088 -0.0125 - - - - - -
[MI] Traffic controls indicator (1 if traffic control functioned, 0 otherwise) 0.0482 —0.0432 -0.0050 - - - - - -
[SI] The number of lanes indicator (1 if the number of lanes is 1-3, 0 otherwise) -0.0055 -0.0021  0.0076 —0.0078 -0.0024  0.0102 - - -
[NI] The number of lanes indicator (1 if the number of lanes is greater than 6, 0 otherwise) - - - —0.0109 0.0088 0.0021 - - -
[MI] The number of lanes indicator (1 if the number of lanes is greater than 6, 0 otherwise) - - - 0.0096 -0.0103  0.0007 - - -
[SI] Speed limit 30—60 mph indicator (1 if speed limit is between 30 and 60 mph, 0 otherwise) - - - - - - -0.0070 -0.0014 0.0084
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3.7 Concluding remarks

Using a three-year single-vehicle crash dataset under adverse road surface
conditions in Ohio from 2015 to 2017, this study investigated the heterogeneous
impacts, temporal instability, and non-transferability of various determinants on driver
injury severities across different vehicle impact locations. Three groups of random
parameters logit models with the heterogeneity in the means (and variances)
corresponding to center, left-side, and right-side crashes were employed. A wide range
of contributing factors was considered, including crash characteristics, driver
characteristics, temporal characteristics, vehicle characteristics, roadway
characteristics, and environment characteristics. Three crash injury severity categories
were determined as discrete outcome variables: no injury, minor injury, and severe
injury. The results of likelihood ratio tests indicated an overall temporal instability and
locational non-transferability while some indicators, such as hitting animals, old drivers,
safety restraint usage, female drivers, physically impaired drivers, and vehicles with
insurance, were observed to be of temporal stability and impact location transferability.
This study also examined the impact of year-to-year and location-to-location shifts by
comparing the probability differences between out-of-sample predictions and within-
sample observations. The results showed varying magnitudes and inconsistent
directions of distribution characteristics, including mean, skewness, kurtosis, and
prediction accuracy, across different locations and periods. Furthermore, this study
suggested that the net effects of aggregate location-to-location shifts were greater than
the net effects of year-to-year shifts. Consequently, the non-transferability of impact
location had a higher influence on the prediction accuracy than the temporal instability.
This highlights the importance of appropriately addressing the temporal instability and

impact location variations in crash prediction.

Based on the locational variation and temporal instability of contributing factors
on driver injury severities in adverse-road-involved crashes, a series of proactive

countermeasures could be formulated to effectively prevent and mitigate crashes
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associated with adverse road conditions. Regarding the non-transferability of impact
locations, the current study reveals that dark-unlighted conditions pose a higher risk of
severe injuries for left-side crashes instead of its center and right-side counterparts on
adverse road surfaces. As a result, installing enough lighting is recommended.
Furthermore, the implementation of advanced warning systems, such as variable
message signs, can effectively notify drivers of potential hazards on the left front side,
especially in areas with limited lighting conditions. Concerning the movement type
preceding crashes, the finding deserves considerable attention that probabilities of
severe injuries increase for center and left-side collisions even when the vehicle is
driving straight on adverse road surfaces. This suggests that targeted education
programs should be implemented to enhance drivers’ safety awareness and remind them
to avoid dangerous driving behaviours, such as aggressive driving, improper turns, and
speeding. Considering the direct lateral force sustained by drivers and the associated
high possibility of fatal injuries in left-side crashes, protective measures such as side
airbags and active damping systems could be equipped on vehicles to mitigate the
severity of driver injury, along with infrastructure improvements like the installation of
crash barriers on the left side of roads. Additionally, the early morning indicator is found
to be more likely to result in severe injuries in right-side crashes. Therefore, it is
recommended to utilize technology channels to provide time-specific dynamic
information reminders to drivers. This can involve utilizing broadcast media to deliver
real-time updates on road conditions and driving tips to drivers, enabling them to take
more appropriate precautions to reduce the likelihood of severe injuries in the early
morning. In terms of the insights obtained from temporal instability, taking the vehicle
aged 0-5 years as an example, it is observed to be associated with smaller probabilities
of severe injuries in 2015, whereas showing greater effects in 2017. This result
underscores the importance of advancing driving technologies to mitigate the

heterogeneous impact of brand-new automobiles on drivers’ adaptation to new features.
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Chapter 4 Injury severity modelling and predictive analysis for

undivided two-way highway-rail grade crossing crashes

4.1 Introduction

Highway-rail grade crossing (HRGC) crashes are a significant public safety
concern as they are responsible for numerous fatalities and injuries each year.
According to the Federal Railroad Administration, in 2021, there were 2,146 accidents
at HRGCs, resulting in 122 fatalities and 419 injuries in the United States (Federal
Railroad Administration, 2021). Highway-rail grade -crossings (HRGCs) are
intersections where roadways cross railroads at the same level, and the interaction
between non-divided two-way traffic highways and railways can be particularly
dangerous. These types of road entities are characterized by their lack of a physical
barrier between opposing lanes of traffic. The Federal Railroad Administration reports
that around 95% of HRGC accidents occurred at non-divided two-way traffic HRGCs,
indicating the necessity to further analyse accidents at these crossings (Federal Railroad

Administration, 2021).

Despite being critical for the smooth operation and safety of multimodal
transportation systems, non-divided two-way traffic HRGCs are rarely explored
specifically in previous studies. Most of them focused on the crashes that occurred on
the non-divided two-way highway and highway crossings only. For instance, Lombardi
et al. (2017) investigated the factors contributing to age-related risks and involvement
rates in fatal vehicle crashes that occurred at intersections in the United States. The
findings revealed that a significant proportion of fatal crashes occurred at four-way
intersections and non-divided two-way traffic ways were equally distributed between
daylight and night-time conditions. Liu and Fan (2021) proposed a partial proportional
odds model for examining the factors contributing to the severity of head-on crashes.
Their analysis also revealed that head-on collisions occurring on two-way non-divided

roadways were associated with more severe injuries than those on one-way roads. In a
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recent study conducted by Mahmud et al. (2022), the authors examined the safety risks
associated with overtaking maneuvers on a bi-directional undivided two-lane highway
in a heterogeneous traffic environment. The findings revealed that the speed difference
between the overtaking and overtaken vehicles was a significant factor influencing the
probability of severe conflicts. As indicated by Calvi et al. (2023), different types of
median separation on two-lane rural roads can significantly affect driving behaviour
(lateral positions and trajectories) and associated risks. Moreover, crashes are found to
more commonly occur on non-divided two-way roads compared to other road types due
to mixed traffic environments (Mahmud et al., 2022). Combining all road types (i.e.,
two-way traffic, divided traffic, and one-way traffic) when analyzing the injury severity
of HRGC crashes can result in erroneous conclusions and improper countermeasures.
Therefore, it is necessary to conduct separate studies focusing at non-divided two-way
traffic HRGCs and investigate the factors affecting crashes in the context of this

predominant traffic type.

Compared to statistical or econometric models, machine learning approaches have
the advantage of being capable of processing big data and capturing intricate
relationships between input variables and outcome predictions (Goswamy et al., 2023;
Mannering et al., 2020a). Although machine learning models have been extensively
studied for real-time risk prediction (Arvin et al., 2021; Khan and Ahmed, 2020; Sun et
al., 2020), the application of these models to analyse injury severities at undivided two-
way traffic HRGCs has not been investigated to the best of our knowledge. As a typical
technique in the domain of machine learning, the XGBoost model has gained
recognition as a powerful algorithm for classification and regression tasks. In traffic
safety research, XGBoost has been utilized for its efficiency and accuracy in predicting
road accident severity and identifying critical incident-related features (He et al., 2023;
Ma et al., 2023). Additionally, it is worth noting that some previous studies have utilized
the XGBoost model to evaluate highway crash injury severities, although these studies
may not specifically focus on non-divided two-way highway and railway crashes. For
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example, Soleimani et al., (2019) proposed a data-driven consolidation model for
highway-rail grade crossings in the United States utilizing the XGBoost algorithm and
incorporating various engineering variables. The developed model achieved an overall
accuracy of 0.991 and provided insights into the relative importance of the input
variables. Through a 10-fold empirical analysis of various performance metrics, Jamal
et al., (2021) found that the XGBoost technique had superior collective predictive
performance and individual class accuracies for injury severity compared to other
machine learning models. The XGBoost feature importance analysis identified collision
type, weather status, road surface conditions, on-site damage type, lighting conditions,
and vehicle type as sensitive variables for predicting crash injury severity outcomes.
Numerous studies have compared the performance of machine learning techniques with
statistical models, finding that machine learning approaches have comparable
predictive accuracy metrics (Goswamy et al., 2023; Islam et al., 2022; Yuan et al., 2022).
Given that the XGBoost model could provide useful insights into crash severity analysis,
this study specifically focuses on the application of this algorithm to investigate the
influence of various determinants on injury severity outcomes at undivided two-way

traffic HRGC:s.

Previous studies in HRGC crash severity analysis only focused on analysing crash
data before the outbreak of COVID-19, which may not accurately unveil the inherent
mechanism of the injury severity in HRGC crashes during the pandemic. Meanwhile,
it should be noted that the unobserved heterogeneity arising from various factors has
not been fully considered as mentioned before. As such, further investigation is
necessary to better understand the issue of unobserved heterogeneity when unveiling
the relationship between injury severities and potential contributing factors in HRGC
crashes after the outbreak of COVID-19 pandemic. To this end, the present study
attempts to: (a) identify and compare the factors affecting the injury severity during and
before the COVID-19 pandemic, and (b) address the issue of unobserved heterogeneity
effectively by incorporating heterogeneity in the means in the random parameters logit
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modelling framework.

It is important to acknowledge that while attempts are made to ensure the update
and comprehensiveness of HRGC crash data, the collection of all pertinent information
that could impact the occurrence of crashes is often limited by constraints related to
costs and resources. In the case of HRGC, several crash-specific features, including the
traffic density, average speed, and unexpected pedestrian or animal trespassing may
pose challenges to record. Similarly, collecting human factors such as distraction,
fatigue, the level of anxiety during the pandemic, or impairment of the driver may also
bring considerable difficulties. Additionally, owing to different physical abilities,
perceptions of risk, and reactions to external stimuli, there are considerable variations
in HRGC crash injury severities among individuals as well. This may unavoidably give
rise to the unobserved heterogeneity, and failing to account for unobserved variables or
treating explanatory variables as fixed can lead to model misspecification, biased

parameter estimates, and erroneous inferences (Alnawmasi and Mannering, 2019;

Pervez et al., 2022).
4.2 Data description

This study utilizes the data collected from the Federal Railroad Administration’s
(FRA) Office of Safety Analysis System, which contains the HRGC crash records
during the COVID-19 pandemic (2020-2021) and before the pandemic (2018-2019) in
the United States (Federal Railroad Administration, 2022). The research data is derived
from two sources: (1) the FRA’s Office of HRGC accident data and (2) the FRA’s Office
of current crossing inventory data. The accident database contains comprehensive
information on factors such as time, weather, visibility, vehicle, and demographic
characteristics of highway users, while the current highway-rail crossing inventory
database provides details on each crossing’s location, type, illumination, signals, and

traffic conditions.

In this study, injury severity outcomes are coded using a three-point ordinal scale,
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with options for 1-Uninjured, 2-Injured, or 3-Killed. This discrete variable is designated
as the dependent variable for the subsequent econometric analysis. The information in
the current crossing inventory database is matched to the extracted crash database using
the corresponding identification number assigned to each crossing to comprehensively
identify factors influencing the crash injury severity. Furthermore, the integrated data
is thoroughly verified and cleaned up to remove any crash observations with missing
data in variables. The key determinants retrieved from the augmented database are then
classified into crossing characteristics, crash characteristics, driver characteristics,
vehicle characteristics, and environmental characteristics. Table 4.1 shows the detailed
classification and descriptive statistics of independent variables. The final dataset used
for analysis consists of 1503 crash records from 2020 to 2021, in which 1,009
individuals were uninjured (67.13%), 384 individuals were injured (25.55%), and 110
individuals were killed (7.32%). Meanwhile, the pre-pandemic dataset from 2018 to
2019 includes 2,154 crash records, with 1,350 individuals uninjured, 605 individuals
injured, and 199 individuals killed. Figure 4.1 presents the spatial distribution of HRGC

crashes that occurred during the study period.
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Figure 4.1. The spatial distribution of highway-rail grade crossings crashes.
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Table 4.1. Descriptive statistics of independent variables.

Category Variables Frequency Percentage
Crash characteristics Train speed <= 45 MPH 1256 83.57
Train speed > 45 MPH 247 16.43
Unobstructed view 1444 96.10
Obstructed view* 59 3.90
Estimated vehicle speed <= 25 MPH 1374 91.40
Estimated vehicle speed > 25 MPH 129 8.60
Did not stop 574 38.19
Stopped and then proceeded 333 22.16
Stopped on the crossing 214 14.24
Went around the gate 290 19.29
Other actions 92 6.12
Crossing characteristics Private crossing type 32 2.13
Public crossing type 1471 97.87
Highway speed limit <= 25 MPH 405 26.95
Highway speed limit > 25 MPH 1098 73.05
Annual average daily traffic (AADT) <= 5,000 1047 69.66
Annual average daily traffic (AADT) > 5,000 456 30.34
Estimated percent of trucks <= 10% 1093 72.72
Estimated percent of trucks > 10% 410 27.28
Crossing without signs or signals 32 2.10
Crossing with signs or signals 1471 97.90
Unpaved Highway 148 9.85
Paved Highway 1355 90.15
Land without commercial power 144 9.58
Land with commercial power 1359 90.42
Both-side crossing warning 1423 94.68
Single-side crossing warning 80 5.32
Crossing without illumination 928 61.74
Crossing with illumination 575 38.26
Dry crossing surface 1290 85.83
Adverse crossing surface* 213 14.17
Industry track 82 5.46
Main track 1328 88.36
Siding track 9 0.60
Yard track 84 5.59
Vehicle characteristics Auto 790 52.56
Bus 2 0.13
Motorcycle 9 0.60
Truck 32 2.13
Van 1374 91.40
Other vehicles 527 35.06
Driver characteristics Middle driver 643 42.78
Old driver 483 32.14
Young driver 377 25.08
Female driver 392 26.08
Male driver 1111 73.92
Driver was not in vehicle 236 15.70
Driver was in vehicle 1267 84.30
Environmental characteristics Day 847 56.35
Dusk 167 11.11
Dark 360 23.95
Dawn 129 8.58
Clear 1060 70.53
Cloudy 313 20.83
Fog 13 0.86
Rain 90 5.99
Sleet 3 0.20
Snow 24 1.60
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*Adverse crossing surface encompasses conditions such as moisture, ice, snow, slush, sand, mud, or oil on roadways. Obstructed
view arises from factors including vehicles, trains, railroad apparatus, infrastructure, terrain, flora, or similar obstructions.

4.3 Methods

The XGBoost model, an ensemble method that aggregates the forecasts from
numerous decision trees, is applied in assessing the severity of injuries from HRGC
accidents in this study (Goswamy et al., 2023; Yan et al., 2021b; Yuan et al., 2022). The
objective function of XGBoost is defined as (Chen and Guestrin, 2016):

K

L(0) =3 (v-3,)+ 20(h,) @)

=1

where [(y;,y,) is the loss function that measures the difference between the predicted
value ¥, and the actual injury severity label y;, K is the number of weak learners in

the ensemble. The regularization term that penalizes the models’ complexity is:

Q(ht)z;/J+%/1/_éw; 4.2)
where J represents the total leaf count; vy is the parameter that controls the leaf quantity;
The coefficient for the L2 regularization term, represented by A, increases the model’s
conservatism with each increment; wy signifies the j-th leaf node’s optimum value in
the t-th decision tree. By minimizing the sum of the regularization term and the loss
function, the objective function is optimized. The objective function changes to the

following form when the second-order Taylor expansion is applied to it:

gy
= 5y

J
Obj = z[l(HU. +2)wp +G,w, :|+]/J (4.3)

where Hj represents the sum of the second-order derivatives for each leaf node, and G,

denotes the total of the first-order derivatives for each individual leaf node. The optimal

G .
value for wy equals to — —=2

at the point when the derivative of the objective function

is 0. Subsequently, the optimal w;; is used to split the tree. This process of branching
continues until the depth of the node matches the predetermined maximum depth.
In this study, three dichotomous crash severity levels are further split and

determined as:
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Vi

_ {1, if the sample belongs to i,i = Uninjured, Injured, or Killed
~ 0, otherwise

4.4)

To evaluate the model’s performance, the five-fold cross-validation method is used
(Yan et al., 2021b). The accuracy is also calculated to measure the performance of the

model:

| ~ TP + TN 45)
CCUraY = TP Y TN + FP + FN '

where TP represents a correct prediction of the specific injury severity and FP
represents a false classification of an injury severity case, being predicted as a non-
injury-severity case, TN denotes a correct prediction of a non-injury-severity case and
FN indicates a non-injury-severity case incorrectly predicted as an injury case.

Additionally, the performance of the model can be assessed by the Area Under the
Receiver Operating Characteristic Curve (AUC), which evaluates the model’s capacity
to discern between instances that are positive and negative. A higher AUC indicates
better performance (Yuan et al., 2022).

SHAP is a unified measure of feature importance that leverages cooperative game
theory to allocate contribution of each feature towards the final prediction in a fair and
computationally efficient manner (Lundberg and Lee, 2017). Each feature’s SHAP
value can be interpreted as the average marginal contribution of that feature across all
possible feature subsets (Lundberg and Lee, 2017). It provides a powerful tool to
interpret machine learning models such as XGBoost and deliver transparent and
trustworthy predictions. Therefore, SHAP was utilized in this study to better interpret

the results of the XGBoost models:

g - 5 BEEESIED s G- visy “6)

SSN(i) k!

where k represents the total number of features; ¢; denotes the influence of feature
i; S signifies a subset of features; and |S| is the total feature number.

The Shapley value is an additive attribution-assignment approach, with the
prediction from the model equating to the aggregate of these attributed values for every

feature. This results in a representative linear model:
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£() =4+ 2, 4.7)
where ¢, indicates the average prediction across all training samples; M is the total
feature count; and z; is a binary indicator that equals 1 if the feature is present, and 0
if not.

To ascertain the relative significance of each feature, the absolute values of the
feature attributions across all samples is summed. Given #z in the total sample count, the

cumulative influence of feature i is encapsulated by:

L3, 49)

h

where ¢;; denotes the attribution value of the i™ attribute for the j™ sample.

This paper also employed the random parameters logit model with heterogeneity
in means to identify contributing factors to injury severities and investigate the
heterogeneous impacts across two time periods: pre-pandemic and during the COVID-
19 pandemic.

4.4 Results and discussions

4.4.1 Results of the XGBoost model

44.1.1 x? test

Table 4.2. Test results of explanatory variables and the injury severity.

Variables x? p-value
Driver was in vehicle 112.657 <0.01
Train speed > 45 MPH 73.143 <0.01
Went around the gate 45.152 <0.01
Stopped on the crossing 28.614 <0.01
Did not stop 24.230 <0.01
Estimated vehicle speed > 25 MPH 16.451 <0.01
Truck 16.424 <0.01
Main track 15913 <0.01
Motorcycle 12.358 <0.01
Land with commercial power 10.242 <0.01
Old driver 9.721 <0.01
Yard track 9.608 <0.01
Dark 9.288 <0.01
Unpaved Highway 8.216 0.016
Went through the gate 7.754 0.021
Middle driver 7.422 0.024
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Day 7.288 0.026

Female driver 7.215 0.027
Adverse crossing surface 6.785 0.034
Crossing without illumination 5.996 0.050

Table 4.2 presents the results of the y? test to examine the association between
each explanatory variable and the injury severity. A small p-value suggests that the
observed categorical data is unlikely to occur by chance. The variables with a
significant association with injury severity are listed in descending order based on the
magnitude of the y? value and the corresponding p-value. Variables such as driver was
in vehicle, train speed > 45 MPH, and went around the gate show a strong correlation
with injury severity outcomes, as evidenced by their high ¥? values and negligible p-
values. Only these indicators less than the chosen significance level of 0.05 are selected

to predict the severity of the injury outcome in the XGBoost model.
4.4.1.2 The model performance in the hyper-tunning process for XGBoost

Modeling injury severities in HRGC crashes is approached as a binary
classification problem in this study, encompassing a range of categorical variables and
dichotomous outcomes (1 for Yes, 0 for No) corresponding to three distinct injury
severity levels. Selection and refinement of hyperparameters within the XGBoost
framework, specifically max depth set to [3, 5, 7] and n_estimators within the range of
1 to 61 in steps of 2, were conducted to enhance model accuracy. These selected
parameters and their corresponding searching ranges were subjected to preliminary
tests to ascertain their influence on model sensitivity. Additionally, to balance
computational efficiency and predictive accuracy, the grid search technique with
selected parameters was adopted. The strategy includes a 5-fold cross-validation
method to ensure the robustness of the optimized model. Each dataset was split into
training and testing sets by an 80:20 ratio. This process involves training and comparing
the model with different parameter combinations to find the optimal configuration. The
validation set was used to measure the accuracy of the model for each parameter

combination. The parameter combination that yielded the highest accuracy on the
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validation set was selected as the best set of parameters.

Figure 4.2 presents the model performance of the hyper-tunning process for the

killed, injured, and uninjured datasets. Each row contains two subplots corresponding

to the hyperparameter tuning curve and the ROC curve for each dataset. Subplots Figure

4.2 (a, ¢, €) show the variation of the chosen hyperparameters’ performance with respect

to the respective dataset. The best max depth (3, 3, 3 for the killed, injured, and

uninjured category, respectively) and n_estimators (35, 9, 35 for the killed, injured, and

uninjured category, respectively) were utilized for the subsequent analysis. The trade-

off between the true positive rate and the false positive rate at various classification

thresholds is displayed by the ROC curves in subplots Figure 4.2 (b, d, f). It can be seen

that the XGBoost model achieved the best performance in predicting the killed category,

with an accuracy of 93.36% and an AUC of 0.79. However, the performance of the

models in predicting the injured and uninjured datasets was less impressive, with

accuracy values of 74.75% and 69.10%, respectively.

| -
1
0.9351 | pensnsnn
n W
v ¥}
5 / |
< : 1
[ 3] H
= o !
Q 1, :
S 0.9301 / i
< ! R !
! ‘\ I 1
LAY i ]
] 1y ] ] I =
4 ,_,_' | ~#®- Training Accuracy
‘\ /’- : Testing Accuracy
0.925 4 i ‘ﬁ ' i'--" Best nieslimatorsv
0 20 40 60

Number of Trees

(a) Hyperparamter tuning in XGBoost: Killed

1 | "L |
i n -y -,II
1 S R
1 L T |
0.761 : o
: -
Y é’lt“' y
g oot
8 - :
S 0.741 !
< |
i
E —#@- Training Accuracy
! Testing Accuracy
072‘ ! —-==' Best n_estimators
1
0 20 40 60

1.0

N o e
S N o)

True Positive Rate

<
()

o
o

ROC curve (AUC = 0.79)

0.2 0.4 0.6

False Positive Rate

(b) ROC curve: Killed

0.8 1.0

N o e
s N o)

True Positive Rate

o
o

ROC curve (AUC = 0.63)

o
o

0.2 0.4 0.6 0.8 1.0

Number of Trees

(¢) Hyperparamter tuning in XGBoost: Injured

False Positive Rate

(d) ROC curve: Injured

83



0750 1 —=— Training Accuracy 1.0 =7
Testing Accuracy ’/”
—— Best n_estimators s
0.7251 o 0.8 e
> 5 >
19 ~ i
= 206
5 0.7001 Z Lo
o g -
< » 0.4 pxad
= 7
0.6751 = e
0.2 o
ROC curve (AUC = 0.72)
0 20 40 60 0'%.0 0.2 0.4 0.6 0.8 1.0
Number of Trees False Positive Rate
(e) Hyperparamter tuning in XGBoost: Uninjured (f) ROC curve: Uninjured

Figure 4.2. Model performance for killed, injured, and uninjured dataset.

4.4.1.3 SHAP values of input features

The impact of each feature variable on the predictions made by the XGBoost model
is shown in Figure 4.3. The beeswarm plot was employed to show each feature’s
distribution of SHAP values, with individual dots representing an undivided two-way
traffic HRGC crash. The respective features are delineated along the vertical axis of
subplots Figure 4.3 (a, c, e), and the SHAP values pertaining to each feature for three
datasets are plotted along the horizontal axis. The sign of the SHAP value—be it
positive or negative—denotes a positive or negative impact on the predicted injury
severity outcome. The feature value’s magnitude is illustrated through different colors
where blue denotes lower values (interpreted as 0 for each variable) and red signifies
higher values (interpreted as 1 for each variable). For example, it can be seen that the
train speed > 45 MPH indicator was the most crucial impact factor and was positively

associated with killed crashes.

The subplots in Figure 4.3 (b, d, f) list the features by their importance for each
injury severity dataset. According to the SHAP values, the top ten important feature
indicators in the killed model are as follows: train speed > 45 MPH, old driver, driver
was in vehicle, main track, did not stop, went around the gate, estimated vehicle speed >
25 MPH, middle driver, adverse crossing surface, and truck. The top ten important
feature indicators in the injured model include driver was in vehicle, female driver,

truck, main track, crossing without illumination, unpaved highway, land with
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commercial power, went around the gate, adverse crossing surface, and old driver. The
corresponding top ten important feature indicators in the uninjured model are driver
was in vehicle, truck, train speed > 45 MPH, went around the gate, old driver, main

track, female driver, dark, crossing without illumination, and did not stop.

Comparing the important features between the killed and injured models, it can be
seen that some important features overlapped, such as old driver, driver was in vehicle,
main track, went around the gate, adverse crossing surface, and truck. However, there
are also some differences, such as train speed > 45 MPH, did not stop, middle driver,
and estimated vehicle speed > 25 MPH were identified as important features in the
killed model but not in the injured model, while female driver, crossing without
illumination, unpaved highway, and land with commercial power were significant
features in the injured model but not in the killed model. The results also indicated that

the XGBoost model could distinguish between different severity levels.
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Figure 4.3. SHAP summary plot of input features.

