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ABSTRACT

This dissertation had three main objectives related to improving road safety by
investigating factors that contribute to injury severity in different types of single-vehicle crashes.
The first objective was to develop a generalized ordered logit model to examine factors affecting
injury severity of occupants in single-vehicle rollover crashes using 5 years of U.S. crash data
from 2012-2016. Results showed likelihood of serious/fatal injuries increased in rollovers with
occupant ejection, speeding, higher speed limits, roadside/median rollovers, undulating terrain,
blacktop surfaces, rural roads, evenings, weekdays, older drivers, lack of occupant protection,
previous driver crashes, distracted/aggressive driving, and passenger cars. Airbag deployment
reduced serious/fatal injury risk. Regional variations also impacted injury severity.

The second objective identified high-risk areas for lane departure crashes on rural North
Dakota roads using techniques like Global/Local Moran's I, network kernel density estimation
(NetKDE), and emerging hotspot analysis. While Global Moran's I indicated clustering, Local
Moran's | revealed specific hot/cold spots. NetKDE quantified and prioritized crash clusters by
density along roadways. Emerging hotspot analysis evaluated temporal patterns of hot/cold
spots. This approach can guide deployments of education, enforcement, and infrastructure
countermeasures.

The third objective used a mixed logit model to analyze factors contributing to injury
severity in single-vehicle run-off-road (ROR) crashes for passenger cars, SUVs, and pickups.
Common factors increasing injury risk were older driver age, impaired driving, no seatbelt, no
airbag, high speeds, and older vehicles. However, driver age impacts were most pronounced for

pickups. Seatbelts substantially mitigated injury severity across all vehicle classes. Passenger



cars had a higher injury risk than SUVs/pickups, especially over 75 mph. Future research should

examine additional factors stratified by vehicle class using larger datasets.
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CHAPTER 1: INTRODUCTION
1.1. Overview

In today's world, where transportation is an integral aspect of daily life, road safety stands
as an imperative concern. The significance of road safety extends far beyond mere statistics; it
resonates deeply with every individual who steps onto a road or behind the wheel of a vehicle.
From preventing crashes to preserving lives, the importance of road safety cannot be overstated.
Road traffic crashes continue to be a major public health concern worldwide, resulting in
significant loss of life, injuries, and economic burdens. Despite ongoing efforts to enhance road
safety measures, the number of crashes and their associated severity remain alarmingly high. The
consequences of traffic crashes extend far beyond the immediate impact, affecting individuals,
families, communities, and the broader society. Severe crashes not only result in fatalities and
life-altering injuries but also impose substantial economic costs on healthcare systems,
emergency services, and infrastructure maintenance.

Understanding the intricate interplay of factors that contribute to injury severity is crucial
for developing effective countermeasures and implementing targeted interventions to mitigate
these adverse outcomes. This dissertation endeavors to provide a comprehensive analysis of the
multifaceted elements that influence injury severity, including environmental factors, road
characteristics, vehicle dynamics, driver behavior, and other relevant variables. The findings of
this research have the potential to inform policymakers, transportation authorities, and
stakeholders in developing evidence-based strategies for enhancing road safety measures,
infrastructure planning, and public awareness campaigns. Ultimately, this dissertation seeks to
contribute to the broader goal of reducing the burden of traffic crashes and improving the overall

safety and well-being of road users. The breakdown of each chapter is discussed below.



1.2. Problem Statement

The discussion in paper 1 illuminates a critical problem in the current understanding of
rollover crashes. While numerous studies have concentrated on risk factors contributing to
rollovers at the state level, a critical gap exists as no study has provided insight into the
nationwide perspective. The lack of a national analysis hampers our ability to grasp the diverse
variables influencing injury severity in rollovers, resulting in a fragmented understanding. This
knowledge gap is significant as it may overlook crucial factors related to the nationwide
geographic and infrastructural differences. Consequently, the development of effective,
nationwide strategies and interventions to mitigate the impact of rollover crashes is impeded. To
address this issue, this chapter aims to bridge the gap by employing an ordered logit model to
comprehensively analyze injury severity factors in single-vehicle rollover crashes across the
entire United States, thus contributing essential insights for the formulation of informed and
effective national strategies.

In paper 2, the discussion is centered on single-vehicle lane departure crashes in North
Dakota. North Dakota faces a pressing road safety challenge with 77% of lane departure crashes
(Vision Zero, NDDOT) involving single vehicles, compounded by the predominantly rural
landscape and limited resources in financial, personnel, and infrastructure domains. Despite the
prevalence of these crashes, a comprehensive understanding of their spatial clustering is lacking,
hindering the development of effective intervention strategies. The current analyses of crash
hotspots fall short by not adequately considering the road network's configuration, potentially
leading to the misidentification of high-risk areas. Furthermore, the neglect of the temporal
dimension in existing analyses obscures dynamic patterns over time, preventing the formulation

of responsive strategies. The critical problem at hand is the imperative need for a targeted



identification approach to discern areas with elevated risks of lane departure crashes and
implement interventions that address this specific challenge in North Dakota's unique road safety
landscape.

In paper 3, the study delves into a critical problem within the literature concerning the
severity of Run-Off-Road (ROR) crashes and their contributing factors. While numerous efforts
have been made to unravel this complexity, the existing literature tends to consolidate vehicle
types into a single variable, primarily utilizing binary or dummy variables in analyses. This
oversimplified approach hinders a nuanced understanding of the factors contributing to injury
severities in ROR crashes for distinct vehicle types, including large trucks, SUVs, and passenger
cars. The homogenization of vehicle types may obscure unique risk profiles and contributory
factors inherent to each category. To address this limitation, the present study seeks to
disaggregate these vehicle types and conduct a detailed analysis to discern if and how factors
influencing injury severity vary across different vehicle categories on a global scale. This
research aims to provide a more refined understanding of the complexities associated with ROR
crashes for distinct vehicle types, thereby contributing to enhanced road safety strategies tailored
to the unique characteristics of each category.

1.3. Research Objectives
1.3.1. Paper 1: Factors Affecting Injury Severity of Single-Vehicle Rollover Crashes in The
United States

The primary inquiry centers on identifying the most influential factors in predicting
injury severity nationwide. Additionally, paper 1 aims to uncover regional variations in the
impact of these factors across different regions within the United States, recognizing the diverse

geographic landscape. An important goal is to discern not only the primary predictors but also



how their effects may differ based on regional contexts. Beyond understanding these variations,
the research seeks to draw implications for national traffic safety standards and vehicular design
regulations. By addressing these questions, the study aspires to contribute valuable insights that
can inform more effective and regionally nuanced approaches to enhance road safety standards
across the United States.

1.3.2. Paper 2: Hotspot Analysis of Single-Vehicle Lane Departure Crashes in North
Dakota

Firstly, paper 2 aims to identify discernible global hotspots that may necessitate targeted
intervention strategies, establishing a baseline understanding of crash distribution across North
Dakota. Building on this, the research aims to refine these findings by investigating more
nuanced and localized crash hotspots within North Dakota’s road network, considering the
intricacies of the transportation infrastructure. Additionally, the study strives to enhance the
analysis by integrating temporal data through the Space-Time Cube method, exploring how the
evolution of crash hotspots over time can inform the development of dynamic, time-sensitive
safety interventions. These research questions collectively form a multifaceted approach to
addressing the complexities of single-vehicle lane departure crashes, ranging from global
patterns to localized nuances and temporal dynamics.

The primary objective of this paper is to comprehensively analyze the patterns of single-
vehicle lane departure crashes in North Dakota, aiming to identify hotspot areas at higher risk
and discern temporal trends for effective safety interventions. Specific objectives include
conducting a global analysis to determine the presence and location of statistically significant
clusters of lane departure crashes across the state, and prioritizing areas for safety improvements.

Additionally, the study seeks to perform a local analysis to identify concentrated crash areas



within broader hotspots, offering a detailed local perspective for targeted safety measures.
Furthermore, the research aims to conduct a spatio-temporal analysis, exploring the temporal
variability of crash hotspots and recognizing their dynamic nature, with the ultimate goal of
proposing guidelines for time-specific interventions. This multifaceted approach ensures a
comprehensive understanding of single-vehicle lane departure crashes, incorporating global,
local, and temporal perspectives for informed and targeted safety interventions.
1.3.3. Paper 3: Investigating Factors Affecting Injury Severity of Single-Vehicle Run-off-
Road Crashes

This paper endeavors to address critical questions regarding the injury severity of single-
vehicle ROR crashes across various vehicle classes. The research questions include an
exploration of the factors contributing to injury severity in these incidents and an investigation
into how these factors differ among passenger cars, SUVSs, pickups, and large trucks. The main
objectives encompass the development of class-specific injury severity models for each vehicle
type, the identification of key factors associated with increased injury severity within each class,
and a comparative examination of similarities and differences in contributing factors across all
four vehicle classes. Ultimately, the study aims to provide comprehensive insights into both
class-specific and common factors influencing injury outcomes in single-vehicle ROR crashes,
contributing to the development of targeted road safety strategies tailored to the unique

characteristics of each vehicle class.



CHAPTER 2: FACTORS AFFECTING INJURY SEVERITY OF SINGLE-VEHICLE
ROLLOVER CRASHES IN THE UNITED STATES
2.1. Introduction
Motor vehicle (MV) crashes are a major global concern because of their socioeconomic

impacts in terms of human loss, productivity loss, and property damage. MV crashes result in
injuries that are sudden and traumatic. One of the most severe occurrences reported in MV crash
event sequences is a rollover. Rollover refers to a crash in which vehicle rotation of at least one-
quarter turn (greater than or equal to 90 degrees) occurs about the vehicle’s longitudinal or
lateral axis. Once the rolling stops, the vehicle may land on a side, upside down, or upright
(Conroy et al. 2006). Rollover crashes were found to cause more injuries and fatalities than other

crash types (Jehle, Kuebler, and Auinger 2007). Figure 1 shows different types of crash statistics.

Source: FARS, NHTSA
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Figure 1. Statistics of different crash types from 2007 to 2016 in the United States
U.S. rollover crash trends show some evidence of improvement in terms of fatality
reduction (see Figure 1). According to the National Highway Traffic Safety Administration

(NHTSA) statistics, rollovers made up only 1.7% of traffic crashes in the United States but
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accounted for 33% of all motor vehicle occupant fatalities. In addition, single-vehicle crashes
attributed nearly 60% of the total fatal traffic crash events between 2014 and 2016. A study in
New Mexico showed that rollovers accounted for only 5% of total MV crashes, but were
responsible for 35% of total fatal MV crashes and 36% of MV occupant fatalities (Chen et al.
2016).

Rollover events are complex as specific characteristics and confounding factors often
influence injury outcomes. With regard to the rollover sequence, factors including pre-roll speed
(Malliaris and DeBlois 1993), number of ground-to-roof impacts (Digges and Eigen 2004;
Parenteau, Gopal, and Viano 2001), number of quarter turns (Digges and Eigen 2004), extent of
roof crush (Cohen, Digges, and Nichols 1989), and the primary area of damage (Cohen, Digges,
and Nichols 1989) are considered to significantly contribute to rollover crash severity. The
number of quarter turns, affected by vehicle shape and deformation during the rollover, generally
increase the ejection risk for occupants (Digges and Eigen 2004). According to Richardson et al.
(2003), an increase in the number of quarter turns makes the occupant less effectively restrained.
Some researchers believe that restraint effectiveness might be affected by the direction of the roll
in relation to the occupant’s seating position. While some of these factors are granular with
regard to the rollover event, they further support the notion of a complex issue.

Discrete choice models have become common in studies of crash injuries. Traditional
statistical techniques used to model crash injury severity include the ordered probit model, binary
logit model, multinomial logit model, mixed logit model, heteroscedastic ordered logit model,
hierarchical logit model, hierarchical ordered logit model, and nested logit model. To analyze the
crash injury severity, the random-parameter logit model has been heavily utilized because it

relaxed restrictive assumptions associated with traditional discrete outcome models. For



example, Ye and Lord (2014) estimated ordered probit, mixed logit, and multinomial logit
models to highlight the benefits and limitations of discrete choice models. The authors found that
the mixed logit and multinomial logit models outperform the ordered probit model in
interpretation power. However, despite accommodating unobserved heterogeneity in the data, a
mixed logit model does not take into account the ordinal nature of injury severity outcomes. In
light of this, different extensions of ordered probit or logit models with the capability to relax
this limitation have been presented. These relatively new techniques, include the generalized
ordered logit model, generalized ordered probit model, mixed generalized ordered logit model,
spatial generalized ordered response model, random parameter ordered probit or logit model, and
random-effects generalized ordered probit model. The literature also showed some promising
statistical techniques such as the latent class model and Markov switching model that have been
used recently in the analysis of vehicle crash injury severity.