4.4.1.4 SHAP dependency plots for top three features

More detailed information regarding the relationships between determinants and
injury severity outcomes can be extracted by investigating the dependency plots of the
SHAP values. It can not only be used to understand the overall importance of a feature
but also to explore the detailed distribution and the context-dependent nature of feature
influences on model predictions, thereby ensuring more reliable predictions and
informing potential interventions based on the predictive factors. Figure 4.4 displays

SHAP dependency plots for the three most influential features in killed, injured, and



uninjured crashes, respectively. If the SHAP values are highly concentrated within a
certain range, this may indicate that the model has a high sensitivity to the feature values
within that range. In contrast, a sparse distribution of SHAP values across a wide range
of variables may suggest that there is a significant variation in the model’s predictive
influence for this feature. For example, the driver was in vehicle indicator exhibited a
very consistent and concentrated distribution of SHAP values across three datasets
representing varying levels of injury severity. This observation implies that the
influence of this particular feature on the model’s prediction is rather stable and reliable

across different injury severity outcomes.

For killed crashes, the partial levitation observed in Figure 4.4 (a) suggests that
there were specific values of train speed > 45 MPH that led to higher SHAP values,
indicating a stronger impact on the prediction outcome. In addition, the SHAP values
for certain values of the old driver fluctuate throughout the subplot, it could indicate
the presence of interactions with other features, such as time of day (which might affect
visibility) or the type of area (urban vs. rural, which impacts driving speed and
emergency medical service response time). For injured crashes, a sparse distribution of
SHAP values can also be observed in Figure 4.4 (b) for the female driver and truck,
reflecting the variability in the impact of these factors. Notably, the partial levitation
can only be seen for the truck indicator in injured crashes, suggesting that this feature
may have a heterogeneous impact on predicting uninjured outcomes. Meanwhile, the
train speed > 45 MPH indicator was negatively associated with no injuries in Figure
4.4 (c), implying that higher train speeds were less likely to be related to no-injury

scenarios.
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Figure 4.4. SHAP dependency plots for top three features.
4.4.2 Results of the random parameter logit models for COVID-19 effects

This section presents the estimation results and discussions, commencing with
the correlation analysis among explanatory variables, followed by the estimates of the
random parameters logit model with heterogeneity in means and the multinomial logit
model. To evaluate the relationship among the explanatory discrete variables and
identify highly correlated variables that may need to be excluded from the model, the
Pearson correlation coefficient analysis is carried out first (Pearson, 1895). As
indicated in previous studies (Apronti et al., 2016; Cabral et al., 2015), a threshold of
0.5 1s considered high for the correlation coefficient. The results of the correlation
analysis for the pandemic period are shown in Figure 4.5, indicating that the all
variables have relatively lower correlation coefficients. Besides, this analysis was also
conducted for the pre-pandemic period to mitigate the multicollinearity among

incorporated variables.
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Figure 4.5 Explanatory variables’ correlation coefficients for the pandemic data.

Table 4.3 presents the measure-of-fit of the estimated competitive models. As for
the pandemic period (2020-2021), results indicate that no heterogeneity in variances
was found, and the RPL_HM presents lower AIC and BIC values than RPL and OL,
thus indicating a better model fit. With confidence level higher than 99%, the x?
likelihood ratio test also proves that the RPL _HM is the best. By considering the
variability in the random parameters’ means, this model can provide more accurate
parameter estimates (Pervez et al., 2022). Regarding the pre-pandemic period (2018-
2019), it should be noted that no significant random parameters were found in the RPL.
That is to say, considering the unobserved heterogeneity cannot improve the model
performance. As such, only MNL and OL were used to model the crash injury severities.
Similarly, the results indicate that the MNL is superior than the OL. Therefore, the

subsequent discussions and findings in this study are based on the RPL_HM for the
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Table 4.3 Measure-of-fit of the estimated models.

Pandemic period (2020-2021) Pre-pandemic period (2018-2019)
Model metrics

OL RPL RPL_HM OL MNL
Number of estimated parameters (K) 12 15 20 10 11
Log-likelihood at zero, LL(0) —1853.888 —2453.201 —2453.201 —1872.985 —1872.985
Log-likelihood at convergence, LL(f3) —1686.934 —1709.515 —1622.849 —1863.409 —1847.793
AIC 3397.9 3449.0 3287.7 3746.8 3717.6
BIC 3466.4 3534.7 3407.6 3803.6 3780.0
p?=1—LL(B)/LL(0) 0.090 0.303 0.338 0.050 0.134
Number of observations (N) 2233 2233 2233 2154 2154
x?>=—2[LL(RPL) — LL(RPL_HM)] 128.170 173.332 31.232
Degree of freedom 8 5 1
Confidence level >99.99% >99.99% >99.99%

Table 4.4 Model estimation results of the random parameters logit model with heterogeneity in means for pandemic period (2020-2021).

Variables Coeff. t-stat — Margmal‘ Effects -
Uninjured [UI] Injured [I] Killed [K]

Constant [I] -0.708 —2.80

Constant [K] —-4.511 -10.74

Random parameter (normally distributed)

Old driver indicator (1 if driver age over 55, 0 otherwise) [UI] 4.591 1.88 -0.0149 0.0082  0.0066

Standard deviation of parameter distribution 4.505 2.79

[lluminated crossing indicator (1 if crossing was illuminated, 0 otherwise) [I] -4.461 —491 —0.0462 0.0536 —0.0074

Standard deviation of parameter distribution 1.650 3.54

Heterogeneity in the means of random parameter

Old driver indicator: Driver-in-vehicle indicator (1 if driver was in the vehicle, 0 otherwise) [UI] —-4.467 —-2.08

Old driver indicator: Estimated train speed indicator (1 if train was traveling at 45 MPH speed or greater, 0 otherwise) [UI] -2.265 -1.77

[lluminated crossing indicator: Driver-in-vehicle indicator (1 if driver was in the vehicle, 0 otherwise) [I] 4.742 5.61

[lluminated crossing indicator: Crossing AADT indicator (1 if AADT was 10,000 vehicles per day or greater, 0 otherwise) [I] -0.876 —2.08

[lluminated crossing indicator: Estimated train speed indicator (1 if train was traveling at 45 MPH speed or greater, 0 otherwise) [I] 0.886 3.28
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Marginal Effects

Variables Coefl.  t-stat e red U] Injured [I] Killed [K]
Crash characteristics

Estimated vehicle speed indicator (1 if vehicle was traveling at 25 MPH speed or greater, 0 otherwise) [UI] -0.811 -3.61 —-0.0107 0.0080  0.0027

Estimated train speed indicator (1 if train was traveling at 45 MPH speed or greater, 0 otherwise) [K] 2.338 11.19 —0.0318 —-0.0224  0.0542

Rain indicator (1 if crash occurred on rainy weather, 0 otherwise) [UI] 0.737 2.59 0.0055 -0.0044 -0.0011
Crossing characteristics

Commercial land type (1 if land use type was commercial, 0 otherwise) [I] -0.640 —-2.73 0.0562 —0.0705  0.0142
Driver characteristics

Female driver indicator (1 if driver was female, 0 otherwise) [I] 0.404 2.55 -0.0119 0.0145 -0.0026

Driver-in-vehicle indicator (1 if driver was in the vehicle, 0 otherwise) [K] 1.822 4.41 —0.0549 —0.0432  0.0981
Vehicle characteristics

Truck involvement indicator (1 if truck was involved in the crash, 0 otherwise) [UI] 0.859 4.99 0.0325 —0.0239 —0.0086

Van involvement indicator (1 if van was involved in the crash, 0 otherwise) [UI] -0.825 -2.10 —0.0031 0.0023  0.0008

Other vehicle involvement indicator (1 if other motor vehicles was involved in the crash, 0 otherwise) [UI] -0.871 —-4.07 -0.0136 0.0103  0.0034

Table 4.5 Model estimation results of the multinomial logit model for pre-pandemic period (2018-2019).

) Marginal Effects
Variables Coefl.  tstat — om0 Injured (1] Killed [K]
Constant [I] -0.572 —-8.66
Constant [K] -1.589 -5.27
Crash characteristics
Dark (1 if lighting condition is dark, 0 otherwise) [UI] 0.318 2.97 0.0731 —0.0552 —0.0180
Dawn (1 if lighting condition is dawn, 0 otherwise) [UI] 0.615 3.51 0.1415 —0.1068 —0.0348
Dawn (1 if lighting condition is dawn, 0 otherwise) [K] 0.562 2.40 —0.0318 —0.0148 0.0466
Dusk (1 if lighting condition is dusk, 0 otherwise) [UI] 0.542 3.57 0.1248 —0.0941 —0.0307
Adverse crossing surface indicator (1 if crash occurred on adverse roadway surfaces, 0 otherwise) [UI] 0.365 2.43 0.0840 —0.0633 —0.0206
Rain indicator (1 if crash occurred on rainy weather, 0 otherwise) [UI] -0.391 -—1.84 —0.0900 0.0679 0.0221
Clear indicator (1 if crash occurred on clear weather, 0 otherwise) [K] -0.362 -2.11 0.0205 0.0095 —0.0300
Crossing characteristic
Commercial land type (1 if land use type was commercial, 0 otherwise) [K] 0.411 2.59 —0.0232 —0.0108 0.0340
Both-side crossing warning indicator (1 if crossing warning was located on both sides, 0 otherwise) [K] -0.580 -2.10 0.0328 0.0152 —0.0480
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pandemic period and MNL for the pre-pandemic period. Estimation results of the
models during the COVID-19 pandemic and before the pandemic are presented in Table
4.4 and Table 4.5, which indicate overall satisfactory statistical fits with p? values being
0.338 and 0.134, respectively. Besides, the marginal effects of the significant
explanatory factors (arranged by variable classification) affecting crash severities are
shown in Figure 4.6 and Figure 4.7. The following parts will compare and discuss these

results in detail.
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Figure 4.6 Marginal effects of significant Figure 4.7 Marginal effects of significant
variables in 2020-2021. variables in 2018-2019.

4.4.2.1 Heterogeneity in the means of random parameters

Table 4.4 shows that two variables are identified as random parameters with
normal distributions during the COVID-19 pandemic: the old driver indicator specific
to uninjured category and the illuminated crossing indicator defined for injury category.
In contrast, no significant random parameters and unobserved heterogeneity are found
for the pre-pandemic period in Table 4.5. The findings indicate that a significant varying
influence of the unobserved characteristics on the injury severities is captured by these
random parameters after the outbreak of the pandemic. The probability density
diagrams of these random parameters are depicted in Figure 4.8. The impact of all

explanatory variables on the means and variances of the random parameters is
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thoroughly assessed to determine the presence of heterogeneity. The results reveal that
the random parameters associated with the presence of the old driver indicator and

illuminated crossing indicator only exhibit heterogeneity in means.

Regarding the heterogeneity in means during the COVID-19 pandemic, the driver-
in-vehicle indicator and the estimated train speed indicator are observed to decrease the
means of parameter estimate in the old driver indicator for uninjured outcomes,
suggesting an increase in severe injuries relative to young and middle-aged drivers
during the pandemic. In the context of HRGC crashes during the COVID-19 pandemic,
this result is intuitive since these unique driving conditions of the crossings may
substantially affect the elderly drivers’ driving performance. Particularly, the declined
perception and reaction ability of old drivers further bring serious obstacles in dealing
with complicated traffic driving scenarios (e.g., the high train speed, obstructed view,
or improper post-accident treatment), especially when the elderly drivers are infected

with the virus.

Concerning the other random parameter during the COVID-19 pandemic,
illuminated crossing indicator defined for the injured category, it is found that its means
increase in the existence of the driver-in-vehicle indicator and the estimated train speed
indicator. The reason is similar to the aforementioned interpretation that the
unexpectedly higher train speed and in-vehicle status tended to cause severe injury
severities. By contrast, the means of the illuminated crossing indicator decrease when
the crossing AADT indicator is involved in HRGC crashes. This phenomenon could be
attributed to the fact that compensatory driving behaviours, such as reducing the driving
speed and merging more cautiously, may be adopted by drivers during the COVID-19
pandemic in response to high traffic volumes, which could lessen the frequency and
severity of crashes. However, it is important to note that these compensatory behaviours
may not always be effective in reducing the crash severity. For example, if drivers are
not paying attention or are engaging in risky behaviours such as distracted driving, the

compensatory effects may be negated (Ren and Xu, 2023b).
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Figure 4.8 Distribution of random parameters in 2020-2021.

4.4.2.2 Crash characteristics

During the COVID-19 pandemic period, two types of crash characteristics are
found to be significant in the estimated model: speed-related variables and weather-
related variables. The estimated vehicle speed indicator, with a coefficient of — 0.811
in the uninjured utility model, resulting in an increase in the likelihood of being injured
and killed by 0.0080 and 0.0027 in HRGC crashes. This relationship is consistent with
common sense and previous research (Ahmed et al., 2023; Keramati et al., 2020), which
has found that higher speeds increase the force of impact and reduce the time available
for drivers to react to hazards. Likewise, the estimated train speed indicator has a
coefficient of 2.338 corresponding to the killed category, indicating that crashes
involving trains traveling at high speeds are more likely to result in fatalities (by 0.0542).
This result is plausible as faster trains are more likely to cause significant damage to

any vehicles they collide with, leading to more severe outcomes.

Weather conditions are also important predictors of the crash severity during the
pandemic and pre-pandemic period. The rain indicator, featured with a coefficient of

0.737 in the uninjured model from 2020 to 2021, it is observed to have a lower

probability of injured (by — 0.0044) and killed outcomes (by — 0.0011). This might
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be due to the fact that rainy conditions can lead to decreased driving speeds and
increased caution among drivers, which in turn reduces the likelihood of severe
accidents. This explanation is also appliable to the adverse crossing surface indicator
included in the pre-pandemic model, where less severe injuries are observed. As for the
pre-pandemic period, contradictory results that rainy conditions are more likely to get
involved in more severe injury severities are reported. One possible reason for this
difference is that driving in unfavorable circumstances could dramatically increase the
frequency of driving errors and dangerous driving behaviours (Alnawmasi and
Mannering, 2022a; Billah et al., 2022; Wang et al., 2022). This discrepancy indicates
that the driver compensation mechanism may be enhanced after the outbreak of
COVID-19 pandemic. Considering the possible heterogeneity and inherent temporal
instability, more attention should be given to understand the crash generating
mechanism and driver compensation mechanism in HRGC crashes. Moreover, it can
be expected that the clear weather indicator is positively associated with the uninjured
and injured outcomes, and negatively correlated with the killed crashes before the

pandemic.

Numerous factors regarding lighting conditions are also found to significantly
affect crash severity outcomes before the COVID-19 pandemic period. Specifically, the
dark, dawn, and dusk indicators specific to the uninjured category would decrease the
likelihood of injured and killed crashes, while increasing the likelihood of uninjured
crashes. This also suggests that the compensation mechanism functions under these
temporal characteristics. In contrast, the dawn variable defined for the killed category
is observed to have a higher probability of killed outcomes. This disparity indicates that
dawn, being a transitional period between night and day, might still involve low
visibility conditions that can complicate the perception and reaction times of drivers,
thus increasing the risk of severe accidents. Nevertheless, these lighting indictors are
not found to be significant during the pandemic period, which can be attributed to

several factors related to the unique circumstances brought about by the pandemic. One
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of the most immediate impacts of the pandemic was the significant reduction in traffic
volumes due to lockdowns, stay-at-home orders, and the general decrease in economic
and social activities. With reduced traffic volume and congestion, the influence of
lighting conditions on crash severity may be lessened. Additionally, the heightened
awareness and caution among drivers during the pandemic might have mitigated the

risks associated with poor lighting conditions.
4.4.2.3 Crossing characteristics

The commercial land type is a significant factor affecting injury severities in both
the pandemic and pre-pandemic model. The marginal effects imply that accidents
occurring at crossings located in commercial areas may be more likely to result in
fatalities. This result can be explained from two perspectives. Firstly, in commercial
areas, the mix of vehicular and pedestrian traffic often leads to situations where fatal
accidents occur due to the vulnerability of pedestrians in cases of high-speed impacts.
Secondly, the design and usage patterns of commercial lands typically involve
numerous access points, parking lots, and intersections where vehicles are often
involved in more dangerous movements (such as vehicles rushing to enter or exit the

commercial areas), thus causing higher fatality possibilities.

The present study also reveals that the illuminated crossing indicator defined to
injured category produces a random parameter that is normally distributed with a mean
of -4.461 and a standard deviation of 1.650 in the pandemic model. This implies that
this variable decreases the likelihood of injured outcomes for 99.66% of the HRGC
crashes while only increasing the likelihood of that for 0.34% of these observations
during this period. The result could stem from the fact that the good lighting condition
and the additional lights provide warning signals can alert drivers and pedestrians to
the presence of a train. This increased awareness could lead to drivers slowing down
and being more cautious when approaching the crossing, thus giving them more time

to react and avoid a collision. As such, the present study suggests that the illuminated
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crossing indicator is an effective safety device that can help to reduce the severity of

injuries in pandemic HRGC crashes.

Another significant factor before the COVID-19 pandemic is the presence of both-
side crossing warnings, which has a negative coefficient of — 0.580 in the killed model.
Meanwhile, the marginal effect of this variable is associated with a lower probability
of fatality crashes (by 0.0480). This finding suggests that the presence of warning signs
prompts drivers to comply with traffic regulations, thereby reducing the probability of

severe accidents (Ren et al., 2024Db).
4.4.2.4 Driver characteristics

No significant driver-related variables are found during the pre-pandemic period.
As for the pandemic model, female drivers have a positive coefficient of 0.404 for
injured category. The marginal effects also indicate that female drivers are more likely
to be involved in injured crashes (by 0.0145) due to their susceptibility to traffic
accidents. One possible explanation is that female drivers may be less experienced and
drive fewer miles than their male counterparts, which could result in the mishandling

of risky driving situations, especially in the context of HRGC during the epidemic.

Moving on to the old driver indicator, it is observed to follow a normal distribution
with a mean of 4.591 and a standard deviation of 4.505. It can be concluded that the
parameter of old driver is negative with a probability of 15.41% and positive with a
probability of 84.59% for each observation. The marginal effects suggest that this
variable would increase the possibility of injury and fatality (by 0.0082 and 0.0066,
respectively) during the epidemic. These findings are in line with previous studies
(Alnawmasi and Mannering, 2022a; Chen et al., 2016). It can be attributed to the fact
that aging may lead to a decline in physical and cognitive abilities, which may affect
their driving skills and reaction time. Consequently, older drivers may face difficulty in
avoiding accidents at railway crossings, particularly when the elderly drivers are

infected with the virus. Furthermore, older adults are more likely to have underlying
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medical conditions that may impact their driving ability, such as vision and hearing
impairments. These conditions could further increase their vulnerability to accidents at

HRGCs, making injury severities more severe.

The positive coefficient of 1.822 for the driver-in-vehicle indicator in the killed
effect function and the corresponding marginal effect suggest that the probability of
being killed increases by 0.0981 during the epidemic. One possible explanation is that
the pandemic has led to changes in traffic patterns, with more people opting to travel
by private vehicles in order to avoid exposure to the virus on public transit. This
increase may lead to a higher incidence of HRGC accidents involving vehicles.
Meanwhile, the reduction in traffic volumes during the pandemic may have unintended
consequences, such as an increase in speeding or reckless driving, or a decrease in the
use of seat belts or other safety features. Moreover, it is worth noting that the change in
emergency response times or the availability of medical care in the aftermath of an in-

vehicle accident during the COVID-19 pandemic increase the risk of being killed.
4.4.2.5 Vehicle characteristics

No vehicle-related variables are found to be significant from 2018 to 2019. As for
the pandemic model, the type of the vehicle involved in a crash can significantly impact
the severity of the injuries sustained by the individuals involved in railway crossing
accidents. Note that the truck involvement indicator is found to be positively correlated
with uninjured outcomes and associated with a lower risk of injuries and fatalities (by
-0.0239 and - 0.0086, respectively). This may be due to the fact that trucks are
generally larger and heavier than other types of vehicles, which could provide greater
protection to their occupants in the event of a HRGC crash. Another factor could be that
trucks are typically driven by professional drivers who are trained to drive defensively
and follow safety protocols before crossing the tracks, which may result in a lower
likelihood of being injured in a HRGC crash. It is crucial to take these coefficients into

account in relation to other pertinent factors like impact speed and angle, as well as the
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use of safety equipment like seatbelts and airbags. For example, the risk of fatal injuries
is still high if the impact is severe enough or the occupants are not wearing seatbelts.
Therefore, drivers should exercise caution and adhere to safety protocols when crossing
railway tracks to minimize the risk of accidents and injuries. The coefficients for the
van and other involvement indicators in the uninjured category are negative and their
estimated marginal effects also indicate that being involved in a crash with these types

of vehicles is associated with a higher risk of severe injuries.

The discrepancy in driver-related and vehicle-related variables’ significance
between pandemic and pre-pandemic periods indicates that the onset of the pandemic

could have altered the factors influencing HRGC accidents and their outcomes.
4.5 Concluding remarks

Highway-rail grade crossing crashes in non-divided two-way traffic scenarios are
a significant public concern and have caused numerous fatalities and injuries over the
years. The injury outcomes were divided into three categories: Uninjured, Injured, and
Killed. Given the advantage of machine learning methods in capturing intricate
relationships between input variables and outcome predictions, the XGBoost model
was used to compare the prediction accuracy between different injury severity
categories and extract critical features. The relationship between each explanatory
factor and the injury severity was first examined using the ¥* test, and only the factors
with a significant association with injury severities were chosen to predict the outcomes.
The XGBoost model, optimized through hyperparameter tuning and validated by five-
fold cross-validation, demonstrated proficiency in distinguishing different injury
severities, particularly in predicting fatal outcomes with a highest degree of accuracy
0f 93.36% and an AUC of 0.79. The model’s performance in predicting the injured and
uninjured datasets was less impressive, with accuracy values of 74.75% and 69.10%,
respectively. Furthermore, the top ten most important feature indicators for the killed,

injured, and uninjured datasets were identified. It was found that some of them
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overlapped, such as old driver, driver was in vehicle, main track, went around the gate,
adverse crossing surface, and truck, while there were also some differences. The diverse
feature highlights the nuanced nature of risk factors across different severity levels. The
application of SHAP values further enhanced the interpretability of XGBoost models,
offering a granular perspective on the influence of individual features. The detailed
distributions of the respective top three significant variables that emerged from the
analysis were presented, including train speed > 45 MPH, driver was in vehicle, truck,

old driver, and female driver.

The present study found that the did not stop behaviour produced varying effects
on injury severity outcomes. Therefore, there is a great necessity for targeted programs
to educate drivers about avoiding risky or improper driving behaviours at HRGCs.
Besides, clear signage, visible traffic signals, and proper lane markings should be
incorporated into the crossing to enhance visibility and provide clear instructions, thus
reducing the likelihood of non-stop behaviour. Installing adequate lights in roadways
and crossings is necessary to improve visibility and reduce the risk of accidents. And
encouraging the use of reflective materials on vehicles during nighttime travel can also
be helpful. To enhance HRGC safety in commercial areas, it is crucial to promote the
installation of warning signs that provide drivers with important information and alerts,
including speed limits, pedestrian crossings, and potential hazards. This study further
identified several factors that increase the likelihood of severe injuries in HRGC crashes,
including estimated vehicle speed > 25 MPH, train speed > 45 MPH, going around the
gate, old driver, female driver, motorcycle, and the driver was in vehicle indicators.
Based on the results, countermeasures such as implementing lower speed limits at
crossings, strengthening gate enforcement, and developing targeted initiatives for
vulnerable road users could be taken to reduce the likelihood of injuries. Notably, the
adverse crossing surface and truck indicators exhibited unexpected marginal effects and
decreased the possibility of severe injury outcomes at non-divided two-way traffic

HRGCs. Nevertheless, it is essential to enhance the maintenance of HRGCs, including
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repairing potholes, improving road surfaces, and ensuring proper drainage to minimize
the risk under adverse crossing surface conditions. Additionally, educational programs
should be implemented to raise awareness among truck drivers about the importance of

following traffic rules, yielding to trains, and exercising caution at crossings.

Using a HRGC crash dataset in the United States from 2020 to 2021, this paper
further employed the random parameters logit model with heterogeneity in means to
identify contributing factors to injury severities and investigate the heterogeneous
impacts. Additionally, to illustrate the distinctive findings observed during the COVID-
19 pandemic period, a multinomial logit model was also developed using pre-pandemic
HRGC crashes from 2018 to 2019. The present study suggests that accounting for the
heterogeneity in means of random parameters can enhance the model fit and provide
new insights into injury severity concerning HRGC crashes during the pandemic.
Specifically, the presence of old drivers and illuminated crossing were found to have
varying effects on injury severity outcomes. Additionally, the unobserved heterogeneity
of random parameters’ means was found to be associated with the driver in vehicle,
estimated train speed, and crossing AADT indicators. The study further identified
several factors that increase the likelihood of severe injuries in HRGC crashes during
the pandemic, including estimated vehicle speed, estimated train speed, commercial
land type, female driver, driver in vehicle, van, and other vehicles. Notably, the truck
and rain indicators exhibited unexpected marginal effects and decreased the possibility

of severe injury outcomes during the COVID-19 pandemic.

Additionally, the significant variables varied remarkably between these two
periods. Notably, no significant indicators related to drivers or vehicles were identified
from 2018 to 2019, contrasting with the pandemic model. For example, prior to the
COVID-19 pandemic, the indicators for dark, dawn, and dusk typically reduced the
probability of crashes resulting in injuries or fatalities. However, these lighting
indicators did not exhibit significant effects during the pandemic. As for the rain

indicator, contradictory results were observed. In the pre-pandemic period, the presence
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of rain was associated with a higher probability of incidents involving severe injuries.
Conversely, during the pandemic, this probability decreased. This variation hints at a
possible improvement in the driver compensation mechanism after the outbreak of the
COVID-19 pandemic. Other significant indicators include the adverse crossing surface,
clear weather, and both-side crossing warning signal. Considering that the COVID-19
pandemic introduced a multitude of changes to transportation patterns and driver
behaviours, it is conceivable that this has made more factors sensitive to the injury

severity outcome.

These findings have important implications for policymakers and transportation
authorities in developing tailored interventions to mitigate the risk of severe injuries at
HRGCs during the pandemic and beyond. As for the pre-pandemic period, no
significant random parameters and unobserved heterogeneity were identified. The
results reveal a notable fluctuating impact of unobserved characteristics on crash injury
severities after the outbreak of the pandemic, as evidenced by the old driver indicator
and the illuminated crossing indicator. Therefore, to mitigate the risks associated with
vulnerable populations such as old drivers during the pandemic, it is necessary to carry
out tailored driving training and education programs. By providing them with the
knowledge and skills needed to safely pass through these high-risk areas, including
slowing down when approaching a crossing, avoiding distracted driving, and obeying
traffic laws, the likelihood of accidents and severe injuries can be reduced. Besides, it
is recommended that these vulnerable drivers reduce their travel frequency especially
when they are infected with the virus, as their declined perception and reaction abilities
can pose significant challenges in handling complex HRGC driving situations. The
present study also reveals that the illuminated crossing indicator have been effective in
reducing the severity of injuries in HRGC crashes from 2020 to 2021. Thus, regular
maintenance and inspection of the crossing infrastructure, including lighting, warning
signs, road markings, and gates, can help reduce the risk of severe injury in HRGC

crashes. Meanwhile, considering the association between high speeds and serious injury
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outcomes during the pandemic, another potential intervention is to implement speed
reduction measures, such as reducing speed limits, installing speeding cameras, and
increasing enforcement of speeding. Infrastructure improvements such as the use of
traffic calming measures (e.g., speed humps and chicanes) can also help to slow down
the traffic and encourage drivers to be more cautious. Moreover, given that the
commercial area will increase the severity of HRGC crashes during both the pre-
pandemic and pandemic periods, comprehensive measures could be taken to reduce the
incidence of HRGC accidents in proximity to commercial areas, such as reinforcing
traffic management, augmenting extra traffic signals, and enhancing the awareness of

traffic safety among drivers.
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Chapter S Heterogeneity in crash patterns of autonomous vehicles:

The latent class analysis coupled with multinomial logit model
5.1 Introduction

In the rapidly evolving landscape of transportation technology, autonomous
vehicles (AVs) have emerged as a transformative force, promising reduced traffic
congestion, enhanced road safety, and increased accessibility (Liu et al., 2024; Zhu and
Meng, 2022). However, the transition from conventional human-driven vehicles to AVs
is fraught with complexities that necessitate a thorough understanding of crash patterns
and the identification of underlying causal factors. The urgency to dissect these crash
patterns stems from multiple considerations. Firstly, AVs operate on principles
fundamentally different from human-driven vehicles, necessitating a tailored safety
assessment due to the reduction of human error—a leading cause of conventional road
accidents globally (World Health Organization, 2022). Secondly, despite the integration
of advanced technologies, such as sophisticated sensors and artificial intelligence, AVs
are not immune to accidents (California Department of Motor Vehicles, 2024; NHTSA,
2024). These vehicles may introduce new factors that can influence crash occurrences,
such as sensor malfunction, miscommunications between vehicle components, and
algorithm misinterpretation. Thirdly, the public acceptance and regulatory approval of
AVs hinge on their demonstrated safety, making it critical to identify and mitigate

potential risks proactively.

As AV testing becomes more prevalent after the COVID-19 pandemic, the volume
of data from AV collision reports has increased a lot. For example, the California
Department of Motor Vehicles (CA DMV) records on AV collisions and
disengagements are the predominant source of road test data for numerous
contemporary studies (California Department of Motor Vehicles, 2024). As of the
latest update, these reports encompass 702 documents in PDF format, detailing

incidents involving AVs. Furthermore, the National Highway Traffic Safety
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Administration has implemented a Standing General Order mandating that
manufacturers and operators should submit reports to the agency concerning crashes
involving vehicles equipped with automated driving systems or SAE Level 2 advanced
driver assistance systems (NHTSA, 2024). To date, this dataset has 1,142 pertinent
crash records. Meanwhile, leading AV manufacturers, such as Tesla and Google, have
released general descriptive statistics that characterize the safety performance of their
AV technologies (Tesla, 2024; Waymo, 2024). This presents unprecedented

opportunities for further in-depth safety analysis from empirical evidence.

Nevertheless, a notable deficiency in existing research is that they predominantly
focused on holistic dataset analysis, overlooking the heterogeneity embedded within
the AV crash data (Mannering et al., 2016b). The heterogeneity in AV crash patterns is
a critical research area that requires special attention, given the multifaceted nature of
AV operations and the diverse range of scenarios in which these vehicles may encounter
challenges. Conducting AV accident analysis on a heterogeneous dataset can obscure
significant relations (Mannering et al., 2016b; Ren and Xu, 2023b). It can mask
underlying patterns and significant relationships that are crucial for understanding the
dynamics of AV accidents, thus resulting in biased parameter estimates and erroneous
inferences (Mannering et al., 2016b). Some previous research efforts have been
invested in a particular attribute of conventional vehicle accidents to mitigate
heterogeneity within the data, such as distinct categories of crashes, certain age
demographics, different periods, specific crash locations, and lighting conditions
(Fountas et al., 2020; Ren et al., 2024a). Nonetheless, it is important to recognize that
those pre-specified segmentations may not ensure homogeneity within each subgroup

and heterogeneity across different subgroups (Kim and Mokhtarian, 2023).

Based on the expanding AV crash data pool, a systematic data extraction
framework was first employed in this study to extract key variables from the CA DMV
crash records. The dataset was then augmented by the road infrastructure characteristic

and precise geographical coordinates. Subsequently, a two-step method that combines
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the latent class analysis and multinomial logit model was used to examine the
heterogeneity and investigate contributing factors that significantly impact the damage
severity of AV crashes in specific subsets. This dual approach not only enhances the
reliability of crash models but also facilitates a comprehensive understanding of AV

safety.
5.2 Data description

The AV collision reports used in this study were collected from the Department of
Motor Vehicles, State of California. The CA DMV initiated the Autonomous Vehicle
Deployment Program in 2014, setting forth the standards for the deployment of AVs on
California’s public roads. This program requests manufacturers conducting on-road AV
trials to submit reports of any resultant collisions causing damage, bodily injury, or
fatality within a ten-day incident window (California Department of Motor Vehicles,
2024). As of April 12, 2024, there have been 702 collision reports in PDF format

involving AVs submitted to the CA DMV.

Notably, in 2017, the CA DMV made a significant update to the OL 316 form,
Report of Traffic Collision Involving an Autonomous Vehicle (California Department
of Motor Vehicles, 2024). The updated form offers a more comprehensive insight into
various aspects of AV-involved crashes that were not captured previously in the original
2013 version. Specifically, more details regarding vehicle damage location, severity of
the collision, road surface, movement preceding the collision, type of collision, weather,
lighting, and other related elements are provided. Later on, those AV-involved crashes
that occurred after April 2018 were documented by the revised forms. Therefore, to
ensure the structural integrity of variables underpinning the subsequent analytical
procedures, this study adopted the research time window encompassing records with
updated forms from April 1, 2018 to April 12, 2024. Figure 5.1 shows the detailed

distribution of AV crash numbers by year.
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Figure 5.1 CA DMV AV crash number by year.

A systematic data extraction framework was developed to facilitate the conversion
of PDF format crash records into excel and comma-separated formats, thereby enabling
their compatibility with statistical software and scripting languages for subsequent in-
depth analysis. Figure 5.2 presents the flowchart of CA DMV AV crash data extraction
and augmentation. To be specific, 61 scanned hand-written records in 2018 were
manually scrutinized and extracted. As for data that was documented in the uniform
digital reports from 2019 onward, a highly automatic and fast PDF extractor based on
Python was deployed to specifically obtain the variables from these retrieved reports.
The OCR program was set up with a pipeline that includes pre-processing steps (such
as image conversion and variable region designation), text and marking detection, and
post-processing steps (such as variable saving). Each individual report in PDF format
was first converted into an image file to enable the Python library to read the text
contained therein. Subsequently, the Optical Character Recognition (OCR) and
computer vision techniques were employed to extract the text and markings from
specific regions. Once the texts and checkmarks had been extracted, they were
transcribed into a CSV file, with predefined columns representing crash-related
variables. The pipeline is fine-tuned to handle the PDF format and content of CA DMV
collision reports, thus allowing for automatic labelling by identifying and extracting

relevant information with minimal human intervention. The data was also scrutinized
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and validated to ensure the detection accuracy. Specifically, a portion (10%x573 = 57)
of the automatically extracted crash data was randomly selected and manually reviewed
to cross-check the accuracy of the OCR extraction results. We found that the accuracy
of the OCR program is as high as 100% on these randomly selected digital crash records.
Therefore, the effectiveness and accuracy of this data extraction framework can be

ensured simultaneously.
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Figure 5.3 An example of extraction results in the form of pictures-to-text.

The extraction process involves using a CPU (Intel i9-13900K) and a GPU
(GeForce RTX 3080) to process a total of 573 digital reports. The total extraction time
taken for this task was 1250 seconds. On average, it took approximately 2.18 seconds
to process each PDF report. Figure 5.3 illustrates an example of extraction results in the
form of pictures-to-text. As such, it greatly reduces the manpower and time traditionally

required for data extraction processes from CA DMV collision reports, while manual

108



data entry and analysis are both time-consuming and prone to human error (Liu et al.,
2024; Sinha et al., 2021; Shafique et al., 2024). This not only streamlines the workflow
but also facilitates instant data updates, particularly as the volume of data continues to

increase.

In addition to the AV collision report, the characteristic of the road infrastructure,
especially whether a crash occurred at an intersection, was also collected using Google
Satellite Image based on the extracted address. This augmentation is crucial, given the
findings from previous studies that suggested intersections play a significant role in
increasing the likelihood of accidents (Liu et al., 2024; Ren et al., 2024b). Additionally,
the CA DMV AV crash reports do not provide precise geographical coordinates,
specifically latitude and longitude, for each collision site. To ascertain these locations,
the Google Geocoder Application Programming Interface was utilized in this study.
Figure 5.4 illustrates the spatial distribution patterns of AV collisions within the
specified research timeframe, with each dot symbolizing an individual AV collision
event. It can be seen that the majority of the collisions were concentrated in the San

Francisco and Mountain View areas.
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Figure 5.4 The spatial distribution of AV crashes in California.

To further analyse the geographical coordinates of AV crashes and identify

corresponding accident blackspots, the spatial clustering was conducted (Fan et al.,
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2022; Jia et al., 2018). The DBSCAN algorithm was utilized for this analysis due to its
effectiveness in discovering clusters of arbitrary shapes and handling spatial data with
noise (Ester et al., 1996). Note that the spatial clustering analysis on the AV crash points
was performed separately for two sub-areas due to the considerable spatial distance
between these two regions. Subsequently, the visualization of the spatial clustering
results was achieved through a scatter plot overlaying on the OpenStreetMap. The
spatial clustering of AV crashes in California is detailed in Table 5.1 and illustrated in
Figure 5.5. Unique colors represent different clusters and noise points distinctly
identified. Noise points in the context of our study refer to AV crash data points that do
not belong to any cluster and are considered outliers due to the low crash point density
(Ester et al., 1996). For each cluster, the convex hull was plotted and the centroid was
calculated, providing a clear representation of crash cluster boundaries and average
crash central points. The geographical and built environment characteristics of each
centroid clustered were then carefully scrutinized. For sub-area 1, the cluster 1’s
centroid is near major highways and intersections, indicating potential high-speed and
complex traffic flow interactions. The cluster 2’s centroid in sub-area 1 is situated in a
densely built urban area, suggesting that this cluster may be simultaneously influenced
by high pedestrian activity, non-motorized traffic, and motorized traffic. Meanwhile,
the centroid of cluster 1 in sub-area 2 is located near residential and commercial borders,

indicating potential needs for traffic management and safety improvements.

Table 5.1 The spatial clustering results of AV crashes in California.

Sub-area 1 Sub-area 2

Cluster 1 Cluster 2 Noise Cluster 1 Noise
Crash numbers 445 103 10 17 9
Centroid (=122.061, 37.400) (-122.424,37.773) (-118.381, 34.037)

The spatial clustering analysis was further conducted from intersection and road
segment aspects using kernel density estimation (Jia et al., 2018; Jiang et al., 2013; Lu
et al., 2013; Silverman, 2018). Figure 5.6 and Figure 5.7 show the spatial clustering of
AV crashes in sub-area 1 from intersection and road segment aspects (It is noteworthy

that sub-area 2 includes 11 crashes that occurred at intersections and 15 crashes that
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occurred on road segments. The scarcity of data points results in the absence of multiple

incident locations belonging to the same road segment or intersection. Thus, further

clustering analysis in this region is not feasible.). Larger circles stand for locations

where more AV crashes occurred.
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Figure 5.5 The spatial clustering of AV crashes in California.
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Figure 5.7 The spatial clustering of AV crashes in sub-area 1 from road segment aspect.
Based on the spatial clustering analysis, the top 5 intersections and road segments
with the highest number of AV crashes were identified in sub-area 1, as shown in Table
5.2. These results highlight specific intersections and road segments within sub-area 1
that are particularly prone to AV incidents, which could be priority areas for targeted
safety improvements. The overlap for both the intersection (Van Ness Avenue and
Market Street) and associated road segment (Van Ness Avenue) suggests a potentially

high-risk zone.

Additionally, it can be observed that the crash locations are quite geographically
scattered, with only a few crashes concentrated at specific intersections or road
segments. This scattering suggests that there are very few accident blackspots within
the study area, providing positive evidence for the safety of automated vehicles. Unlike
human drivers, who are constrained by limited sensing capabilities and often encounter
unreasonable traffic infrastructure such as poorly designed road segments or chaotic
intersections (Ashraf et al., 2021), AVs appear to operate more safely across a wider
geographical area. This observation underscores the value of spatial clustering analysis
in understanding the AV safety performance (Fan et al., 2022; Jia et al., 2018; Jiang et

al., 2013; Lu et al., 2013), which may significantly inform future transportation
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planning and policy decisions.

Table 5.2 The top 5 intersections and road segments in sub-area 1.

Sub-area 1

Top S -
Intersection Count Road segment Count

1 Folsom Street and 19th Street 8 Alma Street 6
(-122.415. 37.760)

2 Bryant Street and Kate Street 7 Van Ness Avenue 5
(-122.406, 37.773)

3 Lombard Street and Hyde Street 7 Shoreline Blvd 4
(—122.420. 37.802)

4 Van Ness Avenue and Market Street 4 Sacramento Street 3
(-122.419. 37.775)

5 Pacific Avenue and Montgomery Street 3 Bayshore Blvd 2

(=122.404. 37.797)

After the elimination of irrelevant variables and records with missing variables, a
total of 584 AV crash observations with clearly defined vehicle damage and detailed
crash information were utilized for this analysis. To discern the factors contributing to
AV incidents, the crash damage outcomes were classified into four categories: none
damage, minor damage, moderate damage, and major damage. Meanwhile, the
independent variables under consideration were grouped into five categories, including
crash characteristics, road characteristics, temporal characteristics, vehicle
characteristics, and environment characteristics. These multi-source determinants were
subsequently transformed into categorical variables for in-depth analysis. The detailed
descriptive statistics on the explanatory variables are provided in Table 5.3. Notably, to
reduce modelling bias caused by an insufficient number of samples, variables with
small sample sizes and similar characteristics were combined according to the rules
mentioned in the notes section of Table 5.3. As such, a total of 43 candidate variables

were identified for the subsequent model development.

An interesting aspect observed in the descriptive analysis is that, unlike traditional
human-driven vehicle accidents where the distribution of damages typically decreases
with the severity of injury (Mannering et al., 2016b; Ren and Xu, 2023b), accidents
involving AVs predominantly result in minor damage (73.97%). This is followed by

moderate damage (15.24%), none damage (8.22%), and major damage (2.57%),
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respectively.

Table 5.3 Descriptive statistics of explanatory variables.

Categories Variables Dummy variables Description Frequency Percentage
Vehicle Damage  None 1 =True; 0=False 48 8.22%
Minor 1 =True; 0=False 432 73.97%
Moderate 1=True;0=False 89 15.24%
Major 1=True;0=False 15 2.57%
Crash Vulnerable Road No VRU involved 1 =True; 0=False 550 94.18%
characteristics  User (VRU) VRU involved! 1 =True; 0=False 34 5.82%
AV movement Stopped 1 =True; 0=False 248 42.47%
Proceeding straight 1 =True; 0=False 168 28.77%
Making turns® 1=True;0=False 56 9.59%
Backing 1 =True; 0=False 20 3.42%
Slowing/Stopping 1=True; 0=False 47 8.05%
Parked/Parking 1=True;0=False 22 3.77%
Other movements? 1=True;0=False 23 3.93%
Type of collision Head-on 1 =True; 0=False 47 8.05%
Side swipe 1 =True; 0=False 145 24.83%
Rear end 1=True; 0=False 282 48.29%
Broadside 1 =True; 0=False 46 7.88%
Hit object 1=True; 0=False 39 6.68%
Other collision categories 1 =True; 0=False 25 4.27%
Road Intersection Non-intersection 1=True; 0=False 297 50.86%
characteristics Intersection 1=True; 0=False 287 49.14%
Roadway surface Dry 1 =True; 0=False 543 92.98%
Adverse roadway surface* 1 =True;0=False 41 7.02%
Roadway Unusual conditions® 1 =True; 0=False 28 4.79%
condition No unusual conditions 1=True; 0=False 556 95.21%
Vehicle Vehicle status Moving 1=True;0=False 318 54.45%
characteristics Stopped in traffic 1 =True; 0=False 266 45.55%
Vehicle number Single 1=True; 0=False 502 85.96%
Multiple 1 =True; 0=False 82 14.04%
Driving mode Autonomous mode 1 =True; 0=False 316 54.11%
Conventional mode 1 =True; 0=False 268 45.89%
Environment = Weather Clear 1 =True; 0=False 496 84.93%
characteristics Cloudy 1 =True; 0=False 61 10.45%
Raining/Foggy 1 =True; 0=False 27 4.62%
Lighting Daylight 1 =True; 0=False 399 68.33%
Dark without street lights® 1=True; 0=False 20 3.42%
Dark with street lights 1 =True; 0=False 165 28.25%
Temporal Week Weekday 1 =True; 0=False 448 76.71%
characteristics Weekend 1=True;0=False 136 23.29%
Time of day Early morning (0:00 - 1 =True; 0=False 52 8.90%
5:59)
Morning (6:00 - 11:59) 1 =True; 0=False 174 29.79%
Afternoon (12:00 - 18:59) 1=True; 0=False 261 44.69%
Evening (19:00 - 23:59) 1=True; 0=False 97 16.61%
Quarter Quarter [ 1 =True; 0=False 146 25.00%
Quarter 11 1 =True; 0=False 144 24.66%
Quarter 111 1 =True; 0=False 155 26.54%
Quarter [V 1 =True; 0=False 139 23.80%

'Vulnerable Road User: Pedestrian/Bicyclist/Scooter.

*Making turns: Making right turn/Making left turn/Making U turn.
30ther movements: Passing other vehicle/Changing lanes/Entering traffic/Crossing into opposing lane/Merging.
*Adverse roadway surface: Wet and snowy-icy surfaces.

SUnusual conditions: Holes and deep rut/Loose material on roadway/Obstruction on roadway/Construction-repair zone/Reduced

roadway width/Other unusual conditions.
Dark without street lights: Dusk/Dawn/Dark without street light category.
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5.3 Methods

In an effort to investigate the unobserved heterogeneity within AV crashes, the
latent class logit model and the random parameter logit model were initially used to
explore and model the data. However, these models failed to meet the significance
criteria, which is plausibly attributable to the limited sample size available in the AV
crash dataset. In light of these problems, we pivoted to a hybrid research methodology
that integrates the latent class analysis with the multinomial logit model. The combined
methodology represents a well-established research framework to explore the
unobserved heterogeneity in the field of traffic safety analysis (Kim, 2023; Kim and

Mokhtarian, 2023; Labbo et al., 2024; Sivasankaran and Balasubramanian, 2020).

Firstly, the latent class analysis was used to identify the patterns in AV crash
incidents. On the one hand, the latent class analysis effectively manages the
heterogeneity in two significant ways: (1) It eliminates the need for parametric
assumptions about the distribution of the heterogeneity underlying the data (Mannering
et al., 2016), and (2) It acknowledges the existence of common parameters across
unobserved clusters. This relaxation is particularly beneficial in the contextual small
sample size data where the true underlying distribution of unobserved factors is
uncertain or may not follow a known parametric form. On the other hand, as a
probability-based partitioning approach, the latent class analysis approach offers
distinct advantages over other similarity-based techniques such as K-means (Sun et al.,
2019; Zhu et al., 2023): (1) It does not require a predetermined number of clusters.
Statistical criteria can be employed to retrospectively determine the optimal model and
corresponding number of clusters. (2) It can probabilistically assign each crash to a
specific cluster, leveraging membership probabilities that are estimated through a
rigorous maximum likelithood procedure. (3) It can accommodate a wide array of
variable types, encompassing numerical, nominal, or mixed formats, without the need
for pre-analysis standardization. This feature streamlines the data preparation process

and broadens the applicability of latent class analysis to datasets with heterogeneous
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variable characteristics.

Secondly, the multinomial logit model was employed to examine the relative
contributions of various determinants—including crash characteristics, road
characteristics, vehicle characteristics, environment characteristics, and temporal
characteristics—to the AV crash damage severity. Finally, the marginal effects of the
significant factors were calculated to interpret their specific impacts on different crash
patterns. This combined approach enabled us to identify latent classifications within the
small sample data while simultaneously providing an interpretable analysis of the

correlation between crash factors and damage severity outcomes.

5.3.1 Latent class analysis

Latent class analysis is a statistical technique commonly utilized in the field of
traffic safety to uncover underlying patterns in crash data with inherent diversity (Sun
et al., 2019). The core principle of latent class analysis is to classify multivariate
categorical observations into a finite number of unobserved subgroups or latent classes
based on their characteristics and the outcome. Observations that display comparable
response patterns on explicit variables are often grouped together within identical latent
class structures. As such, the homogeneity within the sub-classes and the heterogeneity

between sub-classes are maximized.

Consider a data sample with I AV crashes and J categorical indicators. The

probability of a particular response pattern for crash i can be given by the formula:

N J
n=1 j=1

where X; is the set of observed variables for AV crash i, x; is a specific response
pattern observed for AV crash i, N is the number of latent classes, C,, represents the n-
th latent class, P(C,) is the membership probability of latent class C, ,

P(X;; = x;;| C,) is the conditional probability of crash i providing response j in latent
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class C,.

Based on this probability model, latent class analysis tries to estimate the
parameters that best fit the observed data through maximum likelihood estimation. This
involves iterative computation, often using the Expectation-Maximization algorithm,
to find the latent class structure that most likely produced the observed response
patterns (Linzer and Lewis, 2011; Sun et al., 2019). Once the model has been estimated,
the classification of specific AV crash cases into distinct categories is achieved through

the computation of posterior probabilities using Bayes formula:

_ P(C,)P(Xij = x| Cy)

P(X; = x;) 62

P(Cul Xij = xi5)

In the absence of explicit criteria for ascertaining the ideal sample size for latent
class analysis, a heuristic often recommended with a minimum of 500 observations to
ensure the validity and reliability of the results (Finch and Bronk, 2011). Notably,
empirical evidence from various latent class analysis investigations indicates that valid
results can be obtained with a small sample size. For example, Nylund-Gibson and Choi
(2018) posited that a sample of at least 300 individuals is generally sufficient to conduct
latent class analysis effectively. Taking into account these benchmarks and the specific
context of our research, the inclusion of 584 AV crash samples is considered to be an
appropriate and sufficient sample size for the application of latent class analysis. The
R-package poLCA (Polytomous Variable Latent Class Analysis) was employed to
identify the complex interplay of various factors contributing to AV crashes (Linzer and

Lewis, 2011).

5.3.2 Multinomial logit model

The multinomial logit model is a robust econometric approach widely used in the
analysis of categorical dependent variables, making it particularly suitable for
modelling the damage severity of accidents involving AVs (Behnood and Mannering,
2015; Islam and Mannering, 2020; Fred L. Mannering et al., 2016b; Washington et al.,
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2020). This model allows for the estimation of the probability of each category of

accident severity (e.g., none, minor, moderate, severe) based on a set of predictors.

The basic framework adopted for determining the specific damage severity level

k in AV crash i initiates by formulating a linear function, as follow:
Ui = BrXyi + € (5.3)

where B is the vector of estimated parameters for damage severity level k, Xj,; is
the vector of explanatory variables influencing the damage severity k in AV crash i, &;

is the stochastic error term, and Uy; represents the probability of damage severity & in

AV crash i.

Under the presumption that the disturbance terms adhere to a distribution that is
both independently and identically generalized extreme value, the framework can be

represented as a standard multinomial logit model (McFadden, 1981b):

exp(BrXyi)
Py =

= mf(mfp)dﬂ (54)

where Py; signifies the probability of the k-th categorical damage severity arising from
the i-th incident involving an AV, f(B|¢) constitutes the probability density function
corresponding to the vector of parameters f, while ¢ denotes a parameter vector that

defines the density function’s characteristics.

Estimation of the model parameters was implemented through the simulation-
driven maximum likelihood method (Washington et al., 2020b). In the multinomial
logit model, the coefficient corresponding to a specific variable does not
straightforwardly indicate its causal impact. Therefore, the marginal effects are
essential to quantify how changes in predictor variables can influence the likelihood of
different AV accident severities, providing valuable safety insights in AV context
(Washington et al., 2020b). Specifically, the marginal effect denotes the alteration in

the probability of the k-th category of damage severity in crashes involving AVs,
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attributable to a one-unit escalation in the explanatory variable Xj;. In instances where
X} assumes the form of an indicator variable, as observed in our study, the marginal
effects can be calculated directly by comparing the probabilities when the variable alters
from 0 to 1 (Washington et al., 2020). This computation entails the averaging of the

marginal effects over the entirety of observed AV crashes as follows:
MEy, . = P[ given Xy; = 1] — P[ given X;; = 0] (5.5)

5.4 Results and discussions

5.4.1 Latent class analysis

The selection of an appropriate number of latent classes is crucial for the latent
class analysis. To identify the most representative model structure, various statistical
criteria, such as the Akaike Information Criterion (AIC) (Hirotugu Akaike, 1974),
Bayesian Information Criterion (BIC) (Schwarz, 1978), likelihood ratio chi-square (G?),
and maximum log-likelihood are commonly used. The AIC and BIC are comparative
indices in latent class analysis for assessing the model fit with the given AV crash data.
Models with lower values on these criteria are considered to have a superior fit and
indicate more homogeneous groups (Rafiq and McNally, 2021; Schwarz, 1978). G?
refers to the likelihood ratio chi-square statistic for the observed versus predicted cluster
counts, which is another method used to assess the goodness-of-fit of the model
(Goodman, 1970). A lower G? suggests a more precise model fit (Goodman, 1970).
Furthermore, the maximum log-likelihood values provide quantitative assessments of
how well the estimated model fits the observed crash data, with larger values indicating

better fits.

Previous research has indicated BIC is a more reliable metric in determining the
optimal number of clusters compared to other criteria (Nylund et al., 2007). Therefore,
this study primarily employs BIC to ascertain the most appropriate number of classes.