Understanding MV rollover crash risk and injuries is a complex endeavor. Influential
factors have been identified among the areas of environment, vehicle, roadway, driver, and event
sequence. Numerous studies have focused on the risk factors contributing to rollovers in
individual states. Some researchers have developed discrete choice models to identify the factors
that may affect injury severity while others have investigated injury patterns in rollover crashes.
The prevalence of rollover events in serious crashes prompts further investigation. This study
offers insight into the rollover event nomenclature at the national level. Findings may be
especially useful in promoting policies, practices, technologies, and programs to prevent future

MV rollover crash injuries from a national perspective.



2.2. Methodology
2.2.1. Data Source and Preparation

Single-vehicle rollover crash data was extracted from the Fatality Analysis Reporting
System (FARS), which is a nationwide census of yearly data regarding fatal injuries suffered in
road crashes that occurred on public roads. Crash data was parsed to include rollover events on
interstates and state highways from 2012 to 2016. The rollover crash events include both vehicle-
induced and those tripped by objects. A unique identification number was assigned to each crash
and associated occupant records were retained for the vehicle in the rollover event. The final data
set was scrutinized to eliminate missing and incomplete records with unknown values. Each
observation in the final dataset is at the occupant level. It contains information about the
characteristics of the driver, environment, and roadway. Table 1 presents the list of variables that
were included in the model development. A total of 20,735 valid single-vehicle rollover crash
occupant records from 12,082 single-vehicle crashes with rollover events comprise the final data
set. Among these records, 7,457 were single occupants, drivers only, while the remaining had
one or more passengers. The injury severity variable was used to classify occupants’ injury
outcomes into four categories: no injury (985 or 4.75%), minor injury (4,160 or 20.06%), serious
injury (2513 or 12.12%), and fatality (13077 or 63.07%). It may be noted that these injury counts
are given when a fatal rollover crash has occurred. For the analysis purpose of the data, no injury
crash outcomes and minor injury crash outcomes were collapsed into a minor or no injury (MNI)
class. This new class increased the number of observations at that level so that variability could

be reduced in developing the discrete choice models (Haleem and Abdel-Aty 2010).



Table 1. Descriptive statistics of variables included in the model development

Variable name Variable description Mean | Std. Dev.

Occupant injury severity

MNI If true = 1, otherwise = 0 0.248 0.432

Serious injury If true = 1, otherwise =0 0.121 0.326

Fatality If true = 1, otherwise =0 0.631 0.483

Crash characteristics

Ejection If_ driver or_occupants W_ere partlally or_fully 0.425 0.494

ejected during rollover = 1, otherwise =0
. If speed of vehicle was related to the crash as

Speeding related indicated by law enforcement = 1, otherwise = 0 0.489 0.499

Speed limit Posted speed limit (kph) 74.076 | 17.238

Air bag If air ba_g was avall_ablti and deployed for this 0.428 0.495
person = 1, otherwise =0

Location of rollover
If location of the trip point or start of this vehicle’s

On roadway roll was on roadway/carriageway = 1, otherwise = | 0.124 0.311
0

on shoulder If location of the trlpfomt or sta_rt ofth1s vehicle’s 0.014 0.119
roll was on shoulder = 1, otherwise =0

On If location of the trip point or start of this vehicle’s

: : . 0.021 0.128

median/separator roll was on median or separator = 1, otherwise = 0

On roadside If location of the .trlp point or start of this vehicle’s 0.841 0.375
roll was on roadside = 1, otherwise =0

Region

West If roIIover crash was occurred in the West region = 0.176 0.381
1, otherwise = 0

Southwest If rc_)IIO\_/er crash was o_ccurred in the Southwest 0.190 0.393
region =1, otherwise =0

Midwest If rc_)IIover crash was occurred in the Midwest 0.266 0.442
region =1, otherwise =0

Northeast If rgllover crash was occurred in the Northeast 0.068 0.253
region =1, otherwise =0

Southeast If rollover crash was occurred in the Southeast 0.299 0.458

region = 1, otherwise =0
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Table 1. Descriptive statistics of variables included in the model development (continued)

Variable name Variable description Mean | Std. Dev.
Roadway information

Roadway grade If roadway grade was level = 1, otherwise =0 0.620 0.485

Rgadway If roadway alignment was straight = 1, otherwise 0.552 0.497

alignment =0
If roadway surface type was blacktop or

Pavement type bituminous or asphalt = 1, otherwise = 0 0.634 0.482

Number of lanes If number of travel Iar_les in each direction was two 0.980 0.137
or greater = 1, otherwise = 0

. If two opposing traffic flows were separated by

Traffic way median barrier (1 = Present, 0 = Not present) 0.063 0.244

Road_V\_/ay surface | If roadwa_y su_rface was wet at the time of crash = 0.123 0.329

condition 1, otherwise = 0

Rural/urban 1 if rural, otherwise 0 0.735 0.452

Environmental information

Day of week If crash occurred on weekend = 1, otherwise =0 0.419 0.493

Weather |:f(l)t was raining at the time of crash = 1, otherwise 0.054 0.225

Time of crash

Daytime I_fcrash occ_urre_d during daytime (0900 hr-1600hr) 0.347 0.475
=1, otherwise =0

Evening I_fcrash occ_urre_d during evening (1700 hr-0000hr) 0.234 0.416
=1, otherwise = 0

- If crash occurred during midnight/early morning
Midnight (0100 hr-0800hr) = 1, otherwise = 0 0418 | 0491
Lighting conditions
. If lighting at the time of crash occurrence was

Daylight daylight = 1, otherwise =0 0.398 0.488

Dawn/dusk If lighting at the time of crash occurrence was 0.043 0.202
dawn or dusk = 1, otherwise =0

. If lighting at the time of crash occurrence was dark
Dark, lighted but lighted = 1, otherwise = 0 0.108 0.310
: If lighting at the time of crash occurrence was dark
Dark, not lighted but not lighted = 1, otherwise = 0 0.446 0.497
Driver information
Driver age Age of driver 36.312 | 16.867
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Table 1. Descriptive statistics of variables included in the model development (continued)

Variable name Variable description Mean | Std. Dev.
Driver gender Gender of driver (1 if male, otherwise 0) 0.789 0.408
Alcohol/drugs If drlver_was under _the_mfluence of drug or 0.583 0.493
alcohol = 1, otherwise = 0
Seatbelt If seatb_elt was used by driver or occupants =1, 0.286 0.452
otherwise =0
Previous speed If driver has any speeding convictions within three
N . 0.186 0.389
violation years of the crash date = 1, otherwise =0
Previous crash If driver has any crash rec_ord within three years of 0.131 0.338
the crash date = 1, otherwise = 0
If driver has any DWI (driving while intoxicated
Previous DWI or impaired) convictions within three years of the | 0.065 0.246
crash date = 1, otherwise = 0
Driver distraction/error before the crash
N_o _ |_de’IVEI’ had no distraction or error = 1, otherwise 0.594 0.491
distraction/error =0
Careless/inattentive I:f(()jrlver was careless or inattentive = 1, otherwise 0.054 0.225
Cellphone If driver was using cellphone = 1, otherwise = 0 0.035 0.121
Eating/drinking If driver was eating or drinking = 1, otherwise =0 | 0.001 0.036
Outside If driver was distracted by any outside event or
: . : 0.003 0.057
event/object/person | object or person etc. = 1, otherwise =0
Other If driver was distracted by other occupants in
occupants/moving | vehicle or by a moving object in vehicle = 1, 0.008 0.091
object otherwise =0
Aggressive driving If driver vv_as aggresswel;idrlvmg or expressing 0.028 0.134
road rage = 1, otherwise =0
Overloading If vehicle was overloaded = 1, otherwise = 0 0.003 0.053
Vehicle information
Vehicle age vaehlc?le imodel year is after 2000 = 1, 0.667 0.471
otherwise =0
Towing If vehlc?le v_vas towed or pushed improperly = 1, 0.001 0.025
otherwise =0
Tire defect If vehicle had a tire defect = 1, otherwise = 0 0.002 0.047
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Table 1. Descriptive statistics of variables included in the model development (continued)

Variable name Variable description Mean | Std. Dev.
Vehicle type

Passenger car If vehicle is a passenger car = 1, otherwise = 0 0.377 0.484
SUV (I)f vehicle is a sport utility vehicle = 1, otherwise = 0.312 0.429
Pickup If vehicle is a pickup or van= 1, otherwise = 0 0.283 0.450

. If vehicle is a medium truck (Gross Vehicle
Medium truck Weight Rating < 4535.924 kg) = 1, otherwise =0 0013 0.112
If vehicle is a heavy truck or bus (Gross Vehicle
Heavy truck Weight Rating > 4535.924 kg) = 1, otherwise =0 0.014 0.117

2.3. Model Development

Crash severity is typically measured by the highest level of occupant injury. These
measurements represent the “level of severity” on an ordinal scale so ordered discrete choice
models are usually applied. Ordered discrete outcome models, however, possess an important
basic assumption of proportional odds (Quddus, Wang, and Ison 2009; Long 1997). Parameter
estimates remain consistent across all severity levels under this assumption. The Brant test is
used to test the violation of this assumption. In case of violation, a simple ordered probit or logit
model produces spurious results so a different model should be used. One alternative is the
generalized ordered logit model which relaxes the parallel regression assumption while
accounting for the ordinal nature of injury severity. This model diverges from the traditional
ordered logit model in that the coefficients of the variable are free to vary across severity levels.

The generalized ordered logit model is given as follows:

N exp(BiXn—i) .
P(y>i)= T exp (Bl—sD] (Equation 1)

where Bi is a px1 vector of regression coefficients for p explanatory variables, X, is a px1

vector of explanatory variables, and i and pi-1 are the upper and lower bounds for injury

13



category i. Sometimes, only a subset of variables violates the proportional odds assumption by
varying across outcomes. In such a case, the model is referred to as the partial proportional odds
model that uses the maximum likelihood estimation technique to estimate the parameters. It can

be written as follows:

N exp(B1iX1+B2X2— i)
P(y > l) T [1+exp(B1iX1+B2Xa— )]

(Equation 2)
where 1 can vary across different injury severity levels and 2 remains consistent across
each injury severity level i. It has been widely used in the area of road safety.

Various factors regarding crash characteristics, roadway attributes, environment, driver,
and vehicle were considered to describe the variation in crash injury severity. The software,
SAS® 9.4, was used to estimate the model parameters. The software uses the Akaike information
criterion (AIC) and Schwarz criterion (SC) to test the model fit. Fitting was done to produce a
robust and parsimonious model. In both methods, a smaller criterion statistic indicates a better
model fit.