Meanwhile, it should be noted that an increase in cluster quantity does not perpetually
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correspond to a minimized BIC value (Liu and Fan, 2020). Besides, given the small
sample sizes in the context of AV crash data, an excessive number of clusters can result
in minimal differences among segmented groups. This situation potentially diminishes
the informational value of each cluster and increases the complexity of analysis.
According to previous studies, the current research posits that the optimal number of
clusters is determined when the relative percentage reduction in BIC value among
competing models is below 1 percent threshold (Lin and Fan, 2021; Samerei and
Aghabayk, 2024). As such, the heterogeneity can be accurately captured and the

interpretability of the results can be significantly enhanced.

Incorporating the full set of explanatory variables, class sizes ranging from 1 to 6
were explored respectively to assess their fit metrics and the interpretability of the
derived classes. The comparative model statistics for competing models, specifically
AIC, BIC, G?, and the maximum log-likelihood, are detailed in Table 5.4. An overall
declining trend in the metrics was observed except for the maximum log-likelihood
with the increment of cluster sizes until to class size of six. Notably, the decreasing rate
of these indices was inconsistent from one class to six classes, with a pronounced sharp
reduction rate post the first base group and a subsequent plateau after two clusters.
Particularly, the percentage change of BIC was -4.18% from 1 cluster to 2 clusters,
while decreasing less than one percentage from 2 to 6 clusters. Therefore, the two-
cluster model was selected as the optimal model for subsequent crash pattern

identification and interpretation analysis.

Table 5.4 Model fit metrics for different number of clusters.

Number of clusters 1 2 3 4 5 6

AIC 13,260.86 12,556.81 12,389.53 12,165.13 12,043.40 12,064.71
BIC 13,400.70 12,840.85 12,817.78 12,737.58 12,760.06 12,925.58
Percentage change of BIC - -418% -0.18% -0.63% 0.18% 1.30%
G? 5,994.09 5,224.04 4,990.76 4,700.36 4,512.63 4,467.94

Maximum log-likelihood -6,598.43 -6,213.41 -6,096.77 -5,951.56 -5,857.70 - 5,835.36
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The class-conditional response probabilities associated with the explanatory
variables are presented in Table 5.5. Class-conditional response probabilities represent
the probability of observing a particular response given membership in a specific latent
class (Lanza et al., 2013). Due to the assumption of conditional independence, the
within-class probabilities sum to 1. These probabilities are crucial as they help in
distinguishing between the different latent classes by indicating the characteristic
patterns of responses within each class. The class population shares reveal that cluster
1 constitutes 46.4% of the crash dataset, while cluster 2 accounts for 53.6%. The
allocation of crashes to these clusters was predicated on the modal assignment principle,
whereby each crash was attributed to the cluster with the highest probability of
membership (Rafiq and McNally, 2021). Summary statistics have been derived by
employing a probability-weighted approach to compute mean values across the entirety
of incidents. Each identified latent class signifies a distinct subgroup of AV crashes that

were characterized by a particular crash pattern.

Subsequently, a detailed description of the damage severity patterns of the two
clusters of AV crashes was provided in Figure 5.8. The probability (vertical axis) of the
variable (horizontal axis) outcome refers to the probability of a specific value of a
variable in the overall sample. This is the result of considering both the class-
conditional response probabilities and the class probabilities. The class numbers 1 to 7
on the right-hand axis indicate different dummy variables considered in our analysis,
and the details can be found in Table 5.5. According to the clustering results, two
distinct groups based on the skewed distributions of vehicle status and driving mode
were determined. The first class encompasses incidents where the AV was in motion at
the time of the crash (accounting for 99.1% of observations), with crashes
predominantly occurring in conventional driving mode (58.5%). Conversely, the
second class is featured by crashes where the AV stopped in traffic, representing 97.1%
of such incidents. These accidents predominantly occurred when the vehicle was

operating in autonomous mode (68.7%).
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Figure 5.8 Clustering results for AV crashes in California.

The “natural breaks” embedded in the dataset represent and highlight identifiable
patterns in AV accident occurrences relative to vehicle operational states. The first class
indicates that a majority of crashes involving AVs happened while the vehicles were in
motion. This could be attributed to the complex dynamic interactions with other moving
vehicles and road users, sensor detection limitations, or decision-making algorithms
underestimating certain risks in real-time dynamic traffic scenarios (Zhang et al., 2023).
The second class, where AVs stopped in traffic during the crash event, points to
potential vulnerabilities in how these vehicles respond to sudden changes in their
surrounding environment, such as the behaviours of other vehicles. It is noteworthy that
a significant proportion of these incidents occurred when the autonomous system was
engaged, which could indicate difficulties in predicting and reacting to the actions of

other road users (Selvaraj et al., 2023).

The higher incidence of crashes in autonomous mode, identified in both classes,
could also be linked to a transitional technology phase where human drivers and
autonomous systems coexist and interact on public roads. This coexistence may lead to
unpredictable situations, as human drivers may not always anticipate or understand the
behaviour of AVs. Moreover, the “natural breaks” suggest that different traffic

conditions may necessitate distinct approaches to prevent AV accidents. For instance,
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strategies that are effective for moving vehicles, such as advanced predictive algorithms
and enhanced sensor systems, may differ from those needed when vehicles are

controlled to stop, like robust fail-safes for sudden traffic halts.

Table 5.5 Conditional response probabilities of explanatory variables for each class.

Dummy variables Class number Cluster 1 Cluster 2
Class population shares 0.464 0.536
Crash characteristics
Vulnerable Road No VRU involved 1 0.940 0.944
User (VRU) VRU involved 2 0.060 0.056
AV movement Stopped 7 0.000 0.916
Proceeding straight 5 0.524 0.015
Making turns 2 0.165 0.016
Backing 1 0.064 0.000
Slowing/Stopping 6 0.130 0.024
Parked/Parking 4 0.045 0.030
Other movements 3 0.073 0.000
Type of collision Head-on 2 0.080 0.081
Side swipe 6 0.292 0.195
Rear end 5 0.339 0.653
Broadside 1 0.101 0.053
Hit object 3 0.125 0.000
Other collision categories above 4 0.064 0.019
Road characteristics
Intersection Non-intersection 1 0.506 0.512
Intersection 2 0.494 0.488
Roadway surface Dry 2 0.930 0.930
Adverse roadway surface 1 0.070 0.070
Roadway condition Unusual conditions 2 0.067 0.026
No unusual conditions 1 0.933 0.974
Vehicle characteristics
Vehicle status Moving 1 0.991 0.029
Stopped in traffic 2 0.010 0.971
Vehicle number Single 2 0.198 0.073
Multiple 1 0.802 0.927
Driving mode Autonomous mode 1 0.415 0.687
Conventional mode 2 0.585 0.313
Environment characteristics
Weather Clear 1 0.834 0.867
Cloudy 2 0.112 0.096
Raining/Foggy 3 0.054 0.037
Lighting Daylight 2 0.668 0.701
Dark without street lights 3 0.029 0.041
Dark with street lights 1 0.304 0.258
Temporal characteristics
Week Weekday 1 0.768 0.767
Weekend 2 0.232 0.233
Time of day Early morning (0:00 -5:59) 2 0.112 0.063
Morning (6:00 - 11:59) 4 0.317 0.276
Afternoon (12:00 - 18:59) 1 0.408 0.492
Evening (19:00 - 23:59) 3 0.164 0.169
Quarter Quarter I ( 2 0.269 0.228
Quarter II 4 0.253 0.240
Quarter 111 3 0.264 0.268
Quarter IV 1 0.215 0.265
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5.4.2 Multinomial logit model

To mine informative insights regarding determinants influencing the AV crash
damage severity embedded in the pooled data and two identified clusters, three separate
models were developed and estimated respectively. Note that the pooled data refers to
the entire AV crash dataset without clustering. To check the Independence of Irrelevant
Alternatives assumption entailed by the multinomial logit model, the Hausman-
McFadden test was conducted on the pooled data (Hausman and McFadden, 1984).
Specifically, the restricted model was specified and estimated based on a smaller set of
choices excluding the major damage severity outcome and parameters in the major
damage severity utility functions. Thus, the number of estimated parameters in the
restricted model was n = 16 — 5 = 11. Table 5.6 presents the results of the Hausman-
McFadden test. With the Hausman-McFadden statistic value of 2.847 and a p-value of
0.993, the test results suggest that the Independence of Irrelevant Alternatives

assumption should be accepted in our study.

Table 5.6 Results of the Hausman-McFadden test.

Number of estimated parameters Hausman-McFadden

. . . . p-value
in the restricted model (n) statistic value

11 2.847 0.993

All explanatory variables listed in Table 5.3 were utilized to develop three distinct
models, which aimed to investigate their variations across different datasets and
highlight the special findings under the framework of latent class analysis. Additionally,
it 1s worth noting that the Pearson correlation coefficient analysis, with a predefined
threshold of 0.5, was performed to pinpoint highly correlated variables that need to be
excluded from the model to avoid multicollinearity (Pearson, 1895). Figure 5.9 shows
the results of the correlation analysis, which indicates that all significant variables

included in the final model specification have reasonable correlation coefficients.
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Figure 5.9 Significant variables’ correlation coefficients.

Note that before determining the final analytical model, a comparative evaluation
encompassing four distinct model frameworks was conducted. This comparison
included the multinomial logit model (MNL), the ordered logit model (OL), the ordered
probit model (OP), and the random parameters logit model (RPL). Table 5.7 shows the
detailed model metrics for these three models in the pooled data. Specifically, the log-
likelihood value at convergence measures the degree to which the model accurately
represents the observed crash data. A higher log-likelihood value indicates a superior
fit between the model and the data. The AIC and BIC are indicators of model complexity,
where lower values signify a more favorable balance between model complexity and
fit (Akaike, 1974; Schwarz, 1978a). It can be seen that the MNL has the highest log-
likelihood value at convergence. Besides, the AIC and BIC metrics for the MNL are the
lowest. With the confidence level higher than 99%, the likelihood ratio tests indicate
that the MNL outperformed the OL and OP alternatives. Therefore, the comparative

analysis reveals that the MNL outperforms the other two models.
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Subsequently, the random parameter logit model (RPL) was selected as the
potential candidate to model the AV crash data. During our preliminary analysis, we
conducted extensive tests attempting to identify significant random parameters.
However, we found that the inclusion of any random parameters did not significantly
improve the model’s performance. This result was based on the quantitative evidence
that all random parameters were not significant at the 90% confidence level. As such,
only the MNL was used to model the crash damage severities and present the

subsequent findings.

Table 5.7 Estimated model metrics for preliminary models in the pooled data.

Model metrics OL oP MNL

Number of estimated parameters (K) 15 13 16

Log-likelihood at zero, LL(0) —472.535 -472.535 -472.535

Log-likelihood at convergence, LL(f3) —452.232 -456.312 -437.841

Akaike information criterion (AIC) 934.5 938.6 907.7

Bayesian Information Criterion (BIC) 1000.0 995.4 977.6

Number of observations (N) 584 584 584
MNL vs OL.  MNL vs OP

x? 28.781 36.943

Degree of freedom 1 3

Confidence level >99.99% >99.99%

Table 5.8 displays the results of the estimated models that assess the severity of
crash damage for AVs within the pooled data, cluster 1, and cluster 2. Specifically, the
pooled data model uses the entire dataset without any clustering, providing a general
overview of the AV crash patterns for all data points, while the cluster 1 model focuses
on a specific subset of the data identified as cluster 1 and the cluster 2 model analyses
another subset identified as cluster 2. Note that the variables’ names followed by crash
types inside square brackets represent their inclusion in the different damage severity
utility functions (Washington et al., 2020). In the pooled data model, 16 variables and
constant terms emerged as significant in determining the crash damage severity. In
cluster 1, the model identified 10 significant variables and constant terms, whereas the
model pertaining to cluster 2 discerned 13 variables and constant terms as significant
ones. ***, *x, and * are utilized to represent variables’ significance at the 99%, 95%,

and 90% confidence level. The corresponding thresholds for t-stat are |t-stat[>2.57, |t-
126



stat}>1.96, and [t-stat|>1.645, respectively. It can be seen that the factors that influence
crash damage outcomes are remarkably different between cluster 1 and cluster 2.
Furthermore, Table 5.8 reveals a substantial disparity in the impacts of variables
between the analysis of the pooled dataset and that of individual clusters. That is to say,

the crash patterns behind them are different.

Table 5.9 presents each significant variable’ marginal effects over the pooled data,
cluster 1, and cluster 2. As readers may find, the marginal effects must contain at least
a negative or a positive element. This is because the sum of one variable’s marginal
effects for NO, MI, MO, and MA is zero, which is both empirically verified and
theoretically proven (Ben-Akiva and Lerman, 1985; Train, 2009; Washington et al.,
2020c). To enhance the comparative analysis of the accident causes identified within
each dataset, a graphical representation was provided in Figure 5.10. For ease of
interpretation, the variables belonging to the same characteristics are rearranged.

Subsequent sections will interpret the results derived from these three models in detail.
5.4.2.1 Crash characteristics

Vulnerable road users defined for no damage can significantly decrease the
likelihood of minor damage (by 0.2336 in pooled data, 0.1330 in cluster 1, and 0.1238
in cluster 2), moderate damage (by 0.0412 in pooled data, 0.0243 in cluster 1, and
0.0310 in cluster 2), and major damage (by 0.0054 in pooled data, 0.0035 in cluster 1,
and 0.0040 in cluster 2), while consistently increasing the likelihood of no damage (by
0.2802 in pooled data, 0.1608 in cluster 1, and 0.1588 in cluster 2). Meanwhile, the
effect function of minor damage in the aggregate model also showed a significant
association with the presence of a vulnerable road user. These marginal effects suggest
that when AV accidents involve vulnerable road users, the resulting damage to vehicles
is less severe. Specifically, the probabilities of moderate and major damage would be
decreased by 0.2282 and 0.0377, respectively. However, it is crucial to point out that

the inequity in such incidents warrants special attention. Firstly, it is imperative to
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Table 5.8 Results of multinomial logit models for the pooled data, cluster 1, and cluster 2.

Pooled data Cluster 1 Cluster 2

; #
Constant [NO] 3.222%*%* 3.06
VRU involved [NO] 4.009%** 3.70 2.040%** 2.87 2.840%** 4.73
Backing [NO] 1.275* 1.92 1.380%** 1.97
Rear end [NO] 0.634* 1.95 0.923* 1.71
Unusual conditions [NO] 1.936** 2.11
Stopped in traffic [NO] —2.189*** 2,65
Dark with street lights
[NOJ —2.256%* -2.34
Evening [NO] —-1.546%* -1.80
Constant [MI] 3.127%%* 10.97 4.251%** 7.23 3.558%** 8.40
VRU involved [MI] 2.080%** 1.99
Head-on [MI] -0.615* -1.86 —-0.800* -1.78
Intersection [MI] —0.441%** -2.19
Multiple vehicles [MI] —0.741** -1.97
Evening [MI] —-0.635* -1.78
Quarter II [MI] —0.692%** -2.35
Constant [MO] 1.228%%* 4.05 2.390%** 3.97 1.255%%* 3.80
Slowing/Stopping [MO] —1.530** -2.04
Broadside [MO] 0.818** 2.04 0.746* 1.69
Dark with street lights
[MO] 0.439* 1.74
Quarter 111 [MO] —0.545* -1.83
Broadside [MA] 2.189%** 3.25
Intersection [MA] —2.094%** -2.71
Multiple vehicles [MA] -0.978* -1.91 —1.231%* -2.26
Cloudy [MA] 1.244* 1.84
Dark without street lights
[MA] 2.079* 1.73
Dark with street lights
[MA] 1.359%%* 2.74
Early morning [MA] 2.441** 2.56 1.620%** 2.50
Model statistics
Number of observations (N) 584 273 311
Number of estimated parameters (K) 16 10 13
Log-likelihood at zero, LL(0) —472.535 -215.701 —255.409
Log-likelihood at convergence, LL(f) —437.841 —203.280 —228.747

*NO = None Damage; MI = Minor Damage; MO = Moderate Damage; MA = Major Damage.

*xx_ xx and * represent significance at the 99%, 95%, and 90% confidence level.
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Table 5.9 Estimated marginal effects of contributing factors in the pooled data, cluster 1, and cluster 2.

Variables” Pooled data Cluster 1 Cluster 2

ariables NO MI MO MA NO  MI MO MA NO _ MI MO  MA
Crash characteristics

VRU involved [NO] 0.2802 -0.2336 -0.0412 -0.0054 0.1608 —0.1330 —-0.0243 —-0.0035 0.1588 —0.1238 -0.0310 -—0.0040
VRU involved [MI] -0.1212 0.3871 —-0.2282 -0.0377

Backing [NO] 0.0891 -0.0743 -0.0131 -0.0017 0.0773 —-0.0602 -0.0151 -0.0020
Rear end [NO] 0.0443 -0.0370 —0.0065 —0.0008 0.0728 -0.0602 -0.0110 —0.0016

Slowing/Stopping [MO] 0.0167 0.1811 -0.2053 0.0075
Head-on [MI] 0.0358 -0.1144 0.0675 0.0111 0.0349 —-0.1461 0.0947 0.0165
Broadside [MO] -0.0084 —0.0898 0.1018 —0.0036 -0.0082 -0.0883 0.1001 -0.0036
Broadside [MA] -0.0029 -0.0396 —0.0098 0.0523

Road characteristics

Unusual conditions [NO] 0.1525 -0.1262 —0.0230 —0.0033

Intersection [MI] 0.0257 —0.0821 0.0484 0.0080

Intersection [MA] 0.0028 0.0379 0.0094 -0.0501

Vehicle characteristics

Stopped in traffic [NO] -0.1725 0.1427 0.0261 0.0037

Multiple vehicles [MI] 0.0323 —-0.1353 0.0877 0.0153
Multiple vehicles [MA] 0.0013 0.0177 0.0044 -0.0234 0.0018 0.0253 0.0060 —-0.0331
Environment characteristics

Dark-street lights [NO] -0.1263 0.0984 0.0247 0.0032
Dark-street lights [MO] -0.0045 -0.0481 0.0546 —0.0020

Dark-street lights [MA] -0.0018 -0.0246 —-0.0061 0.0325

Dark-no street lights [MA] —0.0035 —0.0335 -0.0059 0.0429

Cloudy [MA] -0.0017 -0.0225 -0.0056 0.0298

Temporal characteristics

Evening [NO] -0.0865 0.0674 0.0169 0.0022
Evening [MI] 0.0414 -0.1143 0.0627 0.0102

Early morning [MA] -0.0041 -0.0393 -0.0069 0.0503 -0.0023 -0.0334 -0.0079 0.0436
Quarter II [MI] 0.0302 —-0.1265 0.0820 0.0143
Quarter 111 [MO] 0.0056 0.0598 —0.0678 0.0024

"NO = None Damage; MI = Minor Damage; MO = Moderate Damage; MA = Major Damage.
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Figure 5.10 Comparison of variables’ marginal effects over the pooled data, cluster 1, and cluster 2.

B Crash
Road
" Vehicle
. Environment
. Temporal



ensure that the benefits of AV technology, such as potential reduction in the injury
severity, are equitably distributed across different road user groups (Rahman et al.,
2023). This includes paying close attention to how these technologies perform across
various demographic and socioeconomic groups, who may have different levels of
exposure or vulnerability in traffic. Furthermore, the fact that the significance of this
effect persists across both pooled data and individual clusters indicates that this is not
an isolated phenomenon but rather a systematic feature of AV interactions with
vulnerable road users. Given these concerns, ensuring that the development and
deployment of AVs do not inadvertently increase vulnerabilities or inequities among
vulnerable road users is essential in the future (Khogali and Mekid, 2023). To this end,
incorporating a wide range of real-world scenarios and user behaviours in the testing
and refinement of AV systems, along with continuous monitoring of their performance

post-deployment, should be considered.

Turning to the movement preceding AV-involved crashes, backing defined for
none damage category is more likely to produce significant decreases in the probability
of minor damage (by 0.0743 in pooled data and 0.0602 in cluster 2), moderate damage
(by 0.0131 in pooled data and 0.0151 in cluster 2), and major damage (by 0.0017 in
pooled data and 0.0020 in cluster 2) in both the combined model and the cluster 2 model.
However, this variable is not observed to be significant in cluster 1. Furthermore, the
rear end indicator specific to none damage category exhibits marginal effects that are
similar to those observed for backing maneuvers in AV incidents, although this
similarity in impacts is confined to the cluster 1 model and the combined crash model.
It is found that the probabilities of major damage would be decreased by 0.0008 for the
pooled data and 0.0016 for cluster 1 when rear end crashes occurred. Meanwhile, for
moderate damage, the likelihood decreases by 0.0065 in the pooled data and 0.0110 in
cluster 1. The likelihood of minor damage also decreases by 0.0370 in the pooled data
and 0.0602 in cluster 1. In contrast, the rear end indicator would increase the
probabilities of none damage by 0.0443 in the pooled data and 0.0728 in cluster 1. This
indicates that while the backing and rear end movements are associated with analogous
outcomes, the significance of these variables is not uniformly distributed across all
cluster-based models. This reinforces the notion that latent class clustering analysis is
critical for uncovering the nuanced effects of specific variables within heterogeneous

datasets (Kim and Mokhtarian, 2023), allowing for more informed conclusions about
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the contributing factors.

As for cluster 2 which is predominantly characterized by scenarios involving AVs
stopped in traffic, the variable related to slowing or stopping movement emerges as a
significant factor. This variable’s marginal effects demonstrate a negative correlation
with the occurrence of moderate damage (—0.2053). However, the results also indicate
that this variable’s presence is associated with an increase in the probabilities of other
damage categories. Specifically, the probabilities of minor and major damage increase
by 0.1811 and 0.0075, respectively. Meanwhile, the probability of no damage increases
by 0.0167. The dual impact of the slowing or stopping movement variable within cluster
2 highlights the complex relationship between AV behaviours and accident outcomes.
On one hand, the ability to decelerate effectively may serve as a protective measure
against moderate damage to AVs. This could be attributed to the vehicles’ advanced
sensors and control systems, which enable precise and timely responses to some traffic
conditions (Sarker et al., 2020), thereby preventing or reducing the severity of collisions.
On the other hand, the insufficient time to stop or the complex surrounding
circumstances (e.g., the presence of obstacles or other vehicles) could lead to an
escalation of damage severities (Chen et al., 2024a). This dichotomy highlights the
necessity for a more granular understanding of the crash dynamics. The findings also
reveal that the full-data model not only masked the existence of these disparities but
also entirely concealed the pertinent variables. Conversely, the cluster-based models

provided a more exhaustive and detailed interpretation of the AV crash scenarios.

The other two collision-related variables, including head-on and broadside, are
found to significantly affect the damage severity in AV crashes among the combined
model and cluster 2 model, which typically increase the probability of moderate or
major damage and decrease the probability of none or minor damage. It is observed that
the head-on indicator would increase the probability of none damage (by 0.0358 in
pooled data and 0.0349 in cluster 2), moderate damage (by 0.0675 in pooled data and
0.0947 in cluster 2), and major damage (by 0.0111 in pooled data and 0.0165 in cluster
2), while decreasing the probability of minor damage (by 0.1144 in pooled data and
0.1461 in cluster 2). As for the broadside indicator specific to moderate damage, it
would decrease the probability of none damage (by 0.0084 in pooled data and 0.0082
in cluster 2), minor damage (by 0.0898 in pooled data and 0.0883 in cluster 2), and
major damage (by 0.0036 in pooled data and 0.0036 in cluster 2), while increasing the
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probability of moderate damage (by 0.1018 in pooled data and 0.1001 in cluster 2).
Additionally, the probabilities of none damage, minor damage, and moderate damage
would be decreased by 0.0029, 0.0396, and 0.0098 in the pooled data, while the
probabilities of major damage would be increased by 0.0523 when the broadside
variable is included in the major damage utility function. This suggests that the latent
class clustering analysis can effectively mitigate the corresponding heterogeneity
specific to these variables. The underlying reasons for the observed effects can be
attributed to several factors. Firstly, head-on collisions often involve vehicles colliding
with each other at high speeds, resulting in a greater transfer of kinetic energy and
subsequently causing more severe damage (Ren and Xu, 2023b). This is particularly
true in the context of AVs and human-driven vehicles, where the insufficiency of driver
reaction time and takeover time (Deng et al., 2024), and the potential failure of
advanced collision avoidance systems may contribute to the increased likelihood of
moderate and major damage. Similarly, broadside collisions, also known as T-bone
accidents, occur when the front of one vehicle impacts the side of another vehicle at a
perpendicular angle (Shang and Eskandarian, 2023). The impact forces from such

collisions can pose a higher risk of serious vehicle damage.
5.4.2.2 Road characteristics

AV crashes that occurred on unusual road conditions tend to have low crash
damage levels only in cluster 1, where the scenarios predominantly involve vehicles in
motion, as indicated by an increased probability of none damage by 0.1525 and
decreased probabilities of minor damage by 0.1262, moderate damage by 0.0230, and
major damage by 0.0033. This pattern suggests that AVs may possess inherent
capabilities that enable them to handle unexpected road conditions more effectively.
This can be attributed to the vehicles’ advanced sensor systems, which allow early
detection and response to anomalies, and their sophisticated algorithms that facilitate
real-time adjustments to maintain stability and safety (Sharara et al., 2023). These
capabilities allow AVs to navigate challenging conditions, thus reducing the likelihood
and severity of crashes by proactively adapting to the environment and mitigating
potential hazards through precise control and decision-making processes. The findings
further imply that the implementation of cluster-based modelling methodologies
enriches the comprehension of AV crashes by providing additional analytical

perspectives.
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The intersection indicator specific to minor damage can significantly increase the
probabilities of moderate damage by 0.0484 and major damage by 0.0080 in the
combined model. Additionally, this variable specific to major damage would also
increase the probabilities of moderate damage by 0.0094. However, this variable was
not found to be significant in the cluster 1 and cluster 2 models. Intersections are
inherently more hazardous due to the convergence of multiple traffic flows, the
potential for conflicting movements, and a higher likelihood of unexpected maneuvers
by other road users (Ashraf et al., 2021; Liu et al., 2024). To ensure safer and more
reliable AV performance at intersections, it is necessary to use sensor fusion techniques
to combine data from multiple sensors and roadside infrastructures to enhance the AV’s
situational awareness. Besides, intersection-specific operational protocols for AVs,
including reduced speed limits and enhanced vigilance, can be developed and enforced.
Moreover, it is crucial to train autonomous driving systems to prioritize safety at
intersections, such as potentially overriding other commands if necessary and
developing advanced navigation systems specifically designed for intersections,
thereby effectively avoiding collisions and ensuring the overall safety of all road users
in complex traffic environments. This variability also underscores the potential benefits
of employing a joint modelling approach, which combines data from multiple clusters,
thereby thoroughly improving the identification of significant predictors. Thus, the
combination of combined and separate modelling strategies highlights the importance
of considering both the heterogeneity of the data and the robustness of statistical

inferences, especially in the context of small sample size AV crash data.
5.4.2.3 Vehicle characteristics

The identification of stopped in traffic indicator suggests a significant relationship
between this condition and the crash damage severity. The marginal effects of this
variable indicate that stopped in traffic increases the probabilities of minor, moderate,
and major damage crashes by 0.1427, 0.0261, and 0.0037, respectively. This pattern
implies that the risk of collision escalates as AVs are stationary within the traffic flow,
potentially due to factors such as the incapability to respond to dynamic traffic
situations and reduced reaction time for evasive maneuvers. It underscores the need for
tailored safety interventions and motion planning algorithms that can adapt to the
unique challenges posed by different traffic scenarios, particularly those would

immobilize the AVs. This finding also emphasizes the value of cluster-based analysis
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in identifying and addressing localized risk factors that may not be as significant in the

aggregated model.

Multiple vehicles involved crashes are observed to significantly impact the
likelihood of severe crash damage in cluster 2 and the combined model. Specifically, it
is found to increase the likelihood of moderate and major damage crashes by 0.0877
and 0.0153 in the minor damage category of cluster 2, and it would increase the
likelihood of moderate damage crashes by 0.0060 in the major damage category.
Meanwhile, for the pooled data, the involvement of multiple vehicles increases the
likelihood of no damage, minor damage, and moderate damage by 0.0013, 0.0177, and
0.0044, respectively, while decreasing the likelihood of major damage by 0.0234. The
slight discrepancy in the impact of multiple vehicles on the crash severity between
cluster 2 and the combined model could be attributed to the specific characteristics of
traffic flow, vehicle dynamics, and driver behaviours. Nevertheless, the increased
possibility of moderate or major damage in both groups suggests that when multiple
vehicles are involved in an AV crash, the potential for more severe outcomes is
heightened possibly due to the cumulative impact forces and complex collision
dynamics (Zhang et al., 2024). The following safety improvement measures can be
proposed to address the increased possibility of involving multiple vehicles. Firstly,
conducting more rigorous crash testing and validation procedures on AVs in multi-
vehicle collision scenarios is necessary. Secondly, more advanced collision avoidance
systems capable of predicting and responding to such crash scenarios should be
developed and implemented. Additionally, high-strength and lightweight materials can
be designed and used to enhance AV crashworthiness and reduce the impact force

during collisions.
5.4.2.4 Environment characteristics

With respect to the light condition, it is observed that the dark with street lights
indicator in cluster 2 would increase the likelthood of minor damage by 0.0984,
moderate damage by 0.0247, and major damage by 0.0032, while negatively correlating
with none damage outcomes (—0.1263). As for the pooled data model, this variable
would increase the likelihood of moderate damage by 0.0546 and major damage by
0.0325 for two damage categories, while showing a decrease of 0.0045 and 0.0481 for
none and minor damage specific to moderate damage, and a decrease of 0.0018 and

0.0246 for none and minor damage specific to major damage. The unexpected finding
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could be explained by the complex interplay between visual perception, lighting
conditions, and the operational capabilities of AVs and human-driven vehicles. While
street lights are generally beneficial for enhancing visibility and reducing accident risk
during night-time driving, the contrast and glare created by street lights can challenge
AV vision sensors and humans, potentially leading to misinterpretations of the driving
environment (Yang et al., 2023). Furthermore, the specific design and performance of
vehicle crash avoidance systems under varying lighting conditions may not be fully
optimized (Moradloo et al., 2024), leading to increased vulnerability to moderate and
major damage when street lights are present. This underscores the need for further
research into how AV systems can adapt to different lighting scenarios to maintain

safety and reduce crash damage severities.

Regarding the cloudy and dark without street light indicators, it is reasonable to
expect that they are associated with an increased possibility of major damage outcomes
by 0.0298 and 0.0429 respectively, while decreasing the possibility of none, minor, and
moderate damage outcomes by 0.0017, 0.0225, and 0.0056 for cloudy, and 0.0035,
0.0335, and 0.0059 for dark without street lights. These results can be explained by the
combined effects of reduced visibility and increased difficulty in perceiving the driving
environment (Ren and Xu, 2023; Yan et al., 2021). Cloudy conditions can diffuse and
scatter light, making it harder for human drivers and AV sensors to discern objects and
road features clearly (Pandharipande et al., 2023). Similarly, under dusk, dawn or dark
conditions without street lights, the absence of direct illumination can significantly
impair visibility, posing a challenge for both the AV adopting a pure vision-based
system and manually operated vehicles to detect and react to hazards promptly. These
factors can lead to delayed response times and misjudgments, which are particularly

critical in situations where rapid decision-making is required to avoid severe collisions.
5.4.2.5 Temporal characteristics

For the evening indicator, the likelihood of none damage outcome decreases by
0.0865, while minor damage, moderate damage, and major damage increase by 0.0674,
0.0169, and 0.0022 in cluster 2, respectively. In cluster 1, minor damage decreases by
0.1143, while moderate damage and major damage increase by 0.0627 and 0.0102,
respectively. Crashes during the early morning decrease the likelihood of none damage
by 0.0041, minor damage by 0.0393, and moderate damage by 0.0069 respectively,

while major damage increases by 0.0503 in cluster 1. As for cluster 2, the possibilities
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of none damage, minor damage, and moderate damage decrease by 0.0023, 0.0334, and
0.0079 respectively, while major damage increases by 0.0436. The positive correlation
between AV crashes in the evening and early morning hours and more severe damage
(i.e., moderate or major damage) in cluster 1 and cluster 2 can be attributed to the
challenges posed by reduced visibility and adverse driving conditions during these
times. As daylight diminishes, artificial lighting may not be sufficient to compensate
for the loss of natural light, leading to a decrease in the ability of both human drivers
and AV sensors to accurately perceive the environment (Pandharipande et al., 2023).
This reduced visibility can exacerbate the detection of obstacles, pedestrians, and other
vehicles. Consequently, these factors contribute to a higher frequency of driving errors

and a greater propensity for severe damage during the evening and early morning hours.

The increased likelihood of more severe damage in Quarter II of cluster 2 (by
0.0820 and 0.0143 for moderate and major damage) and Quarter III of the pooled data
(by 0.0024 for major damage) can be explained by the specific environmental and
operational challenges associated with these periods. Quarter II typically corresponds
to the late spring to early summer months, which may experience adverse weather
conditions, such as heavy rainfall (Ren et al., 2024b). Similarly, Quarter III often
includes the late summer to early fall months, which may also encounter weather-
related challenges such as storms (Yan et al., 2021). These factors can complicate the
operation of AV, potentially leading to sensor malfunctions or misinterpretations of the
driving environment. Therefore, it is crucial to upgrade the sensors used in AVs to
ensure that they are more resilient and can function accurately in heavy rainfall, storms,
and other adverse weather conditions. Besides, conducting extensive testing of AVs
under various adverse weather conditions to identify potential challenges and improve
vehicle decision-making capabilities is essential. This should include simulated
environments and controlled outdoor testing to expose vehicles to a wide range of

specific weather-related scenarios.
5.5 Conclusion remarks

Understanding the heterogeneity in crash patterns of AVs is of paramount
importance for the development of safer autonomous transportation systems and public
acceptance of AVs. To this end, a dataset comprising 702 AV collision reports in PDF
format, dated by April 12, 2024, was collected from the CA DMV. To ensure the

structural integrity of variables essential for detailed analytical processes, this study
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integrated a time window encompassing 584 updated forms after April 2018 and
excluded records utilizing the original 2013 crash form. A systematic framework for
data extraction was first developed to streamline the transformation of PDF crash
records into excel and comma-separated value formats, thus ensuring their
compatibility with statistical software and scripting languages for subsequent analytical
processes. The dataset was then augmented by the intersection characteristic and precise

geographical coordinates.

Subsequently, the latent class analysis, coupled with the multinomial logit model,
provided a robust framework for dissecting the heterogeneity and identifying the
significant factors that impact the AV damage severity. Two distinct clusters were
determined based on the statistical criteria. According to the class-conditional response
probabilities associated with the explanatory variables for AV crashes, the embedded
“natural breaks” based on skewed distributions of vehicle status and driving mode were
identified. The first cluster comprises incidents wherein the AV was in motion at the
time of the crash, constituting 99.1% of the total observations, with the majority of these
crashes (58.5%) transpiring in conventional driving mode. Conversely, the second
cluster predominantly includes crashes where the AV was stopped in traffic,
representing 97.1% of these occurrences, with the majority of accidents (68.7%) taking
place while the vehicle was in autonomous mode. This study further extends the current

understanding of AV crash scenario studies.

To illustrate the significance of the latent class analysis and obtain informative
insights into the factors that influence crash damage severities, three individual
multinomial logit models were then constructed for the combined AV crash dataset and
two 1identified clusters. The marginal effects were also computed to quantify each
variable’s impacts. The findings reveal a significant correlation between
moderate/major damage crashes and various risk factors, such as head-on, intersection,
multiple vehicles, dark with street lights, dark without street lights, and early morning.
The model estimation results further demonstrate that there were significant variations
among the variables that contribute to the damage severity of AV crashes within two
specific subclasses. Additionally, dividing the AV crash dataset into heterogeneous
subsets aids in discerning key contributing factors that are not apparent when the dataset

is considered as a combined entity, such as the evening indicator.
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Chapter 6 Unveiling autonomous vehicle crash patterns with
supplementary points of interest information: Insights from

structural equation modelling
6.1 Introduction

The advent of autonomous vehicles (AVs) has been heralded as a transformative
shift in modern transportation systems, promising enhanced road safety, reduced
congestion, and increased mobility (Liu et al., 2019). However, despite these potential
benefits, AVs continue to face persistent safety challenges, as evidenced by the fact that
they are not immune to accidents (California Department of Motor Vehicles, 2024).
Recent studies indicate that AV crashes, while distinct from conventional vehicle
accidents predominantly caused by human error (World Health Organization, 2020),
exhibit unique patterns influenced by external environmental factors, technological
limitations, and behavioral responses of human drivers sharing the road (Chen et al.,
2024; Liu et al., 2024b; Ren and Xu, 2025). Understanding the novel AV-involved crash
pattern is imperative to ensure the safe deployment of AVs in increasingly dynamic
urban environments and promote the integration of AVs into existing transportation

systems.

A growing body of literature underscores the influence of the building
environment on traffic safety (Amini et al., 2022), yet its impact on AV operations
remains underexplored. Points of interest (POI) attributes—such as intersections,
pedestrian zones, and nearby public fatalities— could introduce heterogeneous traffic
conditions that challenge AV perception systems (Kuo et al., 2024). Prior studies have
established correlations between POI characteristics and conventional human-driven
vehicle crashes (Merlin et al., 2020; Soto et al., 2022), but whether these relationships
persist in AV-involved collisions is still unclear. It can be speculated that building
environment elements would influence AV performance in ways that diverge from

human-driven vehicles. Bridging this knowledge gap through a holistic analysis of AV
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crash determinants is essential for developing context-aware safety frameworks tailored

to AV operations and safety.

Mediation analysis offers a rigorous framework to quantify indirect causal
pathways (Wang et al., 2020), elucidating latent mechanisms through which mediation
variables influence AV crash outcomes. In this regard, the structural equation modelling
(SEM) approach is gaining traction for modelling traditional human-driven vehicle
crash severity due to its ability to address complex interactions among multiple
dependent and independent variables, including indirect or latent relationships (Najaf
et al., 2017). For example, Xu et al. (2018a) utilized the SEM to convert traffic-related
variables into independent latent factors, establishing interrelationships between key
determinants and crash risks. Their findings highlighted that the path in SEM can
effectively capture both direct and indirect effects of traffic variables on traffic crash
risks. Dong et al. (2022) utilized the multigroup SEM to identify latent driving
behaviour indicators and investigate their relationships with crash damage severities
and other independent variables during the COVID-19 pandemic. The employed SEM
approach also demonstrated superior model fit compared to traditional probit models.
Failure to account for the aforementioned indirect relationships may result in Type |
errors (false positives) in identifying risk factors or, more critically, Type II errors (false
negatives) that overlook genuine safety threats for AV crashes (Washington et al., 2020).
Therefore, the adoption of SEM in AV crash outcome analysis would hold substantial
promise and can offer a robust framework to unravel the complex interdependencies

that shape AV safety outcomes.
6.2 Data collection and processing

Figure 6.1 shows the flowchart of CA DMV AV crash data collection, key variable
extraction, POI characteristic augmentation, and variable conversion processes. First of
all, the AV crash records used in this study were collected from the CA DMV (California

Department of Motor Vehicles, 2024). This study then developed a highly automatic
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and fast data extraction framework to transform AV crash records from PDF format into
comma-separated value (CSV) format. This transformation enables seamless
integration with scripting languages and statistical software for advanced quantitative
examination. Following feature selection and removal of records with missing values,
the final analytical dataset comprised 584 AV collision cases with detailed crash
determinants and outcomes. Given the absence of precise geospatial coordinates for
each collision site in CA DMV records, we first extracted the specific crash addresses
from each record and then utilized the Google Geocoding API to convert these
addresses into exact latitude and longitude coordinates. Given the necessity for
obtaining detailed building environment features, which are not fully provided in the
AV collision records, we further collected the POI characteristics with the Overpass
API (Olbricht, 2011). The details on traffic signals, zebra crossings, and the nearest
distance and counts of various public facilities within a 500-meter radius of each
accident site were collected. Specifically, public facilities, including entertainment
venues, medical facilities, educational facilities, recreational areas, and bus stops along
with their distances from the accident location were collected. We also gathered details
about the number of lanes, the presence of bike paths, and the type of road where the
accident occurred, such as rural streets, freeways, or urban arterial roads. This
supplementary dataset is crucial for understanding how nearby traffic infrastructures
and public facilities influence AV crash outcomes. By integrating these detailed POI
characteristics into the dataset, we aim to provide a holistic understanding of the

environmental context surrounding each AV-involved accident.

To effectively integrate POI characteristics and crash record data into the SEM
framework, the included explanatory variables were meticulously defined. The
categorical independent variables were divided into two categories, including crash
characteristics and environment characteristics. To discern the determinants of AV
crashes, crash damage severities (including major damage, moderate damage, minor

damage, and none damage) were set as independent variables. Table 6.1 provides the
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detailed descriptive statistics of these categorical explanatory variables.
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Figure 6.1 Flowchart of CA DMV AV crash data extraction and augmentation processes.

Additionally, continuous variables (such as facility nearest distance) and count
variables (such as traffic signal count) were respectively transformed using log x and
log (x+1) to mitigate long-tail distributions (Washington et al., 2020). Table 6.2 presents
the descriptive statistics of the facility nearest distance and count before and after the
data conversion. Apart from the mean and standard deviation, the skewness and kurtosis
of these variables were also calculated to evaluate the normality assumption essential
for the subsequent SEM analysis (Shirley and Smidts, 2018). The results reveal varying
degrees of deviation from normal distribution across different variables. Specifically,

variables with the absolute value of skewness less than 1 or kurtosis less than 3 were
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considered to have minor deviations, causing negligible impact on SEM outcomes.
Variables displaying moderate deviations (skewness between 1-2 or kurtosis between
3-7) potentially affected the model fit and parameter estimations. Moreover, variables
with absolute skewness > 2 or kurtosis > 7 exhibit severe deviations and would

substantially distort SEM results. It can be observed in Table 7.2 that all facility nearest

distance and count variables meet the normality assumption essential for the analysis.

Table 6.1 Descriptive statistics of categorical explanatory variables (N=584 crashes).

Category Variable Variable type Frequency Percentage (%)
Dependent variables Damage severity Major 15 2.568
Moderate 89 15.240
Minor 432 73.973
None 48 8.219
Crash Crash type Head on 47 8.048
characteristics Side swipe 145 24.829
Rear end 279 47.774
Broadside 46 7.877
Hit object 39 6.678
Other collision 28 4.795
categories
Numbers of vehicles  Single 82 14.041
involved Two 490 83.904
Multiple 12 2.055
Vulnerable Road VRU involved 35 5.993
User (VRU)! No VRU involved 549 94.007
Movement preceding Stopped 251 42.979
collision Proceeding straight 168 28.767
Making turns? 56 9.589
Backing 20 3.425
Slowing/Stopping 47 8.048
Parked/Parking 22 3.767
Other movements 20 3.425
Environment Lighting conditions ~ Daylight 399 68.322
characteristics Dark with streetlights? 165 28.253
Dark without streetlights 20 3.425
Intersection At intersection 543 92.980
Not at intersection 41 7.020
Zebra crossing With zebra crossing 121 20.719
No zebra crossing 463 79.281
Bike path With bike path 203 34.760
No bike path 381 65.240
Pass facility With pass facility 13 2.226
No pass facility 571 97.774
Roadway type Urban 384 65.753
Freeway 25 4.281
Rural 170 29.110
Other road types 5 0.856

'Vulnerable Road User (VRU) refers to pedestrian, bicyclist, or scooter.
*Making turns includes making right turn, making left turn, and making U turn.
Dark without street lights refers to dark without street light, dawn, and dusk categories.
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Table 6.2 Descriptive statistics of facility nearest distance and count before and after the data conversion (N=584 crashes).

Before data conversion

After data conversion

Categories Variables
Mean S.D. Skewness Kurtosis Mean S.D. Skewness Kurtosis
Facility Entertainment nearest distance 193.476 17542.750 193.476 17542.750 3.396 5.845 —-0.529 —1.453
nearest Medical facility nearest distance 253.457 16573.967 253.457 16573.967 2.981 7.356 -0.133 -1.891
distance Education service nearest distance 319.865 13248.098 319.865 13248.098 1.748 6.953 0.866 -1.217
Industrial land nearest distance 5.558 1939.432 5.558 1939.432 0.133 0.658 1.173 3.675
Recreational facility nearest distance 296.373 13209.631 296.373 13209.631 0.594 3.005 0.600 4.845
Living facility nearest distance 214.721 17420.156 214.721 17420.156 4.195 4.394 —1.234 0.012
Food shopping nearest distance 130.756 14407.269 130.756 14407.269 3.998 2.630 —1.142 0.861
Office area nearest distance 170.660 15788.524 170.660 15788.524 3.983 3.985 -1.167 0.005
Bus stop nearest distance 98.256 8076.664 98.256 8076.664 4.106 1.253 —1.035 2.216
Facility Entertainment count 0.600 0.263 0.600 0.263 1.388 1.393 0.160 -1.399
count Medical facility count 1.320 2.962 1.320 2.962 0.621 0.410 0.544 —0.882
Education service count 0.400 0.452 0.400 0.452 0.247 0.151 1.191 0.103
Industrial land count 0.030 0.032 0.030 0.032 0.020 0.014 1.033 3.006
Recreational facility count 0.110 0.109 0.110 0.109 0.076 0.049 0.670 5.525
Living facility count 5.340 44.336 5.340 44.336 1.396 0.907 0.178 0.774
Food shopping count 44910 2551.967 44910 2551.967 3.065 2.185 —0.685 -0.378
Office area count 11.550 205.912 11.550 205.912 1.867 1.521 -0.079 —1.084
Bus stop count 25.650 322.536 25.650 322.536 2.997 0.753 —1.100 1.421
Traffic signal count 0.990 1.935 0.990 1.935 0.504 0.328 0.765 —0.485
Lane numbers 2.260 1.610 2.260 1.610 1.087 0.223 —1.064 0.716




6.3 Methods

The SEM offers significant advantages in evaluating direct variables and
mediation pathways. Its capability to model cascading effects overcomes three critical
limitations of traditional regression approaches (Bowen and Guo, 2011): (1) testing
hypothesized causal chains, (2) accounting for measurement error in explanatory
variables, and (3) simultaneously estimating multiple pathways, including both direct
and mediation effects of factors on AV crash outcomes. In our study, it is hypothesized
that the AV crash severity outcomes are directly or indirectly influenced by different
kinds of characteristics in Table 7.1 and Table 7.2. To this end, we construct two kinds
of paths, i.e., direct paths (the crash damage severity affected by multiple characteristics)
and indirect paths which are used to identify mediator variables. The structural model

of the SEM is formulated as:

n m
yi = Z Bgxq + Z YiZk + €y, (6.1)
q=1 k=1
P
Zy = Z ax; + €, (6.2)
=1

where i is the index for different AV crash damage severity outcomes (e.g., none,
minor, moderate, and major); y; is the probability of the crash severity for outcome 1.
If y/ > ¢, theny; =1 (indicating occurrence of the corresponding crash severity);
otherwise, y; = 0. A threshold value of ¢ = 0.5 is used to determine the crash
severity outcome. x, represents independent variables for crash severity i. B,is the
coefficient corresponding to the independent variable x,. z, represents mediator
variables. y;, is the coefficient of the mediator variable zj,. «; is the coefficient of the
independent variable x; that influences the mediator variable z; . €,, and €, are

normally distributed error terms.

Maximum Likelihood Estimation (MLE) was used to estimate the parameters of
the proposed SEM with mediation path in our study. It is robust and effective in
estimating models with mixed continuous and categorical variables. Besides, it can
yield accurate parameter estimates in small sample sizes, such as the 584 observations

in our AV crash dataset, thus it is well-suited for modelling AV crash patterns.

To comprehensively evaluate the performance of the SEM, a series of assessment

145



indices were employed. The chi-square (°) test was utilized to assess the goodness-of-
fit of the SEM. The degree of freedom (df) constitutes an integral part of calculating the
1 statistic, reflecting the number of parameters that can freely vary in the model (Yuan,
2005). The ¥? value should be as small as possible, and a p-value smaller than 0.05
indicates an adequate model fit. Besides, the Root Mean Square Error of Approximation
(RMSEA) was also employed to measure the degree of discrepancy between the model

and the AV crash data (Rigdon, 1996):

| x2=df
RMSEA = /m (6.3)

where N is the number of AV crash observations. A RMSEA less than 0.08 suggests a

reasonable model fit.

The other two widely used fit indices for SEM, including comparative fit index
(CFI) and Tucker Lewis index (TLI), were also employed (Kim, 2023). They can reveal
the impacts of model complexity, thus providing a more nuanced evaluation of model
performance (Shi et al., 2019). They range from O to 1, with values closer to 1 indicating
a better fit. Additionally, the Akaike Information Criterion (AIC) and Bayesian
Information Criterion (BIC) were also employed in our study to evaluate the goodness

of the final SEM model (Dziak et al., 2012):
AIC = =2LL(PB) + 2K (6.4)

BIC = —2LL(B) + K *In (N) (6.5)
where LL([) is the log-likelihood at convergence, K is the number of parameters in the

estimated model.

In this study, the semopy package in Python was used to estimate the SEM model
(Igolkina and and Meshcheryakov, 2020). Figure 6.2 shows the flowchart of
constructing SEM with mediation pathways. Firstly, a single SEM was developed in
this study, which incorporated direct causal pathways from various influencing factors
to AV crash damage severity outcomes. The influencing factors were also analysed to
identify potential mediator variables. Subsequently, if any pathway within the model
failed to demonstrate a statistically significant relationship, it was then removed and the
model was re-estimated. Following this procedure, the model’s goodness of fit was
evaluated and compared against reasonable thresholds. Ultimately, this study retained

the SEM model that demonstrates the best fit indices and reasonable interpretability
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(Peng et al., 2023).
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Figure 6.2 Flowchart of constructing the SEM with mediation pathways.
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6.4 Results and discussions
6.4.1 Model assessment

Table 6.3 presents the goodness-of-fit statistics of the final SEM model. It can be
seen that the constructed model demonstrates good performances across multiple fit
indices. Both the CFI (0.794) and TLI (0.768) reflect a satisfactory model fit, while the
RMSEA (0.076) also falls within the reasonable threshold (0.05-0.08). Furthermore, the
final SEM framework demonstrates strong model performance and robustness, as
evidenced by its competitive AIC (212.033) and BIC (698.547) values when compared

to alternative intermediate models.

Table 6.3 The goodness-of-fit statistics of the SEM.

Goodness-of-fit metric Value of the SEM framework
CFI 0.794
TLI 0.768
RMSEA 0.076
AIC 212.033
BIC 698.547

6.4.2 Direct and mediation pathway assessment

The SEM frameworks in Figure 6.3 and Figure 6.4 respectively illustrate the direct
pathways and mediation pathways between determinants and AV crash outcomes. Table
6.4 and Table 6.5 further demonstrate the detailed estimation results of direct and

mediation pathway estimations. The model parameters (coefficients and p-values) of
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explanatory variables were used to assess the impacts of determinants on AV crash

damage severities and types.
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Figure 6.3 Direct pathways of the SEM framework.
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Figure 6.4 Mediation pathways of the SEM framework.

The SEM employed in this study provides a robust framework to disentangle the
complex interdependencies among crash characteristics, environment characteristics,
and supplementary POI characteristics in shaping AV-involved crash damage severities.
The following parts will systematically interpret the mechanisms underlying both direct
and mediation causal pathways. The direct effects of multiple characteristics on AV
crash damage severities will be interpreted first. Subsequently, we will explore the

mediation pathways, examining how mediator variables indirectly modulate final

damage severity outcomes.
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Table 6.4 Estimation results of direct pathways for AV crash damage severities.

No. Independent variable Direct pathway B p-value
1 Head on Head on=>Minor —0.126* 0.055
2 Head on=>Moderate 0.135%* 0.011
3 Broadside Broadside=>Minor —0.141** 0.032
4 Broadside=>Moderate 0.120%* 0.027
5 Broadside=>Major 0.067*** 0.005
6 Hit object Hit object=>Major 0.042* 0.096
7 VRU VRU=>Moderate —0.164%** 0.009
8  Stopped Stopped conditions=>Moderate —0.065** 0.040
9  Slowing/Stopping Slowing/Stopping=>Moderate —0.117** 0.032
10 Dark with streetlights Dark with streetlights=>Major 0.036** 0.013
11 Zebra crossing Zebra crossing=>Minor 0.083* 0.069
12 Recreational facility nearest Recreational facility nearest distance =~ —0.001%** 0.002
distance =>Major
13 Industrial land nearest Industrial land nearest distance 0.015%* 0.084
distance =>Major
14 Medical facility count Medical facility count=>Major 0.007* 0.052
15 Recreational facility count  Recreational facility count=>Major 0.249***  <0.001
16 Bus stop count Bus stop count=>Minor —0.004***  <0.001
17 Bus stop count=>Moderate 0.002%*** 0.004

*dk% *% and * represent significance at the 99 %, 95 %, and 90 % confidence level.