2.4. Results

The generalized ordered logit model quantifies the effects of various factors on injury
severity outcomes for occupants in single-vehicle rollover crashes. Results of the model for
serious and fatal injury are presented in Table 2 and Table 3, respectively development. The AIC

and SC statistics for the intercept only and fitted model show that predictor variables contribute

significantly to understanding rollover event injury outcomes.
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Table 2. Results of generalized ordered logit model for serious injury in single-vehicle rollover

crashes
Variables Coefficient | Odds ratio | Variables Coefficient | Odds ratio
o * 3.81 No seatbelt o 1.33
Ejection 1.92% 1 (3.03,4.90) | (Seatbelt use) 0.27 (1.09, 1.72)
On median (On 0.76%%* éﬂ On roadside (On 0.47* 1.59
roadway) ' 4 '10)’ roadway) ' (1.14, 2.28)
Roadway grade . 1.20 . * 1.02
(Undulating) 0.18 (0.98, 1.47) | Driverage 0.02 (1.01, 1.03)
: . 1.36 Outside event ko 2.84
Speeding related | 0.30 (1.10, 1.68) | (No error) 1.04 (1.18, 4.98)
Aggressive 0.46%** 1.58 Air bag (No air -0.56* 1.75
driving (No error) ' (1.08, 2.72) | bag) ' (1.07, 3.28)
SUV (Passenger .0.30% 0.73 Pickup -0.50% 0.55
car) ' (0.57,0.93) | (Passenger car) ' (0.43,0.71)
Southwest 0.46%%* 1.58 Midwest 0.43%* 1.54
(Northeast) ' (1.01, 2.50) | (Northeast) ' (1.06, 2.63)
Ejection x .
Seatbelt 0.83
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Table 3. Results of generalized ordered logit model for fatal injury in single-vehicle rollover

crashes
Variables Coefficient | Odds ratio | Variables Coefficient | Odds ratio
o « 9.92 No seatbelt * 1.92
Ejection 2.19 (9.12, 11.34) | (Seatbeltuse) | 997 | (162 2.17)
On roadside (On 0.44% 1.49 ;Z%‘lway 025 1.28
roadway) (1.12, 1.96) (Undulating) (1.12, 1.48)
Pavement type 0.20%* 1.22 Rural/urban 0.14%* 0.87
(Rigid pavement) ' (1.09, 1.44) | (Urban) ' (0.73, 0.98)
Day of week L0.15%* 0.86 Evening 0.23%% 1.44
(Weekday) ' (0.74,0.97) | (Daytime) ' (1.27, 1.59)
Midnight L0.93%** 0.79 Dawn/dusk 0.19%** 1.39
(Daytime) ' (0.67,0.93) | (Daylight) ' (1.06, 1.96)
. - 1.056 Speeding Y. 1.10
Driver age 0.05 (1.05, 1.061) | related 0.02%* 1 (1 01, 1.19)
Previous
o o 1.01 crash (No ok 1.36
Speed limit 0.02 (1.001, 1.02) | previous crash | -3 (1.10, 1.68)
record)
: . Other
Careless/inattentive x 0.72 * 0.77
(No error) 0.32 (0.59, 0.87) gfﬁ)‘ﬂ;’a”ts (No | 262" | (51 0.98)
Vehicle age i
. 1.39 Air bag (No 1.57
(Vehicle model -0.14%** . -0.45*
before 2000) (1.01, 2.13) | air bag) (1.02, 3.06)
Pickup
SUV (Passenger 0 A% 0.66 N 0% 0.61
car) 0.41 (0.55, 0.78) gf;senger 0.49% | 052, 0.72)
Southwest 0.39%* 1.47 Midwest 0.38%* 1.38
(Northeast) ' (1.08, 2.02) | (Northeast) ' (1.10, 1.96)
Ejection x Speed 0.0 %%

limit

Note: Coefficient of Intercept for Serious injury = -0.985** and Coefficient of Intercept for Fatality = -

0.897**

Number of observations = 20,735
AIC (Intercept only) = 12200.74 and AIC (Intercept and covariates) = 10183.35

SC (Intercept only) = 12215.26 and SC (Intercept and covariates) = 10894.62
Parenthesis contains the “reference category” for variables and the “95% confidence interval” for odds

ratio. The reference category for injury severity is “MNI”.

*Significant at 0.01 significance level; **Significant at 0.05 significance level; ***Significant at 0.10

significance level.
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The model results also showed a significant two-way interaction term between
occupant’s ejection and speed limit. Figure 2 shows predicted probabilities for injury severity of

occupant’s ejection against speed limit while considering the reference categories for remaining

predictors.
Predicted Probabilities for injury
With 95% Confidence Limits
eject=0 eject=1
1.0 -
0.8 -

0.6 1

Probability

0.4 e

0.0 1 s s s

speed_limit

injury i =

Figure 2. Predicted probabilities for injury severity of occupant’s ejection versus speed limit
Note: 0 = MNI, 1 = Serious injury and 2 = Fatality

The other significant two-way interaction term was between occupant’s ejection and

seatbelt use. Predicted probabilities for injury severity of occupant’s ejection against seatbelt use

are shown in Figure 3.
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Figure 3. Predicted probabilities for injury severity of occupant’s ejection versus seatbelt use
Note: 0 = MNI, 1 = Serious injury and 2 = Fatality

2.5. Discussion

The model results showed that the ejection (both partial and complete) of an occupant
during a rollover was more likely to result in serious and fatal injuries while considering the use
of a seatbelt. The odds of sustaining a fatal injury in a rollover crash for a partially or fully
ejected occupant were almost 10 times as large as that for an unejected occupant. This finding is
intuitive because the impact of partial and complete ejection on the risk of serious and fatal
injury overshadows the influence of all other factors. The ejected occupant is at high risk of
serious injury from striking the ground or being crushed during a rollover. This finding is
consistent with previous research conducted by Funk et al. (2012) which states that completely
ejected occupants are 20 times and 91 times more likely to be seriously injured or die,

respectively, than those not ejected.
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Seatbelt use was found to have a significant influence on the injury outcomes in rollover
crashes. Occupants not using a seatbelt were twice as likely to suffer serious and fatal injuries.
This result is intuitive and consistent with previous studies (Yasmin, Eluru, and Pinjari 2015).
Since there is a correlation between seatbelt use and ejection, the risk of partial and complete
ejection during a rollover is reduced due to seatbelt use. Hence, the possibility of sustaining
serious and fatal injuries is also reduced.

Regarding the injury severity related to the initial location in a rollover, serious injuries
were likely to be observed in crashes where the vehicle rollover began at the median or
separator. Similarly, rollovers that began on the roadside also were likely to result in serious and
fatal injuries. It is common for rollover crashes to occur off the roadway where the vehicle is
more likely to strike barriers or fixed objects and result in serious injuries. The crash could be a
tripped rollover, which occurs when a vehicle slides sideways upon leaving the roadway and its
tires dig into soft soil or strike an object such as a guardrail or curb. NHTSA statistics show that
95% of single-vehicle rollovers are the tripped type. Also, the downward steep slope of the
roadside will often move the vehicle’s center of gravity outboards resulting in a rollover.

The flat or level terrain indicator was less likely to be associated with fatal injury than
undulating terrain. These results are similar to findings in previous studies (Malliaris and
DeBlois 1993). The type of pavement surface was also associated with rollover crash likelihood.
A fatal injury was more likely on a blacktop or bituminous road but exposure may explain it.
Blacktop is the most common surface for U.S. highways. With regard to land use, urban areas
were less likely to experience fatal rollovers than rural areas. Higher posted speed limits, less

traffic control, longer emergency response times, less prevalent enforcement, and less forgiving
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road design are typically associated with rural settings compared to urban settings. All of these
characteristics are likely to be associated with a greater risk of fatal rollover crashes.

Fatal rollover crashes were more likely on weekdays, which may be associated with
higher traffic volume during the work week. Time of the day was also associated with rollover
injury severity. A greater likelihood of fatal rollover crashes was during the evening. Fatigued
driving during evening hours and less late night traffic may explain these findings. Lighting
conditions also affected the injury severity of rollovers. Crashes occurring at dawn or dusk were
more likely to result in fatal injuries. This finding corresponds to the previous result. This
increased risk may be attributed to poor lighting conditions at sunset and sunrise or to low-angle
sunlight shining directly into drivers’ eyes. In addition, less contrast in colors, reduction in
natural light, and less effectiveness of vehicle headlights during sunset and sunrise may also
affect drivers’ vision.

The relationship between vehicle speed and rollover crashes was also significant as
higher speeds are more likely to be associated with serious injuries. Speeding behavior, as
indicated by law enforcement, includes racing, exceeding the speed limit, and speeding too fast
for conditions. This finding could explain the greater number of quarter turns after rollover
initiation and the likely greater vehicle rotation rate. Both turn and rotation factors have been
associated with greater injury severity (Conroy et al. 2006). This finding supports education and
enforcement programs that encourage drivers to obey speed limits. Similarly, the speed limit has
a significant impact on injury severity. Higher posted speed limits tend to be associated with
more serious and fatal injury outcomes compared to lower speed limits. In case of rollover
occurrence at higher speed limits, the likelihood of occupant’s partial or complete ejection

increases. A similar finding can be found in a study conducted by Keall and Newstead (2009).

20



They showed that the risk of rollover crashes in areas with higher posted speed limits is higher
than in other areas.

Previous crash involvement for the driver was associated with an increased likelihood of
a fatal injury outcome. The use of this explanatory variable is relatively new in rollover injury
severity modeling because it was recently added to the national dataset. This finding requires
further investigation because of the key role of drivers in single-vehicle rollover crashes. The
possible classification of previous crash types for the driver might help in understanding which
behavior provides an opportunity for preemptive intervention.

The odds of sustaining a serious injury in a rollover crash for a driver distracted by an
outside event or object were almost three times greater than the odds for an attentive driver.
Similarly, driver interaction with passengers was more likely to result in fatal injury. Both
findings related to driver distraction are consistent with previous work (Braitman and Braitman
2017). Talking with passengers is among the most commonly reported distractions. Aggressive
driving also was significantly related to serious injury outcomes, a piece of additional evidence
that driver behavior plays a significant role in injury outcomes. However, the nature of FARS
data might be biased toward serious crashes because it is difficult for the driver to explain the
surrounding circumstances.

Vehicle age significantly influenced injury severity in rollover crashes. Vehicle models
manufactured before 2000 were more likely to result in fatal injuries compared to newer
vehicles. Implementation of Federal Motor Vehicle Safety Standards and safety technologies
including electronic stability control, roof strength, and advanced air bags have played a
significant role in improving the overall crashworthiness of vehicles. Federal legislation made

air bags mandatory for all cars and light vehicle trucks in 1998. The rule by FMVSS in 2000 to
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improve the design of air bags to reduce the risk of airbag-induced injuries has been effective in
reducing crash injuries.

SUVs and pickups were less likely to be associated with serious and fatal rollover
injuries. Although light trucks such as pickups and SUVs are more likely to roll over because
they have a higher center of gravity and are less stable than passenger cars, they also protect
occupants during rollovers because of their greater mass and crashworthiness (Khattak and
Rocha 2003). Khattak and Rocha (2003) stated that SUVs reduce injury severity in rollover
crashes because the protection they offer dwarfs any injurious effects. A region variable was
used to capture geographic differences in rollover injury outcomes. Compared to the Northeast,
rollover crashes in the Southwest and Midwest were more likely to result in serious and fatal

injuries. The West and Southeast did not differ significantly from the Northeast.

Single-vehicle rollover crashes in US -
Rollover crasnes Southwest west [ midwest [l Nortneast [l Southeast

Figure 4. Single-vehicle rollover crashes in the United States from 2012 to 2016
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This finding can be attributed to several reasons. The average posted speed limits on both
rural and urban interstates are 116 kph, 110 kph, and 102 kph in Southwest, Midwest, and
Northeast, respectively. The regional variations in posted speed limits might affect injury
severity because the speed limit is associated with rollover crash injury severity as discussed
earlier. The other differences among regions that affect rollover crash injury severity might
include driving characteristics, topography, and driving laws. Also, inconsistencies among states
for reporting rollover crash data by law enforcement cannot be overlooked. To this end, further
investigation of variations among states is warranted. Figure 4 shows the spatial dispersion of
single-vehicle rollover crashes in different regions of the US from 2012 to 2016.

The model results also showed a significant two-way interaction term between
occupant’s ejection and speed limit. For an unejected occupant, the likelihood of fatal injury
increases with a higher speed limit. On the other hand, at all speed limits, the probability of fatal
injury for ejected occupant is much higher than serious injury. The other significant two-way
interaction term was between occupant’s ejection and seatbelt use. The results indicate that
seatbelt use decreased the likelihood of fatal injury for an unejected occupant.

To summarize the discussion, a generalized ordered logit model was developed to study
the injury severity of occupants in single-vehicle rollover crashes. Increased likelihood of serious
and fatal injuries in rollovers is associated with occupant ejection, speeding, higher posted speed
limits, roadside and median rollovers, undulating terrain, rural roads, evening, not using seat
belts, previous driver crash, and careless driving. Air bags reduce the likelihood of severe injury.
In addition, the study showed regions vary with regard to injury severity risk. Findings suggest

countermeasures that may reduce the injury severity of single-vehicle rollover crashes include
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seatbelt use, lower speed limits and heightened speed enforcement in high-risk areas, flattening
roadside embankments, and in-vehicle stability-enhancement systems.

Efforts to promote the use of seatbelts as the first line of defense against rollover injuries
need to be continued. Crashworthiness vehicle fleet will improve safety as older vehicles are
replaced. The behavioral characteristics of drivers, such as those with a history of unsafe driving,
could be targeted in education campaigns, policy decisions, and community awareness activities.
Additional studies into the effect of driver education, behavior, and experience related to rollover
crash events may also be useful in developing and deploying effective countermeasures.