Table 6.5 Estimation results of mediation pathways for mediator variables.

No. Mediator variable Mediation pathway B p-value
1 Zebra crossing Entertainment nearest distance=>Zebra crossing  0.001** 0.013
2 Medical facility nearest distance=>Zebra crossing 0.001*** 0.006
3 Industrial land nearest distance=>Zebra crossing  0.160** 0.019
4 Living facility nearest distance=>Zebra crossing 0.317***  <0.001
5 Office area nearest distance=>Zebra crossing —0.001** 0.027
6 Entertainment count=>Zebra crossing —0.077** 0.011
7 Industrial land count=>Zebra crossing —0.880%** 0.005
8 Living facility count=>Zebra crossing —0.001** 0.017
9 Traffic signal count=>Zebra crossing 0.069***  <0.001
10 Lane numbers=>Zebra crossing 0.139%**  <0.001
11 VRU Office area nearest distance=>VRU 0.001* 0.057

*F% %% and * represent significance at the 99 %, 95 %, and 90 % confidence level.

6.4.3 Analysis of direct pathways
6.4.3.1 Crash characteristics

The estimation results reveal a dual AV severity pattern in head-on collisions,
characterized by a decreased likelihood of minor damage severities (f = —0.126, p =
0.055) and an increased likelihood of moderate damages (f = 0.135, p = 0.011). This
dichotomy arises from the following intertwined mechanisms. Firstly, head-on

collisions inherently involve high kinetic energy due to the combined velocities of
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colliding entities (Ren and Xu, 2023b), often exceeding mechanical damage thresholds
for minor damage even when autonomous emergency braking (AEB) systems partially
mitigate crash impacts (Zheng et al., 2025). For instance, in high-speed scenarios (e.g.,
closing speeds >60 km/h), preemptive AV interventions may either fully avert low-
severity crashes or fail to sufficiently dissipate energy, leading to unavoidable collisions
that bypass minor outcomes. Additionally, when crashes occur, AVs’ evasive
strategies —such as steering into partial-overlap configurations — prioritize fatality
prevention by redirecting forces away from critical occupant zones. However, this
redirection unevenly distributes residual energy across the vehicle frame, amplifying
secondary damage mechanisms. Furthermore, structural limitations exacerbate these
risks: modern crumple zones, optimized for controlled energy absorption in full-overlap
crashes, may underperform in partial-overlap scenarios common with AV steering
interventions (Kurpisz et al., 2023). This mismatch concentrates forces on narrower
vehicle sections, overwhelming localized energy-absorption capacities and transferring

higher deceleration forces to vehicle structures.

Broadside collisions exhibit a pronounced negative relationship with minor
damages (f = —0.141, p = 0.032). Meanwhile, the progressive escalations to moderate
(B = 0.120, p = 0.027) and major damages (B = 0.067, p = 0.005) underscore the
limitations of lateral safety systems (Zhu et al., 2023), in which side airbags and
reinforced frames may fail to mitigate trauma when crashes occur at acute angles or
speeds exceeding sensor-response thresholds (Ren et al., 2024a), particularly in
intersection scenarios where AVs’ lateral detection fields are constrained. This pattern
may also arise from the structural inadequacy of vehicle side panels, which lack
crumple zones to dissipate low-impact forces, resulting in concentrated energy transfer
to occupants and exacerbating AV damage severity even in nominally minor T-bone
collisions. Therefore, in addition to improving the perception and control algorithms,
AV enterprises should also strengthen the side protection structure of the body for the

risk of broadside collision.

The significant positive association between AV hit-object collisions and major
damages (B = 0.042, p = 0.096) mainly stems from high-speed impacts with rigid
infrastructure (e.g., utility poles or concrete barriers), where localized force penetration
overwhelms AV crumple zones, or from perception system failures in classifying

irregular static objects (e.g., construction debris) (Kabir et al., 2025), leading to
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unmitigated collisions that bypass energy-absorption thresholds of AVs.

The negative path from VRU involvement to moderate damage severities ( =
—0.164, p = 0.009) indicates that AV-pedestrian/cyclist/scooter collisions
disproportionately result in low-severity outcomes, potentially due to AVs’ superior
detection capabilities—LiDAR and cameras enable earlier VRU recognition (Silva et
al., 2024), triggering aggressive braking to reduce impact speeds below moderate-injury
thresholds. Additionally, AVs typically adopt conservative behaviours and VRUs may
exhibit risk-compensatory behaviours (e.g., hesitating near AVs) (Ren and Xu, 2025),

further lowering the collision energy.

Stopped conditions (f =—0.065, p = 0.040) and slowing/stopping maneuvers (f =
—0.117, p = 0.032) both negatively correlate with moderate damages, highlighting AVs’
proficiency in low-speed urban environments, where their precise torque control and
collision-avoidance algorithms minimize kinetic energy transfer during stop-and-go
traffic (Feng et al., 2021), confining harm to moderate outcomes such as bumper

contacts.
6.4.3.2 Environment characteristics

The positive association between dark with streetlights and AV major damage (3
=0.036, p =0.013) suggests that streetlight conditions may paradoxically elevate risks
of severe structural harm. This phenomenon probably stems from sensor performance
degradation under artificial lighting. Specifically, LIDAR and camera systems—critical
for obstacle detection—are susceptible to glare and specular reflections from wet roads
or metallic surfaces (Wang and Li, 2023), thus reducing detection range and delaying
collision avoidance responses. For example, glare-induced blind spots could obscure
static obstacles like curbs or debris. Concurrently, human drivers in lit environments
may over trust AV capabilities (Lu et al., 2022), adopting riskier behaviours such as
higher speeds or reduced following distances, which amplify collision energy when
unexpected obstacles emerge. These dual mechanisms—sensor limitations and
behavioural overcompensation—collectively explain the elevated major damage risks

in seemingly safe nighttime conditions.

The positive link (f = 0.083, p = 0.069) between zebra crossings and minor AV
damage reflects the prevalence of low-speed collisions in pedestrian-dense zones. AVs

prioritize abrupt braking to avoid pedestrians, often resulting in rear-end collisions or
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curb strikes at velocities below 15 km/h. It can be explained that as a clear sign of traffic
rules, AVs’ algorithm at zebra crossings is often accompanied by rules (such as slowing
down and widening the margin of safety) for giving way to VRUs (e.g. pedestrians).
Previous studies show that AVs detect the zebra crossings, even if there is no pedestrian
on the zebra crossings, AV will also reduce the speed by default to reduce the collision
possibility (Rezwana and Lownes, 2024; Tian et al., 2023). This pattern aligns with
ethical algorithms that sacrifice minor cosmetic harm to prevent catastrophic pedestrian

impacts, underscoring the trade-offs inherent in urban AV operation protocols.
6.4.3.3 Facility nearest distance and count characteristics

The negative relationship between the nearest distance to recreational facilities and
major damage (f = —0.001, p = 0.002), as well as the strong positive relationship
between recreational facility count and major damage (B =0.249, p <0.001), underscore
the crash risks of high-activity leisure hubs. Crowded parks and event venues generate
erratic pedestrian and cyclist movements (e.g., children darting, scooters diverging),
forcing AVs into frequent evasive maneuvers. These maneuvers increase the probability

of collisions with fixed infrastructure — such as lampposts or bike racks — that

concentrate forces on sensor arrays or suspension components, exceeding their
structural tolerance thresholds. The compounding effect of high pedestrian volume and
constrained navigation space exacerbates these risks (Hou et al., 2023), often

overwhelming AV path-planning algorithms.

Remote industrial areas exhibit heightened major damage risks (B = 0.015, p =
0.084) due to interactions with heavy vehicles operating in unstructured environments
(Ren et al, 2024c). AVs navigating peripheral industrial corridors encounter
unpredictable maneuvers from trucks and forklifts—such as sudden lane
encroachments or unmarked loading zone stops—which could challenge predictive

algorithms and increase the likelihood of high-speed lateral impacts.

The positive correlation between the medical facility counts and major damage (3
=0.007, p=0.052) highlights the risks of navigating congested hospital zones. Frequent
emergency vehicle movements, double-parked cars, and erratic pedestrian flows create
chaotic traffic patterns that strain AV decision-making algorithms (Azimian et al., 2021).
Sudden stops or swerves to avoid ambulances may redirect collision forces to

vulnerable subsystems.
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Frequent bus stops decrease the possibility of minor damage (f =—0.004, p <0.001)
and increase the possibility of moderate damage (= 0.002, p = 0.004) through unstable
speeds and repetitive lateral interactions with buses (Phillips et al., 2021). AVs
navigating bus-dense zones face abrupt lane incursions during merges or passenger
boarding, triggering sudden lateral conflicts. These collisions stress vehicle structures
such as door panels or side-mounted LiDAR sensors, inducing misalignments or
calibration drifts classified as moderate damage (Becker et al., 2021). The dual effect—
speed reduction versus lateral complexity—illustrates the complexities in AV

navigation near transit hubs.
6.4.4 Analysis of mediating pathways

The mediation analysis within the SEM framework reveals how supplementary
POI features indirectly influence AV damage severities through zebra crossings and
VRU interactions. Below, we integrate these path coefficients with mechanistic

explanations to provide a comprehensive understanding of these mediation effects.
6.4.4.1 Zebra crossing as a mediator variable

The SEM identifies the zebra crossing as a critical mediator through which

multiple POI characteristics indirectly affect AV crash damage outcomes.
(1) Entertainment nearest distance => Zebra crossing (f = 0.001, p = 0.013)

The nearest distance to entertainment venues (e.g., theaters, stadiums) correlates
with a marginally increased likelihood of zebra crossing presence, probably due to
urban planning efforts to enhance pedestrian access in leisure hubs (Yadav and Kumari,
2024). However, these crossings often exist in environments with erratic traffic
patterns—such as nighttime crowds or ride-hailing drop-offs—where AVs face
conflicting sensor inputs, thus increasing the possibility of AV crashes. For example,
glare from neon signage or headlights in entertainment districts may degrade camera-

based pedestrian detection, forcing abrupt braking maneuvers.
(2) Medical facility nearest distance => Zebra crossing (f = 0.001, p = 0.006)

The positive mediation between medical facility proximity and zebra crossing
presence reflects prioritized pedestrian infrastructure near hospitals (Azimian et al.,
2021). However, frequent emergency vehicle movements (e.g., ambulances bypassing

signals) create unpredictable crossing behaviours. AVs navigating these zones may

153



misinterpret priority rules, execute sudden stops or swerve to yield to emergency traffic.
(3) Industrial land nearest distance => Zebra crossing (f = 0.160, p =0.019)

Proximity to industrial zones correlates with increased zebra crossing presence.
Industrial areas often feature irregular crossing designs (e.g., widened crossings for
truck access) that confuse AV perception systems (Ren et al., 2024c). For instance, non-
standard striping patterns or faded markings in these zones may delay LiDAR-based
recognition, forcing abrupt stops that induce rear-end collisions with minor bumper
damage. At the same time, it is crucial to consider that unconventional movement
patterns of industrial vehicles, such as forklifts, exceed AV training data distribution
(California Department of Motor Vehicles, 2024), which makes AV more difficult to

deal with the industrial area.
(4) Living facility nearest distance => Zebra crossing (p =0.317, p <0.001)

Residential areas exhibit dense zebra crossing networks to accommodate
pedestrian flows. While this enhances safety, clustered crossings in narrow streets
create “stop-and-go” traffic patterns. AVs navigating these zones frequently engage in

low-speed braking maneuvers, thus increasing the possibility of AV crashes.
(5) Office area nearest distance =>Zebra crossing (f =—0.001, p = 0.027)

The nearest distance to office districts slightly reduces zebra crossing presence, as
urban designs in commercial hubs often prioritize underground walkways or skybridges
to segregate pedestrian and vehicular traffic. This infrastructure preference creates a
mismatch for AVs reliant on ground-level sensor data: algorithms may misinterpret

sparse above-ground pedestrian activity.
(6) Entertainment count=>Zebra crossing (f =—0.077, p=0.011)

Regions with high entertainment venue density exhibit reduced zebra crossing
prevalence, reflecting urban planning compromises that favor vehicular throughput in
nightlife and commercial clusters (Soltani and Roohani Qadikolaei, 2024). AVs
navigating these zones may encounter unmarked or informally designated crossings,
where delayed detection of jaywalkers—amidst visual clutter from digital billboards or

crowded sidewalks—could force abrupt braking and increase the crash risk.
(7) Industrial land count => Zebra crossing (f = —0.880, p = 0.005)
Regions with numerous industrial facilities show reduced zebra crossing presence,
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reflecting zoning policies that deprioritize pedestrian infrastructure in freight-
dominated areas. AVs operating in these zones encounter unmarked crossings, leading

to erratic braking behaviours when detecting jaywalkers.
(8) Living facility count=>Zebra crossing (f = 0.001, p =0.017)

The count of living facilities exhibits a positive association with zebra crossing
prevalence, creating a cascading risk scenario for AVs. This relationship manifests
through three sequential mechanisms. First, residential POI concentration increases
pedestrian flow and crossing frequency, necessitating additional zebra crossings as
traffic calming measures. Second, the resulting road environment complexity forces AV
perception systems to allocate disproportionate computational resources to non-critical
object classification (Ghosh et al., 2023). Finally, the consequent “stop-and-go” driving
patterns elevate AV collision risks due to reduced safety margins for reaction time and

sensor occlusion from frequent pedestrian-vehicle interactions.
(9) Traftic signal count => Zebra crossing (f = 0.069, p < 0.001)

High traffic signal density often coincides with marked crosswalks at intersections.
This configuration creates an algorithmic conflict for AVs, where pedestrian right-of-
way compliance often supersedes optimal deceleration process, resulting in abrupt stops

that compromise safety margins.
(10) Lane numbers => Zebra crossing (B =0.139, p <0.001)

The positive association between lane numbers and zebra crossing prevalence
reflects urban road design principles where wider multi-lane roads require more
frequent pedestrian crossings for safe traversal, thus impact the likelihood of AV crash

risks.
6.4.4.2 VRU as a mediator variable

The nearest distance to office areas mediates VRU-related AV damage (B = 0.001,
p = 0.057) through altered pedestrian traffic patterns. Office hubs generate concentrated
commuter flows during peak hours, increasing pedestrian density at crosswalks.
Therefore, the urban planners should implement targeted interventions, such as
developing segregated pedestrian-vehicle pathways in office zones using physical
barriers or elevated walkways (Arellana et al., 2022), and installing smart crosswalk

systems in office districts that integrate with existing traffic signals and vehicle-to-
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infrastructure communication networks (Sanguino et al., 2024).
6.5 Conclusion remarks

In this study, we expand the AV crash analysis by incorporating supplementary
POI characteristics, thus providing a novel perspective on environmental and contextual
factors influencing AV incidents. Beyond extracting information from the original AV
collision records, this study further supplemented the dataset with precise geographic
coordinates for each AV collision site. Subsequently, the POI characteristics were
collected using python scripts interacting with the Overpass API, capturing details on
road environment characteristics and multiple public facility distributions. This
enriched dataset provides a comprehensive view of the building environment context
for each AV-involved crash, supporting a more insightful analysis. Details on traffic
signals, zebra crossings, the number of lanes, presence of bike paths, road types, and
the nearest distance/counts of various public facilities (such as entertainment facilities,
medical facilities, educational facilities, and bus stops) within a 500-meter radius of
each AV crash site were collected. The categorical independent variables were then
divided into crash characteristics and environment characteristics. Meanwhile,
continuous variables (such as facility nearest distance) and count variables (such as
traffic signal count) were respectively transformed using log x and log (x+/) to mitigate
long-tail distributions. The AV crash damage severities (including major damage,
moderate damage, minor damage, and none damage) were designated as the

independent variables.

A SEM framework was subsequently used to disentangle the direct and mediation
effects of multiple factors that influence AV crash damage severity outcomes. The direct
effects of significant variables on AV crash damage severities were explored first. The
results indicate that AV crash patterns are intricately shaped by collision dynamics,
environmental conditions, and supplementary POI information. Head-on collisions
prioritize the moderate damage over minor outcomes due to high-energy impacts and
partial-overlap steering strategies that redistribute forces to vulnerable subsystems.
Broadside collisions escalate more severe severity owing to inadequate side-panel
energy absorption, while hit-object crashes correlate with major damage from rigid
infrastructure impacts overwhelming crumple zones. Environmental factors further
modulate AV crash risks. Specifically, dark with streetlights paradoxically elevate major

damage via sensor glare and human risk compensation, while recreational POIs amplify
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collision severity in crowded zones due to erratic pedestrian movements. Moreover,
proximity to recreational facilities and frequent bus stops also increase the possibility
of more severe damages. These results indicate that high-activity zones (such as
medical and recreational hubs) could generate unpredictable interactions and traffic
complexities that exceed AV predictive capacities, thus inducing more severe crash
damage outcomes. Besides, AVs’ algorithmic trade-offs—prioritizing pedestrian safety
at zebra crossings or avoiding catastrophic outcomes in industrial corridors—highlight
systemic tensions between safety protocols and AV structural resilience. These findings
underscore the necessity of integrating POI-aware navigation algorithms, context-
sensitive infrastructure designs, and enhanced lateral protection to align AV operational

safety with real-world environmental complexities.

The mediation pathways of factors influencing AV crash outcomes were also
explored in this study. The findings reveal the significant roles of two mediator
variables, including zebra crossings and VRU. Zebra crossings act as critical mediators
through which POI distributions indirectly shape AV crash damages. Proximity to
industrial zones and residential areas increases the possibility of zebra crossing
presence. Conversely, dense entertainment or industrial clusters reduce crossing
prevalence, forcing AVs into erratic stops at crossings. Infrastructure rigidities—such
as signalized intersections and multi-lane roads—exacerbate algorithmic conflicts,
prioritizing abrupt pedestrian stops over smooth deceleration. Meanwhile, VRU
interactions near office hubs mediate damage through peak-hour pedestrian surges. To
mitigate these risks, adaptive infrastructure (e.g., context-aware crossings) and vehicle-
to-infrastructure communication protocols must harmonize POI-driven pedestrian
flows with AV operational constraints. As such, mediation pathways aid in discerning

key contributing factors that do not directly affect AV crash damage severity outcomes.
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Chapter 7 Association rule mining of damage severities in
autonomous vehicle rear-end crashes with supplementary built

environment data

7.1 Introduction

Rear-end crashes have been identified as one of the most pressing safety concerns
associated with AVs, accounting for nearly half of AV-related traffic crashes and often
leading to severe damage outcomes (Xu et al., 2019). Despite the growing interest in
AV safety, empirical research on rear-end crash mechanisms remains limited due to the
novelty of AV technologies and data scarcity (Liu and Feng, 2024). Existing research
has primarily relied on simulation data (Feng et al., 2023), small-scale real-world
crash records (Liu et al., 2024a; Ren and Xu, 2025; Zhu et al., 2023), reconstructed
scenarios (Zhou et al., 2023), field testing (Lee and Hess, 2020), and traffic flow
analysis (Pan et al., 2024) to understand the safety performance of AVs. For example,
an intelligent simulated testing environment using dense deep reinforcement learning
was developed by Feng et al. to significantly accelerate the AV safety validation process,
thus enabling efficient evaluation and training of autonomous systems through Al-
based agents that simulate real-world safety-critical scenarios (Feng et al., 2023). Using
245 AV collision records, Zhu and Meng employed a cost-sensitive classification and
regression tree model to explore the factors influencing crash damage severities and
solve the associated class imbalance (Zhu et al., 2023). In the study conducted by Zhou
et al. (Zhou et al., 2023), a clustering framework based on deep embedding was used to
identify six high-risk crash scenarios involving AVs and powered two-wheelers. Few
studies have specifically investigated the mechanisms and risk factors underlying AV
rear-end crashes, highlighting the urgent necessity for targeted empirical research to

mitigate potential risks and prevent crashes.

Apart from the aforementioned limited number of AV crashes, one other key
challenge in AV safety research is the limited number of variables available in AV crash
reports. Built environment factors have long been recognized as an important
dimension in traditional HDV crash research (Qu et al., 2023; Yu et al., 2024). Studies
have demonstrated that factors such as road design (Das, 2023), traffic control measures
(Ren and Xu, 2024a), and surrounding infrastructure (Shin, 2024) significantly impact

the likelihood and severity of crashes. However, the integration of built environment
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data into AV crash analysis remains underexplored. In this regard, Kutela et al.
identified an increased probability of sideswipe collisions or the likelihood of an AV
being at fault when one of the vehicles is parked (Kutela et al., 2022a). Additionally,
roadside parking has been identified as a key factor contributing to more severe crash
severities in AV-related crashes (Liu et al., 2024b). Another investigation revealed that
out of 35 AV incidents involving vulnerable road users, 22.86% of them occurred at
signalized intersections where the AV was attempting to yield the right-of-way to
vulnerable road users (Kutela et al., 2022b). Therefore, it is necessary to incorporate
built environment factors to provide a more comprehensive understanding of AV rear-
end crash scenarios, as they account for critical external environmental influences that
interact with AV systems. Additionally, given the fundamental differences in perception,
decision-making, and control between AVs and HDVs, it is imperative to investigate
whether environment, road, and crash-related conditions contribute to distinct crash

mechanisms across these two vehicle types.

Given the complexity of AV operating characteristics and underexplored crash
patterns, it is essential to analyse both contributing factors and interacting factor
combinations to gain a comprehensive understanding of AV rear-end crash mechanisms.
In particular, examining multi-variable association rules enables the identification of
co-occurring risk conditions that may collectively increase the AV rear-end crash
likelihood or severity. Moreover, conducting the comparative analysis between AV and
HDV crash patterns is critical for distinguishing AV-specific vulnerabilities from
conventional traffic safety concerns. Identifying these differences can not only clarify
the unique crash mechanisms of AV systems but also advance the safe integration of

AVs into real-world traffic environments.
7.2 Data collection and description

This study collects AV crash reports from the official website of CA DMV. Since
2014, the DMV’s Autonomous Vehicles Branch has implemented regulations governing
the testing and deployment of AVs on California roadways to enhance road safety while
fostering technological innovation (California Department of Motor Vehicles, 2024).
Manufacturers engaged in AV testing are required to report any collisions that result in
fatalities, bodily injury, or property damage within a 10-day timeframe following the
crash. As of April 12, 2024, which marks the commencement date of this study, the

DMV had authorized more than 30 manufacturers to test autonomous vehicles on
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California’s public roads and had recorded a total of 702 AV collision reports (California
Department of Motor Vehicles, 2024). After excluding records with incomplete variable
information, 584 AV collision samples with detailed crash determinants and well-
defined AV damage severity levels were obtained. Subsequently, 278 rear-end crash
samples were specifically screened out for this study. Figure 7.1 shows the detailed
distribution of AV rear-end crashes and total crashes by year in California. A prominent
reduction in total crash numbers was observed in 2020. This decline was attributed to
the COVID-19 pandemic, during which the majority of companies suspended AV
testing to prioritize safety. The overall distribution of crash severities reveals a
predominance of minor incidents, while moderate, none, and major categories appear
less frequently. Focusing specifically on the rear-end collision data extracted for this

study, similar trends in the distribution of crash severities can also be observed.
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Figure 7.1 The number of AV rear-end crashes and total crashes by year in California.

Subsequently, this framework collected additional built environment
characteristics, including road environment and infrastructure features, for each AV
rear-end crash using Google Satellite Images based on the extracted geographical
coordinates. Essential characteristics such as intersection type, road type, traffic signal
presence, number of lanes, roadside parking details, and land use type were
systematically collected. The final stage involved data pre-processing and
categorization, where the enriched AV crash dataset was organized into distinct
categories, facilitating a structured framework for further in-depth investigation. The
categories of risk factors encompass crash characteristics, vehicle characteristics, road

characteristics, environment characteristics, and temporal characteristics. Meanwhile,
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the AV rear-end crash damage severities were originally classified into four levels,
including major damage, moderate damage, minor damage, and none damage. However,
given that the major damage category only contained six samples, it was then merged
with the moderate damage category to form a new category called severe damage with
46 samples. As such, three crash damage severity levels, including severe damage,

minor damage, and none damage, were used for the final analysis.

To compare the association rules of AV and HDV rear-end crashes and better
demonstrate the uniqueness of AV rear-end crash patterns, we further adopted a
spatially and temporally matched comparison design to collect a new dataset of HDV
rear-end crashes that occurred within a 50-foot radius of each AV crash site during the
same time window. Rear-end crash data for HDVs were first obtained from the
Transportation Injury Mapping System (TIMS), a comprehensive crash database
maintained by the Center for Safe Transportation Research and Education at the
University of California, Berkeley (Center for Safe Transportation Research and
Education at the University of California, Berkeley, 2025). Subsequently, a buffer with
a radius of 50 feet was generated around each AV crash point to represent the potential
impact area. A spatial join operation was then performed to identify all HDV crash
points located within the AV buffer zones, thereby establishing a spatial matched pair
between AV and HDV crashes. This spatial matching strategy helps to minimize the
influence of unmeasured built environment and contextual factors (i.e., annual average
daily traffic), ensuring a more meaningful comparison between the two vehicle types.
A total 0of 2,013 HDV rear-end crash observations were identified that occurred within
the same temporal window as the AV crash dataset. To ensure comparability between
the AV and HDV datasets, all variables in the HDV records were carefully aligned with
those in the AV dataset. This included aligning variable definitions, categories, and

levels to enable consistent and meaningful comparisons.

The detailed explanatory variables are shown in Table 7.1. It is noteworthy that
determinants with low observations and similar attributes were merged following the
criteria detailed in the note section of Table 8.1, so as to mitigate possible bias (Xu et
al., 2019). As a result, 54 candidate independent variables were utilized for subsequent

association rule mining analysis.

161



Table 7.1 Explanatory variables in AV and HDV rear-end crashes.

Characteristics  Variables Categories

Vehicle Damage None/Minor/Severe
Crash Vulnerable Road User involved With VRU/No VRU?
characteristics

AV movement preceding the crash Backing/Stopped/Making turns/Slowing or Stopping/
Proceeding straight/Parked or Parking/Other movements

Vehicle Vehicle status Moving/Stopped in traffic
characteristics  Driving mode Autonomous mode/Conventional mode
Number of vehicles involved Single/Multiple
Road Intersection Non-intersection/Intersection
characteristics  Type of intersection X-shaped/Y-shaped/T-shaped/Cross-shaped/Other-
shaped
Road type Two-way with median/Two-way without median
Traffic signal With signal/No signal
Number of lanes 1/2/3/4/5/6/7/8/9
Roadside parking With roadside parking/Without roadside parking
Land use type Residential/Commercial/Mixed
Roadway surface Dry/Adverse®
Roadway condition Unusual conditions/No unusual conditions®
Environment Weather Clear/Cloudy/ Raining/Foggy
characteristics  Lighting Daylight/Dark with street lights/Dark without street lights
Temporal Week Weekday/Weekend
characteristics ~ Time of day Early morning (0:00 -5:59)/Morning (6:00 -
11:59)/Afternoon (12:00 - 18:59)/Evening (19:00 -
23:59)

*Vulnerable Road User (VRU) refers to bicyclist, pedestrian, or scooter.

bAdverse roadway surface refers to wet, snowy, or icy surface.

“Unusual conditions refer to deep ruts, holes, loose material, obstructions, construction zones, reduced width of
roadway, or other atypical conditions.

7.3 Methods

This study also used the association rule mining technique to discern the
significant factors related to AV rear-end crashes and investigate their interrelationships.
Unlike traditional regression models or causal inference methods, association rule
mining was adopted due to its unsupervised, data-driven nature and ability to uncover
hidden, multi-variable patterns without imposing restrictive model assumptions
(Agrawal et al., 1996). It is well-suited for uncovering previously unknown and non-
obvious co-occurrence patterns among multiple crash-related factors without prior
specification (Unvan, 2021). This makes it especially suitable for analysis in the context
of AV crash research, where sample sizes are limited and causal structures are not yet
well-established. Besides, this method can simultaneously identify multi-variable
associations, which may be difficult to capture using conventional bivariate correlation
or statistical models. This is particularly useful in complex contexts such as AV rear-
end crashes, where multiple environmental and operational factors interact in complex
ways. Therefore, it is one of the popular non-parametric data mining techniques in the

domain of traffic safety research and is adopted in this study (Ashraf et al., 2021; Liu
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et al., 2024a).

Suppose the set [ = {iy, iy, 13, ...,1,} represents items related to the AV rear-end
crash explanatory variables, such as land use types, intersection types, and road
conditions in this study. The set C = {c;, ¢, C3, ..., C,} represents a dataset containing
transactions or records of crash data. Each c; is a transaction or record that includes a
set of items related to a specific crash. In other words, c;describes the specific set of
items present in a particular incident. Each transaction or record ¢; in C occurs due
to a unique combination of attributes from I, typically corresponding to a unique
identifier used to distinguish different crash records (Hahsler, 2024). Therefore, each
causal relationship in C includes a subset of items from [. Association rules are
usually expressed as X = Y where X and Y are item sets, X,Y € [ and X NY =
@. Here, X is the antecedent, and Y is the consequent. The core components of
association rule mining include support, confidence, and lift. These measures help in

identifying the strength and relevance of the discovered rules.

Support measures how often an item set appears in the dataset, which is the ratio
of the number of records containing the item set to the total number of records,
representing the percentage of the dataset covered by the rule. P(X) denotes the
proportion of X, and P(Y) denotes the proportion of Y. When X and Y occur

together, the support is calculated as follows

Support(X)=P(X) = % (7.1)
Support(Y)=P(Y) = % (7.2)
Support(X ->Y)=P(X NY)= Coun{X N Y) (7.3)

N

where N represents the total number of AV rear-end crashes; Count(X) denotes the
total number of incidents that involve the antecedent X, while Count(Y) signifies the
number of incidents associated with the consequent Y; Count(X NY) indicates the
number of incidents that contain both the antecedent X and the consequent Y.
Additionally, Support(X) and Support(Y) denote the support values for the antecedent

X and consequent Y, respectively, whereas Support(X —Y) pertains to the support

associated with the rule X — Y.
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Confidence measures the reliability of the inferred rules and indicates how often
items in Y appear in crashes that contain X. In other words, it is the probability that Y
appears when X appears, represented as P(Y|X). The formula for calculating

confidence is as follows

P(X NY) Support(X —7Y)

Confidence(X — Y)=P(Y| X) = P(X) Support(X)

(7.4)

Lift is used to evaluate the strength of a rule over random chance or the degree of
influence that the antecedent has on the consequent in a rule. A lift greater than 1
indicates that the occurrence of X increases the probability of Y, suggesting a positive
correlation between X and Y. A lift less than 1 implies that the occurrence of X
decreases the probability of Y, while a lift equal to 1 indicates no correlation. The

formula for calculating lift is as follows:

P X) _ P(XNY) _ Confidence(X —»7Y)

Lift(X - 7Y)= P(Y) P(X)* P(Y) B Support(Y)

(7.5)

This study uses the Apriori algorithm to identify association rules and analyse the
AV rear-end crash data (Hahsler et al., 2005). This method first searches for frequent
item sets in the crash dataset by repeatedly calculating the support and then iteratively
combines these items to form larger candidate item sets. Once candidate item sets are
generated, the algorithm applies a pruning step to eliminate those that do not satisfy a
predefined minimum support threshold. The core idea is to use the property of frequent
itemset: if an item set is infrequent, then all its super-sets are also infrequent. This step
is crucial for enhancing computational efficiency by focusing only on item sets that are
frequent enough to be of interest. Finally, by setting thresholds for the core components
of association rule mining including support, confidence, and lift, the strength of these
associations can be evaluated and meaningful association rules can be filtered out,

thereby revealing valuable information hidden in the AV rear-end crash data.
7.4 Results and discussions

This section provides an analysis and interpretation of the study’s findings,
focusing on the application of association rule mining to identify crash patterns in rear-
end crashes involving AVs and HDVs. Notably, to enhance the interpretability and

statistical robustness of our association mining results, we intentionally limited the
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analysis to 2-item and 3-item rules. This selection was guided by the following
considerations. First, statistical validity under limited data conditions was a key concern.
As the number of items increases in the association rule mining, the support for each
item rule naturally decreases due to the combinatorial explosion of possible item
combinations. This can lead to a large number of rules with very low support, which
are statistically unstable and potentially spurious. This issue is especially pronounced
in the context of AV crash research, where sample sizes are limited and causal structures
are not yet well-established. Therefore, limiting the rule length to 2 or 3 items helps
maintain statistical robustness and ensures that the generated rules remain generalizable.
Second, interpretability and practical applicability were also prioritized. In the context
of early-stage studies of AV-specific crash mechanisms, 2-item and 3-item rules offer a
balance between complexity and interpretability. These rules are sufficient to uncover
meaningful co-occurrence patterns while remaining understandable and actionable for
practitioners, as has been demonstrated in safety and reliability domains (Hou et al.,

2020).

The analysis in this study was performed in two distinct aspects: (1) Short-term
association rules, including 2-item and 3-item rules, were identified to uncover the co-
occurrence of contributing factors across all AV and HDV rear-end crashes, thus
providing a comprehensive view of the interdependencies. (2) Association rules for
three crash damage severity categories, including severe damage, minor damage, and
none damage, were separately identified. This stratified analysis allowed for an
understanding of how contributing factors differ based on diverse vehicle types and

damage severities.

To address potential multicollinearity among categorical predictors, we also
performed a Pearson correlation analysis after applying one-hot encoding (Pearson,
1895). A threshold of |r] > 0.7 was used to identify highly correlated variable pairs
(Pearson, 1895). Two strong negative correlations were captured in AV rear-end crashes,
including (1) dark with street lights and daylight (r =—0.903), and (2) clear weather and
cloudy weather (r = —0.835). This analysis was also conducted for the HDV rear-end
crashes. To avoid redundancy, we ensured that both variables from any highly
correlated pair were not simultaneously included in any single association rule or

analytical model.
The threshold selection process in association rule mining is conceptually similar
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to hyperparameter tuning in machine learning. Since association rule mining is an
unsupervised learning technique, there is no predefined loss function to guide parameter
optimization. Based on the previous studies, an effective rule commonly should have
high support and confidence (Cao et al., 2025; Montella, 2011). Meanwhile, the lift was
set to be larger than 1 to mine non-random and strong rules (Liu et al., 2024a). Therefore,
it is necessary to further set a minimum threshold for support (Smin) and confidence
(Cmin). Only those association rules that surpass the minimum thresholds of three
measures are regarded as “valid” (Agrawal et al., 1996). This study refers to thresholds
used in previous traffic safety research to preset the values for support (commonly
ranging from 0 to 0.6, excluding 0) and confidence (commonly ranging from 0.1 to 0.8)
(Cao et al., 2025; Lan et al., 2022; Montella, 2011), which provided a domain-informed
starting point for parameter selection. We adopted an iterative grid search approach,
using a step size of 0.05 to systematically explore combinations of support and
confidence thresholds. The final thresholds were chosen based on the interpretability,
coverage, and stability of the resulting rule sets. Similar to previous studies (Cao et al.,
2025; Lan et al., 2022; Montella, 2011), extensive trial-and-error experiments were
conducted to identify the most appropriate parameter thresholds for the Apriori
algorithm, based on the “arules” package in the R programming environment (Hahsler
et al., 2005). A detailed summary of the final metric thresholds used for analysis is
provided in Table 7.2.

Based on the optimal threshold values for the AV rear-end crash dataset, we further
applied the same set of thresholds to the HDV crash data in order to ensure consistency
and comparability across AV and HDV rule mining analyses. This alignment enhances
the validity of the comparative analysis between the two vehicle types and can

effectively demonstrate the uniqueness of AV rear-end crashes.

Table 7.2 Thresholds of support, confidence, and lift for AV and HDV rear-end crash models.

Rear-end crash Model Smin Chmin Lmin
. 2 items 0.20 0.70 1
Number of items 3 items 0.50 0.70 )
Severe damage 0.05 0.20 1
Damage severity Minor damage 0.15 0.50 1
None damage 0.05 0.30 1
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7.4.1 Association rule analysis for AV and HDV rear-end crashes
7.4.1.1 Analysis of 2-item association rules

A total of 239 rules were identified in the analysis of 2-item association rules for
AV rear-end crashes, providing a comprehensive overview of the relationships between
factors and rear-end crash outcomes. The scatter plot, network graph, and matrix plot
are provided to visually represent the association rules within the AV dataset. The
scatter plot in Figure 7.2 presents the distribution of all identified AV association rules
by mapping their support, confidence, and lift values. Rules with higher lift values are
shown in deeper shades of purple, signifying stronger associations. The variation
among the rules suggests that some factor combinations exhibit stronger associations
with crash occurrences. The network graph in Figure 7.3 provides a visual
representation of the relationships among pairwise variables contributing to AV rear-
end crashes. Nodes represent individual factors, while edges signify the connections
between these factors in the rules. The size of the nodes corresponds to the confidence
level, and node color represents the lift value. This graph emphasizes the central role of
factors, such as multiple vehicles and the intersection. Certain variables act as bridges
within the network, such as residential land type to connect distinct clusters of rules.
The matrix plot in Figure 7.4 offers a condensed view of the most significant association
rules in AV rear-end crashes, facilitating the recognition of critical combinations of
factors. Note that lhs refers to the left-hand-side variable (i.e., the antecedent), and rhs
refers to the right-hand-side variable (i.e., the consequent). Each point represents a rule,
with the color intensity indicating confidence levels. For instance, specific factors such
as multiple vehicles demonstrate strong associations with other variables with high lifts

and confidence levels, implying their explanatory power in real-world contexts.
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Figure 7.2 Scatter plot of the 2-item Figure 7.3 Network graph of the 2-item
association rules for AV rear-end crashes. association rules for AV rear-end crashes.
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Figure 7.4 Matrix plot of the 2-item association rules for AV rear-end crashes.

While these visualizations demonstrate the diversity and complexity of the
relationships, the sheer volume of association rules necessitates a filtering process to
focus on the most impactful associations. Moreover, to better understand the distinct
risk mechanisms underlying AV and HDV rear-end crashes, the top 15 2-item rules for
each vehicle type, ranked based on their lift values, are distilled and presented in Table
7.3. Figure 7.5 further visualizes the distribution of the association rules for AV crashes
(Note that the darker the red color, the larger the lift value). Several overlapping factors
emerged, yet notable differences in rule lift and contextual relevance were also observed,

revealing divergent challenges between the two vehicle types.

Both AV and HDV rear-end crashes were strongly associated with two-way roads
without median. In the AV dataset, this is reflected in Rule 1 and Rule 2, where two
lanes and three lanes are frequently paired with two-way without median (Ren and Xu,
2024a), showing high lift values. HDVss exhibit a similar association in Rule 1, but with
a lower lift value, suggesting that AVs are more vulnerable to crashes without physical
separation. Additionally, AV Rule 4 and Rule 11 further emphasize this configuration
as a dominant risk factor. Meanwhile, HDV rear-end crashes more frequently involved

commercial environments, as seen in Rule 3, Rule 9, and Rule 13, which link
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commercial land use to two-way without median, non-intersection, and with roadside
parking, respectively. These findings underscore the importance of incorporating

physical medians in the design of roads to mitigate crash risks (Xu et al., 2019).

Signal-related variables demonstrated stronger associations with AV crashes. For
example, Rule 3, Rule 5, and Rule 13 reflect how AVs are frequently involved in crashes
within signalized environments. The elevated lift values in these rules indicate that
traffic control devices may interact with AV decision-making in complex ways, possibly
due to sensor interpretation challenges or overly conservative behaviour at intersections
(Yue, 2024). In contrast, signal-related patterns in HDVs are limited to Rule 1 and Rule
4, suggesting a more adaptive driver response in the absence of traffic signals (Liu et

al., 2024a).

Roadside parking appeared as a prominent contributing factor for AVs and HDVs,
but the patterns differ in contextual complexity. In AV crashes, Rules 6, 7, 10, 11, 12,
and 14 show repeated combinations of with roadside parking with three lanes, two-way
without median, cross-shaped intersections, and dark with street lights. These
configurations suggest that AVs may face challenges in managing reduced lane widths
and visual occlusions introduced by roadside parking, especially in low-light or
geometrically complex settings (Xu et al., 2019). HDV crashes also show associations
with roadside parking, as seen in Rule 2, Rule 5, Rule 8, Rule 13, and Rule 14, though
the diversity of combinations is less pronounced, indicating a more general exposure

rather than interaction-specific sensitivity (Ren and Xu, 2025).

Vehicle status showed a stronger contextual pattern in AV crashes. Rule 8 and Rule
9 imply that both static and dynamic driving states may lead to elevated crash risk
depending on roadway configuration (Liu et al., 2024b). In HDV rules, vehicle
movement appears in broader associations, such as Rule 4 and Rule 10, without strong
geometric pairings, which may reflect more flexible driver adaptation in varied
environments. Lighting conditions were also a common risk factor. Both AV Rule 14
and HDV Rule 8 demonstrate that dark with street lights in combination with roadside
parking increases rear-end crash risk. While this combination likely compromises
visibility in both cases, it may pose greater challenges for AV sensor systems and human

drivers relying on consistent illumination for object detection (Ren and Xu, 2023b).

In summary, although certain environmental risk factors such as two-way roads
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without median and roadside parking affect both AVs and HDVs, the dominant
association patterns for AVs concentrate more around geometric constraints,
signalization, and environmental sensing limitations, while HDV crashes are more
frequently influenced by behavioural context and land use. These findings emphasize
the importance of tailored infrastructure design and control strategies that account for

the distinct vulnerabilities of AV systems.

Table 7.3 Top 15 2-item association rules ranked by lift values for AV/HDV rear-end crashes.

No. Antecedent Consequent Support Confidence Lift
AV

[1] {2 lanes} {Two-way without median} 0.209 0.967 1.468
[2] {3 lanes} {Two-way without median} 0.248 0.920 1.398
[3] {Two-way with median} {With signal} 0.295 0.863 1.379
[4] {No signal} {Two-way without median} 0.327 0.875 1.329
[5] {Mixed} {With signal} 0.219 0.813 1.299
[6] {3 lanes} {With roadside parking} 0.255 0.947 1.259
[7] {2 lanes} {With roadside parking} 0.201 0.933 1.241
[8] {Two-way with median} {Stopped in Traffic} 0.255 0.747 1.215
[9] {Moving} {Two-way without median} 0.299 0.776 1.178
[10] {Cross-shaped} {With roadside parking} 0.450 0.880 1.171
[11] {Two-way without median} {With roadside parking} 0.579 0.880 1.170
[12] {With roadside parking} {Two-way without median} 0.579 0.770 1.170
[13] {Cross-shaped} {With signal} 0.367 0.718 1.148
[14] {Dark with street lights} {With roadside parking} 0.209 0.853 1.135
[15] {Cross-shaped} {Two-way without median} 0.378 0.739 1.123
HDV

[1] {No signal} {Two-way without median} () 403 0.813 1.245
[2] {Two-way without median} {With roadside parking} 0.567 0.868 1.185
[3] {Commercial} {Two-way without median} () 302 0.767 1.175
(4] {No signal} {Moving} 0.376 0.758 1.119
[5] {No signal} {With roadside parking} 0.400 0.807 1.101
[6] {Mixed} {Daylight} 0.244 0.705 1.084
[7] {Afternoon} {Non-intersection} 0.251 0.759 1.082
[8] {Dark with street lights} {With roadside parking} 0.232 0.790 1.078
[9] {Commercial} {Non-intersection} 0.297 0.754 1.076
[10] {4 lanes} {Moving} 0.250 0.725 1.071
[11] {Two-way without median} {Non-intersection} 0.488 0.748 1.067
[12] {4 lanes} {Non-intersection} 0.256 0.741 1.057
[13] {Commercial} {With roadside parking} 0.303 0.768 1.048
[14] {Proceeding straight} {With roadside parking} 0.376 0.768 1.048
[15] {Two-way without median} {Moving} 0.462 0.709 1.046
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Figure 7.5 Network graph of top 15 2-item association rules for AV rear-end crashes.

7.4.1.2 Analysis of 3-item association rules

Actotal of 378 AV association rules involving three items were identified, providing
deeper insights into the interplay between multiple factors contributing to AV rear-end
crashes. The scatter plot, network graph, and matrix plot (see Figure 7.6-Figure 7.8),
were used to comprehensively illustrate these associations in AV rear-end crashes.
Figure 7.6 shows that most rules exhibit low support but high confidence, suggesting
less frequent yet significant factor combinations. Figure 7.7 illustrates that central nodes,
such as intersections and with roadside parking, are prominent, highlighting their
recurring importance in identified rules. Figure 7.8 organizes AV rules by groups, with
two-way without median and clear weather frequently appearing in multi-factor

combinations.
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Figure 7.8 Matrix plot of the 3-item association rules for AV rear-end crashes.
Similarly, the top 15 3-item rules ranked by their lift values were extracted for AVs
and HDVs to enhance the interpretability of the findings, as shown in Table 7.4. Figure
7.9 further presents the network graph of these association rules for AV rear-end crashes.
Compared to 2-item rules, the 3-item association rules provide more nuanced insights
into how combinations of environmental, road, and vehicle-related factors interact to

influence AV and HDV rear-end crashes.

For both AVs and HDVs, high-risk combination rules involve with roadside
parking, dry conditions, and two-way roads without median (AV Rules 1, 2, and 3, HDV
Rules 1, 2, and 5). These patterns reinforce that roadside parking continues to be a
critical factor, especially when coupled with geometric constraints and increased
bidirectional exposure. However, AV rules demonstrate slightly higher contextual
specificity, such as the presence of multiple vehicles in Rule 3, implying that AVs are
more sensitive to constrained, dynamic environments that require complex spatial

reasoning (Xu et al., 2019).

Intersections and road user presence also show differential effects. In AV Rule 5,
the combination of intersection and two-way roads without median leading to with

roadside parking suggests that AV crashes are concentrated at high-conflict zones where
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Table 7.4 Top 15 3-item association rules ranked by lift values for AV/HDV rear-end crashes.

No. Antecedent Consequent Support Confidence Lift
AV
[1] {Dry, With roadside parking} {Two-way without median}0.540  0.781 1.187
[2] éii;;gsual conditions, With roadside {Two-way without median}0.565  0.773 1.175
[3] {Multiple, With roadside parking} {Two-way without median}0.558  0.771 1.171
[4] {No VRU, Two-way without median} {With roadside parking}  0.561 0.876 1.166
[5] gz(tl‘;;iic“on’ Two-way without (With roadside parking} ~ 0.529  0.875 1.164
[6] {Dry, With signal} {Clear} 0.529 0.902 1.076
[7] {Dry, With roadside parking} {Clear} 0.622  0.901 1.075
[8] {Dry, Multiple} {Clear} 0.813 0.900 1.074
[9] {Autonomous mode, Clear} {Dry} 0.561 1.000 1.073
[10] {Dry, Intersection} {Clear} 0.788  0.898 1.071
[11] {Daylight, No unusual conditions} {Weekday} 0.594  0.851 1.070
[12] {Cross-shaped, Multiple} {Intersection} 0.507  1.000 1.069
[13] {Cross-shaped, No VRU} {Intersection} 0.504 1.000 1.069
[14] {Clear, Stopped in Traffic} {Dry} 0.507  0.993 1.066
[15] {Dry, Two-way without median} {Clear} 0.550  0.890 1.061
HDV
[1] {Dry, With roadside parking} {Two-way without median}0.516  0.779 1.194
[2] {No VRU, With roadside parking} {Two-way without median}0.549  0.779 1.193
[3] {Multiple, Two-way without median}  {With roadside parking}  0.567  0.868 1.185
[4] {No unusual conditions, Two-way {With roadside parking} 0.549  0.865 1.180
without median}
[5] {Dry, Two-way without median} {With roadside parking} 0.516  0.861 1.175
[6] {Clear, Two-way without median} {Dry} 0.566  0.975 1.063
[7] {Dry, Non-intersection} {Clear} 0.613 0.954 1.061
[8] {Clear, Multiple} {Dry} 0.874 0973 1.061
[91 {Clear, Weekday} {Dry} 0.654  0.968 1.056
[10] {Clear, With roadside parking} {Dry} 0.625  0.965 1.053
[11] {Dry, Two-way without median} {Clear} 0.566  0.945 1.052
[12] {Moving, Multiple} {With roadside parking}  0.519  0.766 1.045
[13] {Multiple, With roadside parking} {Moving} 0.519  0.708 1.045
[14] {Moving, No unusual conditions} {With roadside parking} 0.504  0.761 1.038
[15] {Daylight, Multiple} {Weekday} 0.508  0.781 1.027

visibility and maneuverability are limited (Ren and Xu, 2024b). A similar structure
appears in HDV Rule 3 and Rule 4, yet the emphasis shifts more toward typical driver
behaviour and situational condition, lacking the same intersectional specificity
observed in AVs. Environmental factors (e.g., clear, dry, no unusual conditions) appears
frequently in both groups, with AV Rules 6-10 and HDV Rules 611 showing strong

associations between clear weather and crash occurrence. This highlights that AV
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crashes are not limited to adverse conditions. Instead, errors in interpretation or

coordination can occur even under ideal settings (Ashraf et al., 2021).

Vehicle motion status further distinguishes AVs from HDVs. AV Rule 14 suggests
that AVs face risk when managing deceleration or stationary states in clear conditions,
whereas HDV Rules 12—-14 emphasize moving status in combination with roadside
parking or no unusual conditions, reflecting risks tied to human behaviour such as
distraction or misjudgment (Ren and Xu, 2025). Temporal factors also differ between
AVs and HDVs. AV Rule 11 shows that weekday travel under daylight and normal
conditions is a common crash context, while HDV Rule 15 reflects a more general
weekday and daylight pattern with less contextual constraint, again suggesting that AVs

are more vulnerable in regular but interaction-heavy scenarios (Liu et al., 2024b).

In sum, the 3-item rules deepen prior findings: while both AVs and HDVs are
affected by the same foundational risk factors (e.g., roadside parking, Two-way without
median), AV-specific patterns are more concentrated in constrained geometries,
structured intersections, and autonomous operation under otherwise favorable
conditions. These findings call for infrastructure and algorithmic adaptations that

explicitly address these multidimensional risk settings in AV deployment strategies.
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Figure 7.9 Network graph of top 15 3-item association rules for AV rear-end crashes.
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7.4.2 Association rule analysis for different AV and HDV rear-end damage

severity levels
7.4.2.1 Association rules for severe damage crashes

A total of 204 association rules were identified for severe damage AV rear-end
crashes, offering insights into the interplay of various factors contributing to such
incidents. To effectively present these rules, the scatter plot in Figure 7.10, the network
graph in Figure 7.11, and the matrix plot in Figure 7.12 were provided. Figure 7.10
highlights the distribution of rules, with most rules clustering around support values
lower than 0.08, indicating that severe AV rear-end crashes are often associated with
specific, less frequent combinations of factors. The network graph in Figure 7.11
emphasizes the central role of factors like cross-shaped and residential land type, which
frequently co-occur in severe AV rear-end crashes. The matrix plot in Figure 7.12
organizes the association rules into groups based on the number of items in the
antecedent and the consequent, with severe damage consistently appearing as the
consequent. The matrix plot illustrates how combinations of diverse factors, such as
environmental conditions, road configurations, and traffic patterns, contribute to severe

AV rear-end crashes.
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Figure 7.12 Matrix plot of the association rules for severe damage AV rear-end crashes.

The top 5 representative association rules in AV and HDV rear-end crashes were
selected for detailed analysis. These rules, presented in Table 7.5 and Fig. 7.13, reveal
critical combinations of factors that contribute to severe damage in rear-end crashes.
Both AV and HDV rear-end crashes leading to severe damage share several high-risk
environmental and operational contexts, though the nature of their associations reveals

key differences in crash mechanisms.

Residential land use type consistently appears as a core spatial risk factor in both
groups. In the AV rear-end crashes, residential areas are present in Rule 1, Rule 2, and
Rule 5, typically in conjunction with cross-shaped intersections and multiple vehicles.
Similarly, in the HDV rear-end crashes, residential settings dominate all top five severe
damage rules, often paired with roadside parking (Rule 2), two-way roads without
medians (Rule 1), and weekday conditions (Rule 3). This consistency suggests that
densely populated or mixed-use environments inherently increase risks for rear-end

crashes, regardless of automation.

However, the surrounding roadway configuration and interaction context differ
between these two types of vehicles. AV rules highlight cross-shaped intersections
(Rule 1, Rule 2, Rule 3, Rule 5) and two-way roads without medians (Rules 1 and 3) as
frequent antecedents, suggesting that AVs are particularly sensitive to high-complexity,

multi-directional layouts where decision-making demands increase. The presence of
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stopped-in-traffic conditions in Rule 3 further illustrates how AVs may be challenged
by real-time judgment in congested or variable-speed settings (Moradloo et al., 2024).
In contrast, HDV severe crash rules focus more on simpler traffic environments under
routine conditions, such as dry and clear weather (Rule 4), weekday (Rule 3), and non-
complex road configurations. These patterns suggest that while AV severe crashes are
more often triggered by operational complexity, HDV crashes may stem from human
behavioural factors (e.g., inattention, misjudgment) in less demanding conditions

(Adnan et al., 2024).