A limitation of this study is that the fatal crash event scope may bias the results in terms
of generalizing findings for other injury levels. Also, the scope of national and state highways
may limit the transferability of findings to highly rural areas. Moreover, rollover crashes that
include multiple occupants would include a range of injury levels, yet all of the crash, vehicle,
and environmental factors would be identical. The study also did not account for multiple
occupant effects.
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CHAPTER 3: HOTSPOT ANALYSIS OF SINGLE-VEHICLE LANE DEPARTURE
CRASHES IN NORTH DAKOTA
3.1. Introduction

Lane departure crashes are a primary concern in the United States. The Federal Highway
Administration (FHWA, 2021), defines a lane departure crash a one that occurs after a motor
vehicle crosses a center line or an edge line, or otherwise leaves a roadway. From the driver’s
perspective, four components factor into these complex crashes: human error, vehicle component
failure, roadway condition, and collision avoidance. About 51% of all U.S. traffic fatalities were
attributed to lane departure crashes from 2016 to 2018 (FHWA, 2021). These crashes tend to be
grievous, mostly occurring at relatively high speeds.

The rural lane departure crash is the most common type of fatal traffic crash in North
Dakota. Nearly 90% of fatal lane departure crashes between 2015 and 2019 occurred on rural
roads (Vision Zero, NDDOT). In addition, 77% of these crashes involved a single-vehicle. The
two most common harmful events in single-vehicle fatal lane departure crashes were
rollover/overturning (77%) and collision with fixed objects (11%). Figure 5 shows that single-
vehicle lane departure crashes in North Dakota remain prevalent. The extensive rural road
network and episodic crash event nature isan impediment to substantial improvement for rural
roads. Moreover, these roads are often managed by local agencies that have limited resources
and inadequate technical skills for safety analysis. This lack of analysis presents a challenge in
determining where to apply lane departure countermeasures to effectively reduce fatalities and

injuries.
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Figure 5. Crash statistics of single-vehicle lane departure crashes in ND from 2016 — 2020

Thus, tools to detect high-risk locations and ultimately deploy appropriate strategies are
essential in moving traffic crash trends downward. Visual identification tools are evolving as a
crucial technique. Hotspots, or crash-prone locations, are areas having clusters of relatively high-
crash concentrations. Detecting these hotspots provides an opportunity to be more granular in
studying and addressing crash causes. Refined knowledge is used to allocate limited resources
more efficiently by prioritizing high-risk locations. The objective here was to unveil single-
vehicle lane departure hotspot areas that are at a higher-risk for crashes across the state’s rural
road system.
3.2. Literature Review

It is important to examine crash locations and time in dispersal. One can then prioritize
locations based on attribute clusters. Inherent geographical qualities increase the chance of a
crash occurrence at certain locations. In other words, traffic crashes do not take place randomly.
The tendency of crashes to be concentrated at given locations can be explained by factors such as

land use, socio-economic parameters, and geometric design. Hotspots or black spots refer to
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high-concentration crash location clusters. The systematic strategy of crash hotspots is
commonly used to identify crash-prone locations, establish ranking, reveal causation, and
determine countermeasures on identified locations (Moons, Brijs, and Wets 2009; Dereli and
Erdogan 2017). The primary purpose of hotspot analysis is to give decisionmakers network
insight into the select and deployment of safety measure(s) for crash prevention (L. Li, Zhu, and
Sui 2007; Anderson 2009; Vemulapalli et al. 2017; Xie and Yan 2013).

One way to conduct hotspot analysis is to identify locations by simply observing crash
location maps. However, the results are subjective, providing weak support for decisions. Two
empirical techniques have emerged in robust hotspot analysis for crash prevention. The first uses
traditional statistical methods such as regression models (Vogt and Bared 1998; Zhang and lvan
2005), empirical Bayesian (Elvik 2008; W. Cheng and Washington 2005), and full Bayesian
(Sacchi, Sayed, and El-Basyouny 2015; Huang, Chin, and Haque 2009) for model-based
analysis. The second technique is based on geostatistical analysis such as the spatial
autocorrelation method (Getis and Ord 1992; Ord and Getis 1995; Moran 1950; Anselin 1995) or
density estimation method (Sabel et al. 2005; Erdogan et al. 2008; Kaygisiz et al. 2015; Kuo,
Zeng, and Lord 2012).

Generally, hotspot analysis based on a geostatistical approach is preferred. This approach
requires less complex data and uses straightforward computation, unlike traditional statistical
methods (Thakali, Kwon, and Fu 2015). In addition, the geostatistical method provides a visual
representation of results, incorporating spatial factors to detect location-specific influences on
crash occurrence (Mitra 2008). The Density estimation method is most commonly used in crash
pattern detection, but it analyzes the crash location with no consideration for attributes. On the

other hand, advanced approaches, like the spatial autocorrelation method, account for location as
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well as crash attributes. Hence, the underlying concept of spatial autocorrelation is associated
with interdependence of a particular attribute over space.

Two categories of spatial autocorrelation are 1) global spatial analysis and 2) local spatial
analysis. Global spatial analysis measures and tests the overall spatial phenomenon and identifies
if the feature pattern is clustered, dispersed, or randomly distributed in space with respect to their
attribute values (Getis and Ord 1992; Moran 1950). Local spatial analysis measures the level of
spatial association at the local scale (Ord and Getis 1995; Anselin 1995; Moons, Brijs, and Wets
2009). It is preferred over global spatial analysis for crash hotspot identification because local
spatial patterns are undetectable when generalized for a large area (Songchitruksa and Zeng
2010). Hence, local spatial analysis is used mostly for analyzing crash hotspots to capture
regional heterogeneity across the study area.

The two most common approaches in local spatial analysis are local Moran’s I (Anselin
1995; Dezman et al. 2016; Moons, Brijs, and Wets 2009) and Getis-Ord Gi* (Ord and Getis
1995; Zubaidi et al. 2021; Hazaymeh et al. 2022). The local Moran’s I has the ability to identify
local clusters but cannot differentiate the high-valued from low-valued clusters. This limitation
was overcome by the Gi* spatial statistic approach that distinguishes low- and high-valued
clusters (Ord and Getis 1995; Getis and Ord 1992; Chance Scott, Sen Roy, and Prasad 2016).
Another approach for hotspot analysis is the space-time cube (STC) analysis (Z. Cheng, Zu, and
Lu 2018; Kveladze, Kraak, and van Elzakker 2013). STC is a 3D visual representation of a
geographical phenomenon such that the horizontal plane of the cube (x and y) represents space
and the vertical axis represents time (Kveladze, Kraak, and van Elzakker 2013). This approach
can show spatial patterns, spatial relationships, and changes over time. Various studies have used

3D visualizations for analysis of a wide array of spatial datasets such as atmospheric pollution,
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crime, crashes, and diseases (Demsar and Virrantaus 2010; Fang and Lu 2011; Nakaya and Yano
2010; Sadler et al. 2017; Yoon and Lee 2021; Kang, Cho, and Son 2018; Purwanto et al. 2021).
According to Kveladze et al. (Kveladze et al. 2018), understanding the underlying
meaning of complex spatiotemporal data is difficult for users. However, spatial aggregation
techniques, especially point-based data, can provide a solution. The integration of hotspots with
STC is referred to as emerging hotspot analysis. Both techniques are integral in deploying crash
cluster decision tools. Ample literature on the use of all these methods for spatial analysis with
crash detection is available but few studies have considered crash severity when identifying
crash hotspots. The objective here was to apply hotspot techniques to distinguish crash clusters
across the road network based on injury severity. Stakeholders can use results in data-driven

decisions to prioritize locations and strategies for preventing lane departure crashes.

3.3. Scope and Data

A total of 19,162 records for motor vehicle crashes that occurred on rural roads from
2016 to 2020 were collected from the state of ND. At least three years of crash data is needed to
effectively conduct spatial analysis (W. Cheng and Washington 2005). Information regarding
spatial location, crash, driver, vehicle, and geometrical characteristics was collected. Records
were parsed to capture single-vehicle lane departure crashes on rural roads. Subsequently, rural
road functional classes such as minor arterial, major collector, minor collector, and local roads
were retained. This data deduction process resulted in a total of 3,878 single-vehicle lane
departure crashes that occurred on local roads. Table 4 shows the crash characteristics of the

data.
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Table 4. Crash characteristics of the data

Variable name Description Crash severity
PDO Minor injury Seriom_Js_and fatal
injury
functional Minor arterial 374 220 18
chlzzgi ﬁl:;;t(l)?]na Major collector 679 533 48
Local 1274 686 46
Yes 1539 773 16
Seatbelt use No 129 423 87
Unknown 659 243 9
Male 1587 1079 89
Driver gender Female 555 354 23
Unknown 185 6 0
Speeding/too fast | Yes 846 644 38
for conditions No 1481 795 74
Driver average 34 35 42
age
Total crashes 3878

Four categories were differentiated, property damage only, minor injury, serious injury,
and fatal injury, for a spectrum of less- to more severe crash outcomes, respectively. The crash
frequency with serious and fatal injury categories was limited, so these categories were merged.
The transformed data contained three severity levels: 2,418 property damage crashes, 1,075
minor injury crashes, and 385 serious or fatal injury crashes. A roadway network layer was
created based on the geographic coordinate system and was projected in metric linear units. All
the crashes with latitude and longitude were projected on the roadway network. SAS software
9.4 was used to clean and prepare the data. ArcMap 10.4, SANET, and ArcScene 10.4 were used
for analysis and visualization
3.4. Methodology

Spatial statistical methods were applied to analyze single-vehicle lane departure crashes
to reveal black zone areas. Both global and local spatial analyses were used to determine
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significant clusters. For each crash location and the surrounding crashes, the spatial
autocorrelation was performed using the linear spatial weight matrix. Approaches are described
in the following sub-sections.
3.4.1. Global Spatial Autocorrelation

The spatial autocorrelation known as Global Moran’s I detects general spatial patterns by
considering both the location and feature values. Accounting for a set of features and related
attributes, this approach examines if the pattern is clustered, random, or dispersed.
Mathematically, Global Moran’s I can be expressed as follows:

nyr ¥ Wii(xi—%)(xi—%) _
[ = == ]SZJ; (l)](i_;_() ! Vi=1,..,nAV;= 1,..,n (Equation 3)
1=1

Where x; is the value of the feature on location i, x is the feature mean, n is equal to the

total number of locations, w;; is the spatial weight representing connectivity relationships
between features i and j, and S, is the sum of all spatial weights.
SO = ?:1 Z?:l Wl] (Equatlon 4)

The results from the Global Moran’s I statistics are interpreted with respect to its null
hypothesis which states that among the features, an attribute is randomly distributed in the study
area. The statistical significance of this test is calculated from the Z score assuming normal
distribution with mean and variance equal to zero and one respectively. A positive Z score
implies that the feature is surrounded by similar values. A negative Z score shows that the
neighboring features have different values (Ord and Getis 1995; Getis and Ord 1992).

3.4.2. Local Spatial Autocorrelation
The local Moran’s I index is used to identify local clusters and local spatial outliers of

crashes in the study area. It can be written as follows:
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0-2
Where I; is the local Moran’s I coefficient, z; is the value of the feature on location i, Z is
the feature mean, z; is the value at all other locations such that j # i, and o is the variance of z.

A high positive value of the local Moran’s I index indicates that the location under study is
surrounded by features with similar values i.e. presence of a spatial cluster. On the other hand, a
high negative value of local Moran’s Index shows the presence of spatial outliers i.e. the site
under study is surrounded by features with different values. Local Moran’s index generates four
types of results: 1) high-high clusters — high values surrounded by a high-value neighbored, 2)
low-low clusters - low values surrounded by a low-value neighbored, 3) high-low outlier — a high
value surrounded by low-value neighbored, and 4) low-high outlier — a low value surrounded by
high-value neighbored. Note that high-high clusters are considered to be crash hotspots while
high-low outliers are considered to be isolated individual hotspots.

Another approach for local spatial autocorrelation is based on Getis-Ord Gi* statistics.
This method distinguishes between the areas of high and low value concentration on the local
scale. It determines high or low corresponding values by comparing each feature with its
neighboring features. For a location to be considered as a hotspot, both the feature itself as well
as the features surrounding it should have high attribute values. In ArcMap, the hotspot analysis
tool uses this statistic to determine a significant red/blue spot based on neighbors’ feature values.

The following equation shows the general form of G;,

o x;
Z?:lwijxi—< - ])XZ?=1WU
G = (Equation 6)
JZ?=1x§—z;.l=1xj ><jn27=1wlzf‘@7=1wl'j>2

n n-—1
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Where G;" is a statistic which describes the spatial dependency of feature i and x; is an

attribute value of j feature in the neighborhood. The G;* statistic represents the value of a target
feature in the form of a z-score. Features with a significant positive z-score indicate that
neighboring values are similar while those with negative z-scores imply that nearby values are
dissimilar. The size of the z-score in either direction of association shows the magnitude of
clustering. In other words, a higher positive or a smaller negative z-score represents a cluster
concentration for each corresponding feature. A suitable calculation of the spatial relationship
between features is integral for local spatial autocorrelation analysis (O’Sullivan and Unwin
2010). Some different approaches available for spatial relationships include fixed distance band,
inverse distance, K nearest neighbors, and space-time window. Previous research shows that the
fixed distance band approach is preferred for analyzing point datasets (Mitchell 2021). This
study used a fixed distance band because the study was analyzing crashes.

The degree of spatial autocorrelation changes according to distance bands because of
unique groups of neighbors. Knowing the precise nature of spatial crash patterns at a specific
location is a complex phenomenon. Alternatively, previous research suggests using the optimum
distance value that establishes the maximized spatial autocorrelation (Mitchell 2021; Maingi et
al. 2012). Clustering patterns of crashes will be more evident when the distance used in
calculation provides an enlarged degree of spatial autocorrelation across the area of interest. For
this purpose, a tool known as incremental spatial autocorrelation in ArcMap measures the
variation in spatial autocorrelation as the distance bandwidths change. For a set of increasing
distances, it produces several z-scores related to corresponding Moran’s 1. At a critical distance
bandwidth, a peaked z-score shows spatial autocorrelation which forms the most prominent

clusters (Mitchell 2021; Maingi et al. 2012). But before using incremental spatial
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autocorrelation, the question of what starting distance should be used arises. A good starting
distance would be the distance at which any given point has at least one neighbor. For this, a tool
in ArcMap known as “calculate distance band from neighbor count” was used. Crashes were
used as input features with neighbors equal to one in order to calculate the average distance.
3.4.3. Network Kernel Density Estimation

There is another non-parametric approach for hotspot analysis known as kernel density
estimation (KDE). This method provides a high-quality visual representation of density estimates
from observed data. It is known as KDE because a circular area (the kernel) of defined
bandwidth is created around each point at which the indicator is observed. Figure 6 shows a 2D
visualization of the kernel density estimation method. For each point, an individual kernel or
molehill is created in the form of a smooth and continuous-density surface. Then, for a given
cell, all overlapping density surfaces are added together to obtain a big mountain or kernel

density estimate. In Figure 6, q represents individual points (crashes), K, (p) is a network kernel

density function at g, and K (p) is a network kernel density estimator.

KQ(p) K(p)

LREX SN,

q p

(a) (b)

Figure 6. Kernel density estimation procedure on a line segment: (a) molehills or kernels (b) a
big mountain or kernel density estimate (source: (Okabe and Sugihara 2012)
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Conceptually, a road crash does not occur at an exact point location but occupies and affects
some length along the roadway. The use of points ignores the impact on the nearby roadway by
simplifying the dimension. The uncertainty created by the crash logging process is not
considered. On the contrary, characterizing a crash as a spatial event that possesses a spread of
risk is more appropriate. The spread of risk is defined as the neighboring area around a crash
location where the likelihood for a crash to occur differs depending on how close areas are to the
crash (Anderson 2009). Previous research shows that the surface-based density estimation may
not be suitable for characterizing crash locations occurring on the roadway network (Okabe and
Sugihara 2012; Steenberghen, Aerts, and Thomas 2010; Xie and Yan 2013). Network kernel
density estimation (NetKDE) is an improved approach to avoid under- or over-estimation issues

of the planar KDE technique for the road crash data. The NetKDE can be expressed as follows:

AGs) = By -k () (Equation 7)

r

Where A(s) is the NetKDE at location s, r is the search radius of KDE, and k (%) is the

weight of point i at location d;, to location s. The kernel function, k provides information on the
distance decay effect between two points as they get farther from each other. As the distance of a
point increases from location s, the effect of the point will also decrease for overall density
estimation (Xie and Yan 2008). There are various types of kernel functions but their selection
has little effect on both local and global density formations (Xie and Yan 2008; O’Sullivan and
Unwin 2010; Silverman 1998). However, the search radius r has a major impact on A(s)
estimation because the points outside the search radius on the given road network are not
considered in the estimation. Although the process of deciding the bandwidth is somewhat
subjective, past studies suggest that 50 to 300 m and 1000 m bandwidth should be used for urban
and rural areas, respectively (Steenberghen, Aerts, and Thomas 2010; Xie and Yan 2013). This
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study used a bandwidth of 300m for density estimation. We used a software called SANET
Standalone (Ver. 4.1) for analyzing crashes that occur on the road network.
3.4.4. Space-Time Cube Analysis

Hotspot analysis and kernel density analysis show patterns of lane departure crash density
but lack the temporal characteristics of these crashes. Hence, space-time cube (STC) analysis
was used for spatiotemporal analysis of lane departure crashes. STC analysis refers to a 3D
geovisualization approach that maps spatiotemporal data in the form of a cube. The x and y
dimensions of a 3D space-time cube represents space while t dimension represents time (Figure
7). In this study, the value of grid cells was set at 8000m x 8000m with a time duration of 6

months. This generated a total of 31,680 grid cells for the study area.
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Figure 7. (Top) Structure of STC in 3D (Bottom) generated bins in 2D by running emerging
hotspot analysis (Source: (Emerging Hot Spot Analysis (Space Time Pattern Mining)—ArcGIS
Pro | Documentation))

This study used a time approach to analyze the trend of lane departure crashes. The input
feature points (lane departure crashes, in our case) were aggregated into NetCDF (Network
Common Data Form) data structures in the form of space-time bins. The points were counted
within each bin and specific attributes were aggregated. The calculated value of each bin
represents the crash frequency at a specific location during a given time interval. The STCs were

then analyzed using emerging hotspot analysis (EHSA). The goal of EHSA is to evaluate
38



changes in hot and cold spots with respect to time. The NetCDF data structure was analyzed
using a tool known as Create Space Time Cube by Aggregating Points. It then calculates the
Getis-Ord Gi* statistic for each bin and time period. After the space-time hotspot analysis
completion, each bin is provided with a specific z-score, p-value, and hotspot bin classification.
In the next step, the Mann-Kendall trend test (Henry B. Mann 1945; Maurice G. Kendall 1975) is
used to evaluate all the hot and cold spot trends. To help better understand the change in
locations over time, 17 unique categories (Table 5) are created comparing the Getis-Ord Gi* and

Mann-Kendall trend test.

39



Table 5. Names and definitions of space-time cube patterns

Patterns Pattern Name | Definition
A location that is a statistically significant hot/cold spot for the final
New Hot/Cold | .. yslg . .. P L
| Spot time step and has never been a previously statistically significant

hot/cold spot.

Consecutive

A location with a single uninterrupted run of statistically significant
hot/cold spot bins in the final time-step intervals. The location has
never been a statistically significant hot/cold spot before the final

Hot/Cold Spot hot/cold spot run and fewer than 90% of all bins are statistically
significant hot/cold spots.
. A location in which the intensity of clustering of high counts in each
Intensifying . .. . . . . L
- . Hot/Cold Spot time step is increasing overall and for which the increase is statistically
P significant (90%).
Persistent A location that has been a statistically significant hot/cold spot for 90%
.- of the time-step intervals with no discernible trend indicating an
Hot/Cold Spot | . . . . . .
increase or decrease in the intensity of clustering over time.
A location that has been a statistically significant hot/cold spot for 90%
Diminishing of the time-step intervals, including the final time step. Additionally,
Hot/Cold Spot | the intensity of clustering in each time step is decreasing overall and
that decrease is statistically significant.
A location that is an on-again off-again hot/cold spot. Fewer than 90%
Sporadic of the time-step intervals have been statistically significant hot/cold
Hot/Cold Spot | spots and none of the time-step intervals have been statistically

significant cold/hot spots.

Oscillating
Hot/Cold Spot

A statistically significant hot/cold spot for the final time-step interval
that has a history of being a statistically significant cold/hot spot during
a prior time step. Fewer than 90% percent of the time-step intervals
have been statistically significant hot/cold spots.

Historical
Hot/Cold Spot

The most recent time period is not hot/cold, but at least 90% of the
time-step intervals have been statistically significant hot/cold spots.

No Pattern
Detected

Does not fall into any of the defined hot or cold spot patterns.

Source: (ESRI. How Emerging Hot Spot Analysis Works—ArcGIS Pro | Documentation)

3.5. Results and Discussion

This section provides findings for the various hotspot techniques used in analyzing

single-vehicle lane departure crashes. To measure the tendency of crash events to cluster and

estimate the overall degree of spatial autocorrelation, we used the Global Moran’s I. As shown in
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Figure 8, the value of the Moran’s I index was positive, which shows significant clustering of
crashes in the study area. The z-score for crashes was 6.96 and the p-value was 0.00. The
assumption of random distribution for crashes was rejected because the z-score of 6.96 was
significantly greater than the threshold for rejection. It means there is less than 1% likelihood
that this clustered pattern could be the result of random chance. The high value of absolute z-

score indicates significant spatial autocorrelation of lane departure crashes in the study area.

Moran's Index: 0.020861
z-score: 6.962116 =l
p-value: 0.000000

Significance Level Critical Value
(p-value) (z-score)
0.01 <-2.58
0.05 -2.58 - -1.96
0.10 -1.96 - -1.65
= -1.65 - 1.65
1.65-1.96
1.96 - 2.58
>2.58

0.10
0.05
0.01

paoooen

A

Significant

|

(Random)

Significant

Figure 8. Global Moran’s I value for single-vehicle lane departure crashes

Local spatial autocorrelation techniques were applied to assess clustering at the local
level. First of all, the average distance at which any given point that has at least one neighbor
was calculated to be 2,180 meters (=2.18 kilometers or 1.35 miles). This distance was set as a
starting distance in the incremental spatial autocorrelation technique. Several trials to minimize
the distance range of peaked z-scores were conducted. We extended the starting distance by
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increments of 500 to 2000 meters and observed a decreasing trend of the z-score. The
concentration of spatial clustering is reflected by z-scores. The intensity of spatial clustering of
crashes for the z-scores at each distance for a set number of segments is shown in Table 6. The
first peak was at 3,500 m with a z-score of 4.27. The table also shows that, after reaching the
peak, the intensity of spatial clustering decreases with the increase in distance. Where multiple
peaks are present, the use of the first peak is recommended because it best describes the spatial
variation of the analysis (Mitchell 2021). In our case, the first and maximum peak was at 3,500
m which would reflect more variations at the local level for crash hotspots.