Roadside parking also plays a substantial role in both AV and HDV severe crashes.
In AV Rule 2 and Rule 5, roadside parking co-occurs with residential zones and
intersection complexity, reinforcing the concern that parking infrastructure impairs AV
sensor performance and reduces available maneuvering space. For HDVs, Rule 2 and
Rule 5 also show strong associations between roadside parking, residential areas, and
severe outcomes, but without the same intersectional or dynamic vehicle contexts. This
may reflect differing crash mechanisms, i.e., sensor occlusion and cautious AV braking
in AVs versus spatial misjudgment or limited reaction time in human drivers
(Tengilimoglu et al., 2023). Notably, multi-vehicle involvement appears in AV Rule 5
but only in HDV Rule 5 with no additional variables. This reinforces that AV crashes
may more often involve cascading or interaction-driven complexity. To address these
issues, AVs can benefit from real-time communication with other vehicles via vehicle-
to-vehicle (V2V) technology to share information about braking intentions and
surrounding traffic conditions (Adnan et al., 2024), allowing trailing vehicles to respond
proactively. Additionally, the use of cooperative adaptive cruise control systems in AVs
can help maintain safe following distances and reduce multi-vehicle collisions

(Mosharafian and Velni, 2022).

In summary, both vehicle types exhibit increased severe crash risk in residential
areas with two-way roads lacking medians and roadside parking, yet the crash context
diverges: AV crashes are more embedded in intersectional complexity, stopping
behaviour, and multi-vehicle interactions, while HDV crashes are impacted by
conditions where human error or behavioral risk dominates. These insights emphasize
the need for infrastructure modifications and context-sensitive AV design
improvements, as well as behavioral safety interventions for HDV drivers in residential

areas.
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Table 7.5 Top 5 representative association rules for AV/HDV severe damage rear-end

crashes.

No. Antecedent Consequent Support Confidence Lift
AV
[1] r{n(;rdoi:s1 }shaped, Residential, Two-way without (Severe}  0.054 0.250 1511
2] égrrlgsl,lsgihaped, Residential, With roadside (Severe}  0.065 0.250 1511
3] ;{Vcitszfrl;ae%‘;i’lft‘)pped in Traffic, Two-way (g erer 0,058 0250 1511
[4] {Conventional mode, Dry, Weekday} {Severe}  0.058 0.246 1.488
[5] {Cross-shaped, Multiple, Residential} {Severe}  0.065 0.237 1.431
HDV
[1] {Residential, Two-way without median} {Severe}  0.013 0.255 10.262
[2] {Residential, With roadside parking} {Severe}  0.013 0.250 10.065
[3] {Residential, Weekday} {Severe}  0.011 0.240 9.646
[4] {Clear, Residential} {Severe}  0.013 0.234 9.430
[5] {Multiple, Residential} {Severe}  0.013 0.217 8.723

Multiple Dry Weekday Conventional mode

rule 5 Severe q——.

With roadside parking

Stopped in Traffic

Cross-shaped

Residential Two-way without median

Figure 7.13 Network graph of top 5 association rules for severe damage AV rear-end crashes.

7.4.2.2 Association rules for minor damage crashes

A total of 1,115 association rules were derived to analyse minor damage AV rear-
end crashes, offering detailed insights into the factors influencing such incidents. These
rules are presented through a scatter plot in Figure 7.14, a network graph in Figure 7.15,
and a matrix plot in Figure 7.16. Figure 7.14 shows the rule distribution, where the
majority of the rules are concentrated at lower support values but exhibit high
confidence levels. The network graph in Figure 7.15 highlights key contributing factors,
such as without roadside parking, two-way with median, and stopped in traffic, which
frequently appear together in minor damage AV crashes. The matrix plot in Figure 7.16

offers a systematic view of the association rules, grouping them by the number of items
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in the antecedent and the consequent (i.e., minor damage) in AV rear-end crashes. The
matrix plot highlights specific combinations, such as without roadside parking and
autonomous mode, which are strongly associated with minor damage -crashes,

supported by high confidence and lift values.

0.9 @ lift . lift
.. 1.2 With signal  Intersection 1.200
0.85 s 1 Dry Weekday 1178
" 1.150
1 No unusual conditions
GE) Without foadside parkin 1128
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) Clear @ oss
No signal
0.2 0.4 0.6 @ oss
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Figure 7.14 Scatter plot of the association  Figure 7.15 Network graph of the association
rules for minor damage AV rear-end crashes. rules for minor damage AV rear-end crashes.
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{3, Cross-shaped, + 18 Items }

84 rules: {Moving, No signal, + 19 Items }
85 rules

65 rules: {Weekend, Mixed, + 18 Items }

59 rules

65 rules: {Commerclal, Moving, + 17 Items }
81 rules

{ Afternoon, Autonomous mode, + 14 Items }

{ Afternoon, Two-way with medlan, + 16 Items }
S4rules

52 rules
84 rules: {Dark with street lights, Morning, + 20 Items }

14 rules: {Without roadside parking, Autonomous mode, +9 Items }
{Two-way with median, Without roadslde parking, + 14 Items }
46 rules
66 rules
44 rules: {T-shaped, Two-way with median, + 18 Items }
72 rules: {Dark with street lights, With roadslde parking, + 20 Items }
64 rules: {Conventional mode, Cross-shaped, + 15 Items }

32 rules: {Without roadslde parking, Two-way with medlan, +9 Items}
25 rules: {Two-way with medlan, Without roadslde parking, + 13 Items }

23 rules

Items in LHS Groups
Figure 7.16 Matrix plot of the association rules for minor damage AV rear-end crashes.

The top 5 representative association rules were selected for in-depth analysis to
better understand the factors contributing to minor damage rear-end crashes involving
AVs and HDVs. These rules, as displayed in Table 7.6 and Figure 7.17, highlight key

combinations of variables that frequently occur in such crashes.
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For AV rear-end crashes, the presence of autonomous driving mode consistently
appears across Rules 1-3, frequently in combination with stopped-in-traffic conditions,
multiple vehicles, or the absence of roadside parking. These patterns suggest that AVs,
when operating autonomously in structured but constrained environments, such as two-
way roads with medians (Rule 1) and intersections without VRUs (Rule 5), would also
experience minor damages. This may reflect the conservative driving behaviour of AV
systems, which tend to avoid extreme maneuvers and prioritize gradual responses (Li
et al., 2021). The repeated presence of without roadside parking (Rules 2-5) also
indicates that fewer lateral obstructions may reduce the likelihood of more severe
outcomes by offering clearer visibility and maneuvering space for AVs (Zhou et al.,

2024).

Table 7.6 Top 5 representative association rules for AV/HDV minor damage rear-end crashes.

No. Antecedent Consequent Support Confidence Lift
AV

[1] évz?tlﬁtzleo(azu}s mode, Stopped in Traffic, Two-way {Minor} 0.162 0.900 1.209
[2] {Autonomous mode, Without roadside parking} {Minor} 0.158 0.898 1.206
[3] éilliti(r)lr;mous mode, Multiple, Without roadside {Minor} 0.151 0.894 1.200
[4] éI:r?( iZ;U, Stopped in Traffic, Without roadside {Minor} 0.169 0887 1.191
[5] {Intersection, No VRU, Without roadside parking} {Minor} 0.205 0.877 1.178
HDV

[1] {Commercial, Dark without street lights} {Minor} 0.012  1.000 4.827
[2] {Dark without street lights, With roadside parking} {Minor} 0.012 1.000 4.827
[3] {Dark without street lights, No VRU} {Minor} 0.014  0.875 4.224
[4] {Dark without street lights, Multiple} {Minor} 0.014  0.875 4.224
[5] {Commercial, Dark without street lights, No signal} {Minor} 0.013 0.788 3.803

In contrast, HDV minor damage crashes are highly concentrated around low-
visibility and low-infrastructure environments, especially dark conditions without street
lighting, which appear in all five rules. For example, Rules 1, 2, and 3 show
combinations of commercial land use, roadside parking, and no VRUs, all co-occurring
with dark without street lights, which dramatically increases lift values. These
associations suggest that HDVs are particularly vulnerable in poorly lit environments,
where limited visibility may impair driver perception and reaction time, leading to
minor collisions. Additionally, the presence of multiple vehicles (Rule 4) and lack of

signals (Rule 5) further emphasizes the risk posed by nighttime driving.

Taken together, the AV minor damage patterns reflect outcomes shaped by system-
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level caution in relatively constrained conditions, whereas HDV minor damage crashes
are more likely to result from environmental insufficiencies, such as inadequate lighting
or missing control devices, that impair human decision-making. This contrast
underscores the importance of infrastructure reliability (e.g., street lighting and
signalization) for HDV crash mitigation and behavioral calibration of AV systems to

further reduce crashes (Zhou et al., 2024).

Autonomous mode Two-way with median

Multiple

Minor Stopped in Traffic

‘rule 4

Without roadside parking

Intersection rule 5 No VRU

Figure 7.17 Network graph of top 5 association rules for minor damage AV rear-end crashes.

7.4.2.3 Association rules for none damage crashes

A total of 172 association rules were identified for none damage AV rear-end
crashes. The scatter plot in Figure 7.18 illustrates the distribution of the rules, where
most are concentrated at lower support values while maintaining relatively high
confidence. The network graph in Figure 7.19 highlights key factors such as X-shaped
intersection and VRU, which frequently appear in none damage rear-end crashes. The
matrix plot in Figure 7.20 provides a structured representation of the rules. None
damage consistently appears as the consequent, while the antecedents include various
combinations of factors. The matrix plot highlights specific variables, such as moving
and with VRU, that are strongly associated with none damage rear-end crashes

involving AVs.

The top 5 representative association rules were selected for detailed analysis to
uncover the factors contributing to none damage in AV and HDV rear-end crashes.

These rules were summarized in Table 7.7 and visualized in Figure 7.21.
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Figure 7.20 Matrix plot of the association rules for none damage AV rear-end crashes.

Intersection emerges as a common factor for both vehicle types. In AV rules,
intersection-related contexts appear in Rule 1, Rule 2, and Rule 5, where intersections
combine with factors like morning, weekday, or VRUs. Similarly, four HDV rules
feature intersections as a key spatial element, often paired with afternoon or evening
(Rules 1-4), and roadway settings such as two-way roads without medians (Rule 4) or
mixed land use (Rule 3). However, the nature of vehicle control and surrounding
conditions plays a more differentiated role. In AV rules, the presence of VRUs is
prominent (Rules 3-5), along with conventional driving mode (Rule 3) and clear
weather conditions (Rule 4). These settings suggest that AVs may experience minor
disturbances or conservative maneuvers, such as abrupt braking or avoidance behaviour

in the presence of pedestrians and cyclists, especially when human drivers are in control
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(Adnan et al., 2024). In contrast, HDV rules reflect more standard operational patterns,
such as high-volume traffic periods (afternoon/evening), presence of multiple vehicles

(Rule 1), and roadside parking (Rule 2).

Lighting conditions further differentiate AV and HDV none-damage events. In
HDV Rule 1 through Rule 5, afternoon and evening hours dominate, reflecting times
when visibility may be declining but driver alertness remains high. AV rules, on the
other hand, are more concentrated in morning and clear weather settings (Rules 1 and
4), where environmental clarity may enhance sensor performance or allow for smoother
decision-making (Kuo et al., 2024). This suggests that AV none damage outcomes are
more likely under optimal visibility and predictable behaviour (Xu et al., 2019), while

HDVs tolerate a broader range of conditions through human adaptability.

In summary, none-damage rear-end crashes for AVs and HDVs often occur in
intersection-dense environments, yet their triggers differ: AVs tend to engage in low-
impact events due to cautious responses to VRUs or ambiguous priority situations,
while HDVs exhibit broader environmental tolerance, relying more on human
perception and behavioral adjustments. These findings underscore the need to optimize
AV-human interaction protocols, particularly around intersections and VRUs, while

continuing to enhance situational awareness and real-time decision-making algorithms.

Table 7.7 Top 5 representative association rules for AV/HDV none damage rear-end crashes.

No. Antecedent Consequent Support Confidence Lift
AV

[1] {Morning, No signal, X-shaped} {None} 0.011 1.000 11.120
[2] {Moving, Weekday, X-shaped} {None} 0.014 0.800 8.896
[3] {Conventional mode, With VRU} {None} 0.011 0.750 8.340
[4] {Clear, With VRU} {None} 0.011 0.750 8.340
[5] {Intersection, With VRU} {None} 0.011 0.600 6.672
HDV

[1] {Afternoon, Intersection, Multiple} {None} 0.076 0.944 1.229
2] [{)ztl‘(tierll‘zrgl;)on, Intersection, With roadside {None} 0.055 0.940 1224
[3] {Intersection, Mixed, Weekday } {None} 0.076 0.927 1.207
[4] jn]i\é?;;r;g, Intersection, Two-way without {None} 0.057 0.920 1.198

{Evening, Two-way without median,

5] Weekend} {None} 0.055 0917 1.194
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Figure 7.21 Network graph of top 5 association rules for none damage AV rear-end crashes.

7.5 Conclusion remarks

This study contributes to the existing body of research on AV safety by offering a
dedicated and comprehensive investigation of rear-end crashes. In addition, a
comparative analysis between AV and HDV rear-end crashes was conducted to
highlight the unique crash patterns associated with autonomous driving systems. A total
of 2013 HDV rear-end crashes that occurred within a 50-foot radius of each AV crash
site and within the same time window were also collected to conduct the comparative
analysis between AV and HDV rear-end crashes. The association rule mining was
employed to uncover the combinations of contributing factors that frequently co-occur
in AV and HDV rear-end crashes. Short-term association rules, including 2-item and 3-
item rules, were identified across all rear-end crashes. Furthermore, association rules

for different damage severities were also investigated.

Apart from the extracted variables from CA DMV AV crash reports, this study has
demonstrated that augmented built environment factors could significantly influence
the occurrence of rear-end crashes involving AVs. In this regard, critical factors such as
roadside parking, two-way without medians, multiple vehicles, traffic signal,
intersection type, land type, and stopped in traffic dominate majority rules, highlighting
their pivotal role in contributing to AV crashes. Roads without medians consistently
emerged as high-risk areas, as the absence of physical separation between traffic
directions increases exposure to conflicts, particularly on narrow two-way roads or at
intersections. Roadside parking further aggravates the situation by reducing roadway
width and creating unpredictable obstacles, such as pedestrians or vehicles suddenly

entering the traffic flow. Similarly, traffic control measures and intersection complexity
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are critical contributors. Non-signalized intersections and cross-shaped configurations
were identified as hazardous, while signalized intersections with medians, though
potentially safer, still present challenges due to dynamic traffic flows. Additionally,
clear weather and weekday peak traffic conditions were also frequently associated with
crashes, suggesting that AV systems face difficulties even under favorable conditions,

primarily due to interactions with other road users.

The results confirm the existence of distinct patterns and co-occurrence
mechanisms that are unique to AV systems under real-world conditions. In terms of
insights from different crash severity analyses, severe damage AV rear-end crashes were
strongly associated with complex road configurations, such as cross-shaped
intersections and two-way roads without medians. These scenarios often overwhelm
current AV algorithms due to their dynamic and unpredictable nature. Roadside parking
in residential areas was another critical factor, as it obstructs AV sensors and reduces
maneuvering space, increasing the likelihood of severe collisions. Minor damage
crashes, on the other hand, were often linked to conservative AV behaviours, such as
abrupt braking in response to sudden stops or traffic congestion. Additionally, minor
crashes tend to occur more frequently in autonomous mode. For none damage crashes,
interactions with VRUs, such as pedestrians and cyclists, were a recurring theme. These
incidents often occurred at intersections or during morning and weekday traffic,
highlighting the need for AV systems to better manage VRU interactions in complex

traffic scenarios.
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Chapter 8 Conclusions and recommendations
8.1 Overview and research contributions

This thesis specifically analyses post-crash severities in the context of both HDVs
and AVs across diverse contexts, thus providing insights for evidence-based policies to

foster a safer transportation environment.

Using a three-year single-vehicle crash dataset under adverse road surface
conditions in Ohio from 2015 to 2017, Chapter 3 investigates the heterogeneous
impacts, temporal instability, and non-transferability of various determinants on driver
injury severities across different vehicle impact locations for HDVs. Three groups of
random parameters logit models with the heterogeneity in the means (and variances)
corresponding to center, left-side, and right-side crashes were employed. The results of
likelihood ratio tests indicate an overall temporal instability and locational non-
transferability, while some indicators, such as hitting animals, old drivers, safety
restraint usage, female drivers, physically impaired drivers, and vehicles with insurance,
were observed to be of temporal stability and impact location transferability. This study
also examines the impact of year-to-year and location-to-location shifts by comparing
the probability differences between out-of-sample predictions and within-sample
observations. The results show varying magnitudes and inconsistent directions of
distribution characteristics, including mean, skewness, kurtosis, and prediction
accuracy, across different locations and periods. Furthermore, this study suggests that
the net effects of aggregate location-to-location shifts were greater than the net effects

of year-to-year shifts.

Chapter 4 conducts the predictive analysis of undivided two-way traffic HRGC
crashes by utilizing the XGBoost algorithm along with the SHAP to investigate the
dominant factors affecting injury severity outcomes for HDVs. The results suggest that
the XGBoost model has varying performances in predicting different injury severities,
with the killed model having the highest accuracy of 93.36%. Some significant
predictors overlap between the killed and injured models, such as old driver and truck,
while the other different significant factors reveal that the XGBoost model can
distinguish between different severity levels. The application of SHAP values further
enhances the interpretability of XGBoost models, offering a granular perspective on the

influence of individual features. The detailed distributions of the respective top three
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significant variables that emerged from the analysis are presented, such as train speed >
45 MPH, driver was in vehicle, truck, old driver, and female driver. Chapter 4 further
compare factors affecting HRGC crash injury severities before (2018-2019) and during
(2020-2021) the COVID-19 pandemic. This study indicates that the existence of old
drivers and illuminated crossings generated random parameters with heterogeneity in
means during the pandemic, which were affected by the driver in vehicle, estimated
train speed, and crossing AADT indicators. As for the pre-pandemic period, no
significant random parameters and unobserved heterogeneity were captured.
Significant variables also differ markedly between these two periods, with no
significant driver-related or vehicle-related indicators identified from 2018 to 2019. The
results reveal that factors, including estimated vehicle speed, estimated train speed,
commercial land type, female driver, driver in vehicle, van, and other vehicles increased
the possibility of severe injury outcomes during the pandemic. The findings underscore
the significance of considering unobserved heterogeneity of factors that impact HRGC
crashes during the COVID-19 pandemic and could be used to develop targeted

interventions to enhance road and railway safety.

Subsequently, the post-crash injury severity analysis is conducted in the context of
AVs. To understand the real-world AV crash patterns and identify key factors
influencing the associated damage severity, 584 AV collision reports from the California
Department of Motor Vehicles are first extracted and augmented by a highly automatic
and fast variable extraction framework. Chapter 5 applies a methodology integrating
the latent class analysis and multinomial logit model to explore the heterogeneity in AV
crash patterns. The findings reveal a significant correlation between moderate/major
damage crashes and various risk factors, such as head-on, intersection, multiple
vehicles, dark with street lights, dark without street lights, and early morning. Two
heterogeneous clusters are determined based on the skewed distributions of vehicle
status and driving mode. The model estimation results indicate significant differences
among the variables influencing the damage severity across two distinct subclasses.
Furthermore, partitioning the AV crash dataset into heterogeneous subsets facilitates the
identification of critical factors that remain obscured when the dataset is analysed as a

whole, such as the evening indicator.

Chapter 6 employes the structural equation modelling framework to disentangle

the direct and mediation effects of key factors on AV crash damage severities,
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considering additional point-of-interest characteristics. The results indicate direct
pathways between AV crash outcomes and multiple risk factors, such as dark with
streetlights and bus stop count. Results also reveal the impacts and influencing factors
of two mediator variables, including zebra crossing and vulnerable road user.
Additionally, the findings indicate that high-activity zones (such as medical and
recreational facilities) could generate unpredictable interactions and traffic
complexities that exceed AV predictive capacities, thus inducing more severe crash

damage outcomes.

Chapter 7 utilizes the association rule mining to uncover the combinations of
contributing factors that frequently co-occur in AV rear-end crashes. Short-term
association rules, including 2-item and 3-item rules, are identified across all AV rear-
end crashes. Furthermore, association rules for different damage severities are also
investigated. Results demonstrate that in addition to the variables extracted from AV
crash reports, supplementary building environment factors can also significantly
influence the occurrence of AV rear-end crashes. Critical factors such as two-way
without medians and stopped in traffic play pivotal roles in AV rear-end crashes,
dominating most rules. Besides, HDVs rear-end crashes that occurred within a 50-foot
radius of each AV crash and within the same time window are collected to conduct the
comparative analysis between AV and HDV rear-end crashes. The results confirm the
existence of distinct patterns, risk factors, and co-occurrence mechanisms that are
unique to AV systems under real-world conditions. Although certain environmental risk
factors such as two-way roads without median and roadside parking affect both AVs
and HDVs, the dominant association patterns for AVs concentrate more around
geometric constraints, signalization, and environmental sensing limitations, while HDV
crashes are more frequently influenced by behavioural context and land use. These
findings emphasize the importance of tailored infrastructure design and control

strategies that account for the distinct vulnerabilities of AV systems.

This thesis makes several key contributions. Methodologically, it demonstrates the
critical value of employing heterogeneity models (random parameters, latent class) and
data driven techniques to move beyond associative insights toward causal
understanding in safety science. The results highlight the importance of accounting for
unobserved heterogeneity, temporal instability, mediation effects, and built

environment factors when analysing post-crash injury/damage severity outcomes.
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Empirically, it provides comprehensive, methodologically rigorous comparisons of AV
and HDV crash patterns, identifying AV-specific risk patterns tied to the operational
design domain and interaction with the built environment. Practically, the findings offer
actionable intelligence for policymakers and engineers, advocating for context-specific
countermeasures for HDVs and highlighting the need for AV-focused infrastructure
adaptation and sensor fusion strategies to mitigate identified environmental and
interaction-based risks. Collectively, this thesis advances the theoretical and practical
framework for analysing crash severity in a transitioning mobility landscape. These
obtained insights can inform the development of evidence-based safety strategies and

targeted interventions that can contribute to a safer transportation system.
8.2 Limitations and recommendations for future research

For the driver injury severity analysis of HDV crashes, the self-selectivity problem
associated with non-random samples may exist, i.e., less safe drivers may be over-
represented in the accident data since safer drivers may avoid driving under adverse
road surface conditions considering the substantial increase in risks. It should also be
noted that severe injury crashes are a minority in the crash dataset and the imbalanced
dataset could potentially introduce bias in parameter estimation and result in inaccurate
inferences. In the future, sampling techniques such as under-sampling or over-sampling
methods can be employed to balance the number of samples across different categories.
Additionally, combining the finite element analysis software and crash test to load
impact forces in different directions can also provide a supplementary way to
comprehensively uncover the driver injury mechanism, which is beneficial to optimize
the vehicle structure, promote the development of vehicle shock absorbers, and improve

overall driver safety.

As accident dynamics and transportation practices evolve, continuous data
collection is paramount, and the machine learning model would benefit from using an
expanded dataset to devise more targeted and effective safety strategies. Besides, a
database with more detailed information on crashes should be constructed to further
provide insights into the trends and patterns of HRGC crashes. In the future, a
comparative analysis between during-COVID and post-COVID periods can also be
conducted to identify consistent patterns, emerging trends, and potential reasons for any
evolution in the impact of factors over time. Additionally, by employing additional

sensors, Internet of Things devices, and data analytics platforms, future studies could
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integrate advanced analytics with real-time road infrastructure monitoring to predict
and prevent possible real-time conflict points between vehicular traffic and trains.
Given that injury severity outcomes may vary over different regions, it is also important
to conduct future studies that take into consideration the spatial instability to gain a

more comprehensive understanding of the injury severity analysis of HDV crashes.

For the analysis of heterogeneous patterns and factor identification in AV crashes,
although this thesis attempts to extract and argument more AV crash records from the
expanding dataset, the potential statistical challenge may still exist, and it necessitates
cautious approaches to minimize bias and maximize the utility of available data.
Techniques such as Bayesian inference, which can incorporate prior knowledge and
adjust uncertainty in estimates, or machine learning models designed to deal with sparse
data, can be considered in the future to offer pathways to more robust findings. Such
methods would not only enhance theoretical interpretability of results but also support
the development of more targeted intervention strategies for improving AV safety.
Moreover, the dynamic improvement cycle of AV technology means that the causation
patterns identified currently might evolve as new iterations of software and hardware
are deployed. This constant evolution adds another layer of complexity to this research.
However, due to insufficient sample size, temporal stability was not examined in this
study, a critical aspect that should be addressed in future research with more mature
longitudinal data. Last but not least, since real-time crash data can provide more
valuable insights into the dynamic process of crash occurrences compared to the post-
hoc analysis conducted in this study, future research could aim to aggregate such real-

time data to improve the safety of automated vehicles more effectively.

By incorporating the additional layer of built environment information, this thesis
also provides a more comprehensive understanding of the factors contributing to AV
rear-end crashes and their interrelationships. Nevertheless, the current research is
limited by the long-tail effect in crash distribution. Rare but high-risk scenarios may
not have been fully captured due to the scarcity of comprehensive AV crash data. These
rare events, though infrequent, pose significant safety challenges. Besides, the
categorical representation of key variables limits the ability to capture potential
nonlinear effects in this study. Future work will prioritize collecting high-resolution
continuous data, such as traffic signal density and traffic volume, to support nonlinear

threshold analysis using advanced machine learning techniques. Also, the inherent
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complexities introduced by AVs operating in diverse environments and interacting with
human drivers, pedestrians, and other road users are not yet fully understood. The
absence of control variables such as regional traffic volume, time-of-day traffic patterns,
and local enforcement intensity (e.g., speed limit enforcement or presence of traffic
control devices) could also influence the generalizability of the current analysis. Future
studies should address these limitations by incorporating more enriched or diversified
datasets (such as naturalistic driving data or simulations) and exploring advanced
methodologies to better account for these rare and complex crash scenarios. Last but
not least, the implementation of a case-control or matched-cohort study design using a
consistent California dataset is a key direction for future research to ensure the apple-

to-apple HDV and AV crash comparison.
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