Table 6. The z-scores and p-values for a series of distance

Distance (m) Moran's Expected Variance | z-score | p-value
Index Index
2000 0.05 -0.0004 0.0002 3.20 0.001
2500 0.05 -0.0004 0.0002 3.65 0.000
3000 0.05 -0.0003 0.0001 3.99 0.000
3500 0.04 -0.0003 0.0001 4.27 0.000
4000 0.04 -0.0003 0.0001 4.09 0.000
4500 0.03 -0.0003 0.0001 3.43 0.000
5000 0.03 -0.0003 0.0001 3.39 0.000
5500 0.02 -0.0003 0.0001 3.03 0.002
6000 0.02 -0.0003 0.0000 3.32 0.000
6500 0.02 -0.0003 0.0000 3.31 0.000

The local Moran’s I approach was applied to reveal the spatial pattern of local
differences. This technique evaluated the significance of the spatial difference in crashes by
comparing each cell to its surrounding cells. Figure 9 presents the results obtained for local
spatial clustering through the local Moran’s I index. The figure shows high and low cluster areas
together with high and low spatial outliers at the 95 percent confidence level. The red dots
represent locations with high clusters, which means that serious injury crashes were surrounded

by crashes with serious injuries. Similarly, locations with low clusters show the areas where
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PDO crashes were mostly surrounded by similar crashes i.e. PDO crashes. The high spatial

outliers show locations where the serious injury crashes were surrounded by crashes with

dissimilar severity, i.e. PDO and injury crashes, and vice versa for low spatial outliers. The

majority of the crash clusters with higher values, i.e. serious injury crashes, were located in

Barnes, McKenzie, and Williams counties.
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Figure 9. Hotspot classification using local Moran’s I method

The local spatial autocorrelation analysis based on Getis-Ord Gi* statistics was also

conducted to reveal crash severity patterns. The z-score and p-value for each crash point

determine statistically significant red, blue, or gray spots while accounting for severity values of

neighboring crashes. Red spots indicate statistically significant serious injury crashes surrounded

by similar values, i.e. serious crashes. Blue spots indicate statistically significant minor injury

crashes surrounded by minor injury crashes, and gray spots indicate points that are not

statistically significant and surrounded by randomly distributed severity values. Three different
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shade for red and blue hotspots indicate statistical confidence levels of 90%, 95%, and 99%. The
darkness and intensity of hotspots color represent the statistical significance level. Figure 10

shows serious and minor injury crash clusters in the study area.

O T P = TR N L. C®
Divide (" @ 2176 ] ® o G &'
Battineau % G :
8) olette Cabaliey

:i;‘hj &@nwll‘eg O ¢

! ®

‘ Q 1, ?dy L
L @ | o
>, Foste! @, Griggs} Steele 7

Q0 o[ ® ®

6 g8 C
Lo @ W @70
@  Biliags 4]
Golden Valley, -

. 8
L
Slope ,]Q I
) Hettinger
8 4.2 O . O
® &° O ® g Emihgns @
Bowman Ad e oy : T O i o St 5
0 125 25 50 Miles -, e P = S Sioux = ’ facintosh -+ Dickey l“w ' Satgent & 056
gt PNl Paia et R g O Ko O '@ eCO s 7| LG
Getis Ord Gi* ‘ © : A <
@ Cold Spot - 99% Confidence © Cold Spot - 90% Confidence & Hot Spot - 90% Confidence ® Hot Spot - 99% Confidence || County
® Cold Spot - 95% Confidence Not Significant ® Hot Spot - 95% Confidence

Figure 10. Hotspot analysis using local spatial autocorrelation (Getis-Ord Gi*) approach

The clusters in Figure 10 were distinguished from general crash-prone locations because
their composition was based on points with similar crash severity values. Most serious injury
crash clusters can be seen in Barnes, Emmons, Grand Forks, and Walsh counties. The south
boundary of Ward County also showed some clustering of serious injury crashes. Similarly, the
clustering of crashes with low severity, i.e. minor injury, was present throughout the study area.
However, most of the minor injury crash clusters were present in Barnes, Cass, McKenzie, Stark,
Walsh, and Williams counties. The frequency of minor injury crash clusters in Williams,

McKenzie, and Barnes counties was 32, 27, and 19 respectively.
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It was observed that blue spots (minor injury crash clusters) tend to be less spread out in
comparison to red spots (serious injury crash clusters). The randomly distributed crash spots
(gray-colored points) made the two different cluster types (i.e. red and blue) distinguishable.
Moreover, the two different cluster types were not adjacent to each other. This shows the
presence of an obvious spatial relationship between geographic locations and the occurrence of
crash severity clusters. One limitation of this approach is that it is difficult to quantify clusters
along a road segment and distinguish its boundaries because they are created by points. One way
to overcome this issue is to use density estimation which shows the concentration of points along

the road network.

Figure 11. Network Kernel density estimation for crashes in Williams County
Hence, the third technique was applied. NetKDE is a successful spatial clustering method
for investigating crashes on roadways. This method has a higher processing demand, so a

county-level approach was needed. Williams was selected as the test county because it has the
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highest number of crash clusters. Figure 11 shows a 3-D density map of crash density patterns in
Williams County with a subsection magnified for better visualization. The NetKDE results
delivered comprehensive clustering patterns with clear boundaries. It can be observed that the
majority of the crash clusters are located on curves, junctions, and intersections. Persistent
clusters on horizontal curves can be seen throughout the county. The clusters emerging along the
straight road segments might be related to speed. Investigation beyond this study’s scope is

needed to discern value with a granular understanding of this resource-intensive approach.
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Figure 12. Emerging hotspot analysis of single-vehicle lane departure crashes in ND

This study conducted a space-time cube analysis of 3878 single-vehicle lane departure
crashes. The results of this analysis included six types of patterns as can be seen in Figure 12.
Persistent hotspots were distributed as spatial clusters in Burleigh, McKenzie, and Williams

counties. This means that these locations have been statistically significant hotspots for 90% of
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the time-step intervals. There has been no visible trend with regard to a decrease or increase in
the intensity of clusters over the time duration of the study. Two intensifying hotspots can also
be seen in Cass and Ward counties. This refers to locations with statistically significant hotspots
for 90% of the time-step intervals. Also, there has been a statistically significant increase in the
intensity of clustering of high counts. Moreover, widely distributed new hotspots were generated
in the western part of the state. These hotspots appeared with the passage of time. Finally,
sporadic hotspots that repeatedly appeared and disappeared can be seen in both the East and

West part of the state.
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Figure 13. Comparison of results from different hotspot methods — (top left) local Moran’s I (top
right) Getis Ord Gi* (bottom left) network kernel density estimation (bottom right) emerging
hotspot analysis
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The results of different hotspot analysis methods are summarized in Figure 13. The high
and low crash incidence locations are represented by hotspots and cold spots respectively. Using
all the methods together to identify and locate crash hotspots is a promising approach. This study
is focused more on the spatial analysis whereby we are trying to locate the spatial clusters for the
crash severity. Relevant countermeasures can be implemented according to the specific spatial
and temporal trends of these hotspots. The findings of the study indicate that various phenomena
in certain areas of Burleigh, McKenzie, and Williams counties warrant the attention of traffic
safety agencies. The findings of the study can be used to direct the limited resources and to
propose preventive strategies targeting crash hotspots.

3.6. Conclusions

The benefit of classifying crash hotspots cannot be over-emphasized as an important
method of discerning geospatial themes in road safety. Hence, this study employed hotspot
analysis techniques to reveal spatial patterns of single-vehicle lane departure crashes. While the
Global Moran’s I index indicated the existence of crash clustering, the use of the local Moran’s |
statistic enabled the identification of hot and cold spots within the study area. Furthermore, data-
driven enhancements were placed side by side with locations in terms of statistically significant
high and low crash concentrations. A more granular crash cluster quantification, using the
NetKDE technique, was presented for Williams County. A 3D density map created in ArcScene
also defined boundaries for each cluster in terms of density values embedded in the roadway.
Finally, the space-time cube analysis enabled us to identify different patterns in the spatial data
with respect to time.

As effective as this method was, it does have shortcomings. Particularly, it fails to give an

accurate statistical significance of the resulting crash clusters, which therefore suggests the need
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for further investigation. This article focused on lane departure crashes that involved only single
vehicles. Another limitation of the study was limiting events to a specific road type in the state
network. Future studies can overcome these limitations by broadening the crash type and
locations. Results are valuable as a sample for road safety stakeholders to consider for future
endeavors aimed at data-driven tools to reveal crash hotspots and to distinguish patterns across
the state. Scrutiny of characteristics for crashes in the areas with a high frequency of clusters will
further enhance the understanding of associated risk factors and appropriate prevention strategies
such as heightened enforcement, public education, and infrastructure enhancements including
rumble strip installations, safety edges, post-mounted delineators, oversized chevrons, and
advisory speed marking in lanes on curves. The tools approach used in this study can be adopted
by other jurisdictions seeking to empirically visualize hotspots and more effectively deploy

traffic safety strategies.
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CHAPTER 4: INVESTIGATING FACTORS AFFECTING INJURY SEVERITY OF

SINGLE VEHICLE RUN-OFF-ROAD CRASHES

4.1. Introduction

A run-off-road (ROR) crash, also known as a roadway departure crash, can be defined as
an incident in which a motor vehicle crosses a center line or an edge line, encroaching onto the
shoulder, roadside, median, or otherwise leaving the roadway (Federal Highway Administration
(FHWA), 2020). ROR crashes typically involve a single vehicle and account for a significant
portion of serious and fatal traffic accidents. According to the Fatality and Injury Reporting
System Tool (FIRST), a query tool developed by the National Highway Traffic Safety
Administration (NHTSA), a total of 67,811 individuals lost their lives in single-vehicle ROR
crashes between 2017 and 2021 (FIRST). Out of these fatalities, 14,821 occurred in 2021. Figure
14 illustrates the fatalities in single and multiple-vehicle ROR crashes in the United States from
2017 to 2021. The likelihood of ROR crashes occurring in rural environments is higher than in
urban areas. This may be attributed to inherent differences in driving behaviors between urban
and rural settings. Factors such as higher speed limits, lower traffic volumes, and fewer roadway
safety measures contribute to the increased risk of ROR crashes on rural roads. For instance, in
an analysis of FARS data, Liu and Subramanian (2009) found that ROR crashes accounted for

nearly 81% and 56% of all accidents on rural and urban roads, respectively.
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Figure 14. Fatalities in single and multiple vehicle ROR crashes in the United States (2017-2021)

Understanding the factors involved in run-off-road (ROR) crashes is crucial for
enhancing ROR crash safety. Consequently, numerous researchers have investigated the impact
of contributory factors on the occurrence and severity of these incidents. These factors can be
broadly categorized into three distinct groups: human-related factors, environmental factors, and
roadside factors. For instance, in a study conducted by Davis, Davuluri, and Pei (2006), data
collected from Minnesota and Australia were analyzed using Bayesian relative risk regression.
They discovered a positive relationship between higher speed limits and serious and fatal ROR
crashes. In other words, an increase in speed was associated with a higher risk of serious and
fatal ROR crashes. Similarly, Gong and Fan (2017) explored factors contributing to driver injury
severity in ROR crashes involving single vehicles. They classified drivers into three age groups:
young drivers (16-24 years), middle-aged drivers (25-65 years), and older drivers (over 65
years). Among these age groups, they observed variations in the relationship between

contributing factors and injury severity in single-vehicle ROR crashes.
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Given the discrete nature of crash severity data, which includes categories like fatal
injury, severe injury, minor injury, and property damage only (PDO), various discrete choice
models have been employed to explore the factors that influence the severity of run-off-road
(ROR) crashes. Numerous studies have delved into the causal factors impacting the occurrence
and injury severity outcomes of ROR crashes (Roque and Cardoso 2014; Peng and Boyle 2012;
S. A. Khan, Yasmin, and Haque 2023; C. Liu and Ye 2011). This study primarily focuses on
identifying the factors contributing to single-vehicle (SV) ROR crashes and their influence on
injury severity. For example, Liu and Ye (2011) utilized a binary logit model to estimate the
impact of driver and vehicle-related factors on injury severity in ROR crashes. Similarly,
Palamara et al. (2013) employed a multinomial logit (MNL) model to identify the attributes
contributing to the occurrence of ROR crashes in Western Australia. As previously mentioned,
numerous factors, including roadway features, traffic-related aspects, vehicle characteristics, and
environmental conditions, play a critical role in determining the outcomes of ROR crashes.
Typically, data used for traditional crash severity models are derived from police reports, which
include only a subset of explanatory variables.

However, there may be unobserved factors that influence the injury outcome in a crash.
These unobserved factors result in heterogeneity across injury levels, and failing to account for
them can lead to inaccurate parameter estimates (Washington, Karlaftis, and Mannering 2010).
To address the effects of unobserved heterogeneity, random parameters models have been
developed, which consider the variation of estimated parameters across observations.
Nevertheless, introducing a mixing distribution makes model development more complex. The
benefit of accounting for unobserved heterogeneity is that it provides valuable insights into the

relationships among variables within the study dataset.
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Numerous efforts have been undertaken to untangle and comprehend the complex
relationship between the severity of ROR crashes and the potential contributing factors. Some
studies have compared ROR crashes to non-ROR crashes to highlight differences in the
underlying causal factors (Roy and Dissanayake 2011). Similarly, other efforts include studies
that focus on ROR crashes involving large trucks and passenger vehicles (Peng and Boyle 2012;
Roque and Cardoso 2014; Gong and Fan 2017; Al-Bdairi and Hernandez 2017; Hossain et al.
2023). These studies investigated ROR crashes primarily involving specific types or classes of
vehicles. However, the physical and operational characteristics of vehicles in one class can differ
significantly from those in another class. In light of these differences, the current study aims to
analyze and compare the contributing factors affecting injury severity in single vehicle ROR
crashes involving various vehicle classes, including passenger cars (PC), sport utility vehicles
(SUVs), passenger vans/pickups, and large trucks. This goal will be achieved by developing
mixed logit models separately for each vehicle class. The consistent occurrence of fatal ROR
crashes in the United States underscores the ongoing need for further research. A deeper
understanding of the commonalities and differences among the factors influencing injury
severity in single vehicle ROR crashes across various vehicle classes is essential for the more
efficient implementation of countermeasures.

4.2. Literature Review

Reducing crashes and minimizing crash severity on roads has always been of paramount
importance to transportation engineers and other safety stakeholders involved in planning,
designing, constructing, and maintaining highways. Ensuring a safe driving environment is not
only a responsibility but also the primary focus of highway projects. Numerous efforts have been

made to understand the nature and outcomes of different types of crashes. One such crash type is
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run-off-road (ROR) crashes, which are notorious for their severe consequences, particularly
when a vehicle departs the roadway and collides with fixed objects on the roadside or when a
vehicle crosses the centerline and is involved in a head-on collision. Given the limited
information available from collected crash data, significant efforts are required to enhance our
understanding of the factors contributing to ROR crash occurrence and severity.

The literature highlights two types of countermeasures with the potential to mitigate
injury severity in ROR crashes: infrastructure-based countermeasures and vehicle-based
countermeasures. Infrastructure-based countermeasures include cable barriers, guardrails, and
concrete barriers, which aim to protect vehicles from roadside hazards by redirecting them back
onto the roadway. On the other hand, vehicle-based countermeasures for addressing road
departures include systems like lane departure warning and lane departure prevention (Riexinger,
Sherony, and Gabler 2019). The distinction between these systems is that the former requires
driver input for corrective maneuvers, while the latter can automatically steer the vehicle back
into the lane without driver intervention. However, despite the advancements in vehicle-based
safety measures, it's important to acknowledge that not all ROR crashes can be prevented.
Therefore, infrastructure-based countermeasures will remain an indispensable element in
ensuring roadside safety.

Turning to the methodological efforts that have been carried out to support informed
decision-making in ROR crash safety. These efforts include the development of various discrete
choice models to explain injury severity in ROR (Peng and Boyle 2012; Lord et al. 2011; C. Liu
and Ye 2011; Palamara et al. 2013; Gong and Fan 2017; Hu and Donnell 2011; Ye and Lord
2014). A comprehensive review of discrete choice models reveals that they can be classified into

two categories: ordinal or nominal (Savolainen et al. 2011).
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Within the realm of ordinal models, the most common ones include ordered logit models,
ordered probit models, and ordered mixed logit models. On the other hand, nominal models can
be subdivided into three groups: multinomial logit models, nested logit models, and mixed logit
models. Interested readers can refer to the following sources for a more in-depth review of crash
injury severity models: Savolainen et al. (2011) and Mannering and Bhat (2013). Few
researchers have directly compared various crash severity models, despite each model type
having its own set of distinctive advantages and limitations. So far, there is no prevailing
consensus on which model stands out as the best choice, as the choice of model selection is
typically influenced by data availability and specific attributes of the data. Some researchers tend
to prefer nominal models over ordinal models due to the restrictions that come with the influence
of variables on probabilities of ordered discrete outcomes, which involve using the same
coefficient for a variable across various levels of crash severity. On the other hand, some
researchers favor ordinal models because of their simplicity and effective performance,
particularly when working with less detailed data.

Regarding unordered discrete outcome structures, latent-class, and mixed logit models
have been proposed as viable methods for modeling different levels of crash injury severity. The
purpose is to address the potential limitations associated with the Independence from Irrelevant
Alternatives (I1A) property found in the MNL model. The I1A property means that the
probability of choosing a particular choice is independent of the presence or absence of other
alternatives. The presence of unobserved effects correlation among certain injury severity levels
will violate the model’s IIA assumption. Previous studies have indicated the existence of shared
unobserved effects at lower levels of crash severity (Hu and Donnell 2010; Lee and Mannering

2002). The mixed logit model is an appropriate substitution to overcome this limitation.
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However, when estimating a mixed logit model for crash severity, a relatively larger sample size

is required if more random parameters are incorporated into the model (Ye and Lord 2014).

4.3. Data and Methodology

The data used for analysis in this study was obtained from the Crash Report Sampling
System (CRSS, NHTSA), which is one of NHTSA's many crash data collection programs. CRSS
comprises a dataset that includes police-reported crashes involving various types of motor
vehicles, cyclists, and pedestrians, ranging from minor property damage to fatal events. These
crashes are collected from 60 different selected areas across the United States. For this study,
five years of crash data (2016 to 2020) were obtained from CRSS. The data was acquired in
separate Statistical Analysis System (SAS) files, including accident (data file containing
information about crash characteristics and environmental conditions at the time of the crash),
vehicle (data file containing information describing the in-transport motor vehicles and the
drivers of in-transport motor vehicles who are involved in the crash), person (data file contains
information describing all persons involved in the crash including motorists and non-motorists),
parkwork (data file containing information about parked and working vehicle involved in
crashes), pbtype (data file containing information about bicycle and pedestrian crashes), safetyeq
(data file containing information about safety equipment used by people who are not occupants
of motor vehicles), and cevent (data file containing information for all of the qualifying events
both harmful and non-harmful). Details about the available data files in CRSS can be found in
the CRSS Analytical User’s Manual (Center for Statistics and Highway Traffic Safety
Administration, 2023). All the data files have a common unique case number associated with a
specific crash event. The data files were merged using the case number. The ROR crash type was

identified based on the first harmful event and the pre-crash circumstance configured as a right
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roadside departure or left roadside departure. There were a total of 13,479 single vehicle ROR
crashes that occurred from 2017 to 2020. After carefully examining the dataset, variables with
missing and unknown values were filtered out, resulting in 8,618 remaining observations.
Initially, there were five levels of injury, including no injury (3,850), possible injury (1,490),
minor injury (1,430), severe injury (1,620), and fatal injury (228). For modeling purposes, three
levels of injury severity were used by merging possible injury with minor injury and severe
injury with fatal injury. Table 7 shows the descriptive statistics of all the variables.

Table 7. Descriptive statistics of explanatory variables

) Categories
Variable Value Description Frequency
PDO 0 No injury 3850
MINJ 1 Minor injury 2920
SFINJ 2 Severe/Fatal injury 1848
Driver Information
Age in years 35.65 8615
1 Male 5526
Gender 0 Female 3092
Seatbelt use L Used 7518
0 Not used 1100
1 Yes 1639
Alcohol/Drug usage 0 NG 6979
0 Speeding 1972
1 Careless 1109
0 2 Overcorrection 585
Contributing factor -
3 Aggressive 121
4 Overloading 5
5 Towing 7
Vehicle Information
0 PC 5019
: 1 SUV 1667
Vehicle type 2 Passenger van/Pickup 1612
3 Large truck 269

61



Table 7. Descriptive statistics of explanatory variables (continued)

. Categories
Variable Value Description Frequency
0 Before 2000 844
Vehicle model year 1 Between 2000 and 2010 4047
After 2010 3727
Roadway Information
. 0 Rural 2891
Road location 1 Urban 5727
Surface condition 0 Wet/Slush/Snow/Ice 2833
1 Dry 5785
i 0 Straight 6176
Roadway alignment 1 Curve VT
0 Level 6700
Roadway grade 1 Rilly 1918
0 One lane 3275
Numbers of lane 1 Two or more lanes 5343
. 0 One-way 5870
Trafficway 1 Two-way 2748
0 <= 45 mph 4613
Speed limit 1 46-60 mph 2554
2 >= 61 mph 1451
Environmental Information
0 Rain/Hail/Snow/Fog 2132
Weather 1 Clear 6486
0 Daylight 4467
Light conditions L Dawn/Dusk 379
2 Dark - lighted 1492
3 Dark — not lighted 2279
0 Northeast 358
Region 1 Midwest 1504
2 South 6064
3 West 692
Crash Information
0 Day 2612
Time 1 Evening 2753
2 Night 3253
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Table 7. Descriptive statistics of explanatory variables (continued)

. Categories

Variable Value Description Frequency
Day of week 0 Weekend 2738
1 Weekday 5880
0 Tree/pole 3119

1 Concrete barrier 665
Harmful event 2 Guardrail/fence 1149
3 Ditch 1793
4 Other fixed object 1356

5 Rollover 536

0 On roadway 82

Rollover location L On shoulder 16
2 On median 162
3 On roadside 1765
0 <= 45 mph 2888
: 1 46 — 60 mph 3217
Vehicle travel speed > 6175 mph 9907
3 >= 76 mph 306
: 0 No 4697
Airbag deployed 1 Yes 3921
- 0 Fully/partially ejected 8345
Ejection 1 Not ejected 273

The gaps and subpar quality of crash data can create challenges when addressing road
safety issues. Considering the absence of detailed and high-quality crash data, the use of
adequate methodology becomes more important to avoid difficulties in making statistical
inferences. This study developed a mixed logit model (random parameters multinomial logit
model) to account for unobserved heterogeneity arising due to randomness of unobserved
factors. The flexibility in model definition has given this technique an important place in traffic
safety research. The mixed logit model is an extension of the multinomial logit model by
allowing the parameter Bi to vary across individual observations, giving the option for the
constant specific to injury outcomes and each element of the parameter vector (i to be either
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fixed or randomly distributed with fixed means. Within the mixed logit framework, a linear
utility function is defined to determine the particular injury severity level j for observation i as
follows (Washington, Karlaftis, and Mannering 2010):
Ui = Xi;B; + & (Equation 8)

where Ujj is the specific injury severity function that determines the probability of injury
severity level j in crash i, Xijj is a vector of explanatory variables for injury severity level j in
crash i, Bj is a vector of estimable parameters for injury-severity level j, and accounts for the
unobserved heterogeneity, and &jj is the disturbance term assumed to be independent and

identically distributed. The conditional probability for alternative j and crash i can be written as:

Py /By = U (Equation 9)
Z._ exp(X;;B;)
j=1
Similarly, the unconditional probability is expressed as:
P; = [ (Pij/B;)f(B/@)dB (Equation 10)

where f (B/¢) describes the probability density function (PDF) of the random vector  and
¢ is the parameter (mean and variance) vector with known density function. It is worth stating
that some parameters of the vector p may be randomly distributed and some may be fixed. It has
been observed while estimating mixed logit models with the introduction of random parameters
for certain variables, the mean effects may not significantly differ from zero but their standard
deviation may. This phenomenon points out the presence of unobserved heterogeneity in the
dataset across all of the observations. To address this situation, a likelihood ratio (LR) test is
conducted, comparing the model with random coefficients to the model with fixed coefficients.
The model with the random coefficient is utilized if the hypothesis that the coefficient is not

random is rejected; if not, the coefficient is fixed.
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In this study, we tried three distributional forms including normal, uniform, and
lognormal for the identified random parameters. The log-normal distribution was not a good fit
as it requires the estimated parameter impact to be strictly positive or negative (Train 2009).
However, in crash data as is the case in this dissertation, a random effect can cause positive and
negative impacts. As far as uniform and normal distribution are concerned, it is noted noted that
the log-likelihood values at convergence with uniform distribution were lower than those with
normal distribution. Therefore, normal distribution was used in this study as it provided the best
estimation results. This is found to be consistent with past studies which conclude that the
normal distribution provides the best estimation results for crash injury severity data (Moore et
al. 2011; Behnood and Mannering 2016; Wu et al. 2014; Gong and Fan 2017).

Typically, in mixed logit model development, a simulation-based maximum likelihood
estimation is used for coefficient estimation. There is a direct dependence of the required number
of simulations on model complexity. With the increase in the number of randomized variables,
the number of simulation points also increases. Past literature shows that the standard Halton
draws provide more efficient and accurate parameter estimates than the random draws (Train
2009; Bhat 2003; Zeng 2016). This study used 500 Halton draws for simulation. Considering the
number of Halton draws, it is sufficient to produce precise maximum likelihood estimates.
Figure 15 and Figure 16 show the bivariate scatter plot of random uniform draws and Halton

draws respectively.
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Figure 15. Bivariate scatter plot of random uniform draws
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Figure 16. Bivariate scatter plot of Halton (9) and Halton (11
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4.4. Elasticity Analysis

The estimated model coefficients by the mixed logit model are insufficient to explore
how changes in the explanatory factors affect the probabilities of outcomes. This limitation arises
from the fact that the marginal effect of a variable is dependent on all the coefficients within the
model. Therefore, determining the true net effect is not possible only from the individual value
or sign of a single coefficient (Khorashadi et al. 2005). To make a comparative evaluation of
each model parameter, elasticities were calculated to quantify the degree of impact that
individual parameters have on the probabilities of the three levels of injury severity. Since there
was a continuous variable (i.e. driver age) in the data, Equation 11 was used to compute the

elasticity corresponding to it.

Eer® =1 = %12y, PD1B:Xin (Equation 11)
where I, represents the subgroup of injury severity levels that incorporates the variable
Xin in the severity function, Pn(i) is the probability of a person (i), and gi denotes the estimated
coefficient linked to Xin. As outlined in Equation 11, a 1 percent elastic change corresponds to an
approximate 1 percent change in the probability of the injury severity outcome. As far as the

quantification of binary variables (those with a value of 1 or 0) is concerned, Equation 12 was

used to calculate pseudo-elasticities for those variables.

Pn (1) EXP[A(BiXin)] Xv1 EXP(BiXin)] .
= -1 Equation 12
Xin EXP[A(BiXin)] ZI:In EXP(BiXin)+ZI¢In EXP(BiXin) ( d )
where E)f;fi) is the pseudo-elasticity of the nth variable in the vector X;. Given that using

the average value of dummy variables wouldn't be appropriate, the elasticities were computed by
averaging them across the entire sample. The approximate interpretation of the elasticity value
for a specific variable Xin is the percentage effect that a 1% change in Xin has on the probability

of the injury severity outcome Pn(i). The term "pseudo-elasticity" refers to the percentage change
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in the probability of a specific injury severity category when a binary variable changes from zero
to one within the context of an ROR injury severity category. For example, the results of this
study indicate that in the case of a ROR crash involving a passenger car, when the seatbelt is
used (i.e., when seatbelt usage changes from 0 to 1), the probability of a serious or fatal injury
decreases by an average of 11.54%. The literature reflects a widespread use of average pseudo-
elasticity calculation due to its computational efficiency. (Moore et al. 2011; Kim et al. 2013;
Wu et al. 2014; Gong and Fan 2017; Roque, Jalayer, and Hasan 2021).
4.5. Results and Discussion

As mentioned in the introduction section, the aim of this study was to analyze and
compare the factors influencing injury severity in single-vehicle run-off-road (ROR) crashes
involving various vehicle classes. Initially, four vehicle classes were chosen for the analysis:
passenger cars (PC), SUVs, passenger vans/pickups, and large trucks. However, as indicated in
Table 7, the dataset for large trucks comprised only 269 observations. This sample size is
significantly smaller than the generally recommended size for estimating a mixed logit model
(Ye and Lord 2014). Despite the larger sample size requirement for mixed logit modeling, we
attempted to develop a model for large trucks. Unfortunately, the model results did not reveal
any significant explanatory variables. Consequently, the analysis of large trucks was excluded

from this study.
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Table 8. Mixed logit model results for PC

Variable Coefficient S.E. p-Value
Constant (PDO) 1.0300* 0.2356 0.0810
Age (PDO) -0.02230*** 0.00720 0.0020
Gender (PDO) 0.49348*** 0.18587 0.0079
Alcohol (MINJ) 0.62559** 0.28300 0.0271
Alcohol (SFINJ) 1.14647*** 0.32592 0.0007
Vehicle model after 2010 (PDO) -0.52699** 0.22830 0.0210
Vehicle model after 2010 (MINJ) -0.43154** 0.20485 0.0351
Northeast (PDO) 0.80843* 0.45528 0.0758
Midwest (PDO) 1.25438*** 0.42131 0.0029
South (PDO) 0.58757** 0.26299 0.0255
Weather (PDO) 0.59782*** 0.22693 0.0084
Harmful event-Guardrail/Fence (PDO) | 0.41981* 0.23293 0.0715
Rollover on shoulder (PDO) 5.77467* 3.30541 0.0806
Travel speed above 75 mph (PDO) -1.53736** 0.72644 0.0343
Airbag (MINJ) -0.59771*** 0.16325 0.0003
Eject (SFINJ) 4.04742%** 0.99380 0.0001
Heterogeneity in means

Seatbelt (SFINJ) -3.78095*** 1.05889 0.0006
Seatbelt (MINJ) -1.75022*** 0.57476 0.0037
Airbag (PDO) -3.39067*** 0.84516 0.0001
Travel speed above 75 mph (MINJ) -1.88051* 1.13213 0.0967
Heterogeneity in variance

Seatbelt (MINJ) (SFINJ) 2.51111** 0.98708 0.0178
Airbag (PDO) 2.91109*** 1.01521 0.0047
Travel speed above 75 mph (MINJ) 4.96018** 2.10130 0.0358
Number of observations 5019

Log-likelihood -2774.27526
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Table 8. Mixed logit model results for PC (continued)

Variable Coefficient S.E. p-Value
Restricted log-likelihood -3416.68422
Chi squared 1284.81793

Note: ***, ** * indicates significance at 1%, 5%, 10% level, respectively.
(PDO) defined for no injury; (MINJ) defined for minor injury; (SFINJ) defined for serious or fatal injury.

A mixed logit model with heterogeneity in means and variance was created for single-
vehicle ROR crashes involving PCs. Heterogeneity in means refers that the parameters (e.g.,
coefficients) of the model are not constant but vary across individuals or groups. Similarly,
heterogeneity in variance refers to the variability around the mean (i.e., the variance) is not
constant but varies across individuals or groups. We used NLOGIT (version 5) for all models’
development. The analysis focused on three levels of injury severity: property damage only/no
injury, minor injury, and severe or fatal injury, utilizing a total dataset of 5,019 observations. The
model was constructed using a variety of crash-related attributes, including driver characteristics,
roadway features, environmental conditions, temporal features, vehicle information, and crash
details. The parameter estimation results for the PC model are presented in Table 8. The log-
likelihood and restricted log-likelihood values for the developed model are -2774.27 and -
3416.68, respectively. A significantly higher (i.e., less negative) log-likelihood value compared
to the restricted log-likelihood value suggests that our model offers a better fit to the data. Some
of the robustness tests for the mixed logit model, to ensure the model reliability and validity of
the estimated parameters and model performance, included the multicollinearity test, random

parameter distribution, and model comparison with the multinomial logit model.
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Table 9. Average Pseudo elasticities of significant variables for PC

Elasticity effect

Variable

PDO MINJ SFINJ
Age (PDO) -0.0798 - -
Gender (PDO) 0.0310 - -
Alcohol (MINJ) - 0.0134 -
Alcohol (SFINJ) - - 0.0201
Seatbelt (SFINJ) - - -0.1154
Seatbelt (MINJ) - -0.0927 -
Vehicle model after 2010 (PDO) -0.0243 - -
Vehicle model after 2010 (MINJ) - -0.0235 -
Northeast (PDO) 0.0032 - -
Midwest (PDO) 0.0214 - -
South (PDO) 0.0457 - -
Weather (PDO) 0.0151 - -
Harmful event-Guardrail/Fence (PDO) 0.0065 - -
Rollover on shoulder (PDO) 0.0005 - -
Travel speed above 75 mph (PDO) -0.0035 - -
Travel speed above 75 mph (MINJ) - -0.0006 -
Airbag (PDO) -0.0858 - -
Airbag (MINJ) - -0.0332 -
Eject (SFINJ) - - 0.0936

As previously discussed, it's important to exercise caution when interpreting parameter

coefficient estimates, as a positive coefficient doesn't necessarily imply a higher probability of

that specific injury severity level. To offer a more precise assessment of the estimated parameter

coefficients, we calculated parameter-specific elasticities (for continuous variables) and pseudo-

elasticities (for categorical variables), as presented in Table 9. This approach assists in




quantifying the impact of individual parameters on the likelihood of the three injury severity
levels.
4.5.1. Continuous Variables

The continuous variable "driver age" was found to be statistically significant for the
severity level PDO, with an estimated coefficient of -0.022. The negative coefficient value
indicates that as the driver's age increases, the probability of experiencing "no injury" decreases.
The results from Table 9 offer additional insights, demonstrating that the probability of no injury
decreases by 7.98% for each 1% increase in driver age.
4.5.2. Driver Characteristics

The driver gender was found to be statistically significant for the severity level of “PDO”
in single vehicle ROR crashes involving PC. The model estimate for driver gender is significant
with a p-value of p < 0.0079 for PDO. Since male and female drivers exhibit variations in skills
and decision-making abilities in complex situations, gender is associated with an influence on
crash severity. The pseudo-elasticity analysis in Table 9 reveals that male drivers have a lower
likelihood of sustaining injuries compared to female drivers. The presence of male drivers
reduced the likelihood of PDO injury by 3.10% in a single vehicle ROR crash involving a PC.
This is in line with prior research, which has consistently demonstrated that male drivers exhibit
superior driving performance and contribute to enhanced safety in complex scenarios compared
to their female counterparts (Yasmin et al. 2014).

The presence of alcohol or drug involvement significantly elevates the risk of minor and
serious or fatal injuries. More specifically, when alcohol or drug involvement is identified as a
contributing factor in single vehicle ROR crashes involving a PC, the probability of minor and

serious or fatal injuries increases by 1.34% and 2.01%, respectively. These findings align with
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prior research in the field of traffic safety (Wu et al. 2014; Gong and Fan 2017; Hasan et al.
2022; P. Liu and Fan 2020). The observed changes in fatal injury probabilities may be attributed
to impaired judgment or aggressive driving behaviors associated with alcohol or drug use.
Consequently, the implementation of educational and enforcement initiatives aimed at deterring
drunk driving could serve to mitigate the severity of single-vehicle ROR crashes.

The mixed logit model revealed a normally distributed random parameter with
heterogeneity in mean and variance for seatbelt use in relation to MINJ and SFINJ severity
levels. This suggests that there are unknown uncertainties associated with seatbelt use, and these
uncertainties vary when modeling injury severity for MINJ and SFINJ. Consequently, the impact
of seatbelt use on the probabilities of MINJ and SFINJ severity levels is significant but may vary
in magnitude. The results of this study indicate that seatbelt use was associated with a decreased
likelihood of minor injury (MINJ) and serious or fatal injury (SFINJ) resulting from a single-
vehicle run-off-road (ROR) crash involving a passenger car (PC). These findings align with
previous research (Abdel-Aty 2003; Z. Li et al. 2019; Kim et al. 2013; Sawtelle et al. 2023) and
are intuitive, as the use of seatbelts is a major contributing factor to reducing injury severity (I.
U. Khan and Vachal 2020). The estimated variation in standard mean and standard deviation for
this random parameter is -3.78 and 2.51, respectively, for the SFINJ severity level. As shown in
Table 9, seatbelt use reduced the probability of MINJ and SFINJ by 9.27% and 11.54%,
respectively, in a single-vehicle ROR crash involving a PC.

4.5.3. Vehicle Characteristics

The vehicle model year after 2010 was found to be statistically significant for PDO and

MINJ severity levels. The likelihood of a PC occupant sustaining PDO or MINJ injuries in a

single-vehicle ROR crash was reduced by 2.43% and 2.34%, respectively, if the vehicle's model
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year was after 2010. This result is consistent with the advancements in vehicle safety systems,
such as lane departure warning and lane-keeping assist, that have been made over the past
decade. Previous studies have demonstrated the effectiveness of these safety technologies in
enhancing safety in ROR crashes (Cicchino 2018; Hickman et al. 2015; Sternlund et al. 2017).
4.5.4. Environmental Information

Two variables including region and weather were found to be significant. The likelihood
of PDO increases by 0.32%, 2.14%, and 4.57% if the single vehicle ROR crash involving PC
occurred in the Northeast, Midwest, and South, respectively. Similarly, the likelihood of PDO
increases by 1.51% if the single vehicle ROR crash involving a PC occurred during bad weather
(i.e., rain, hail, snow, or fog). It could be attributed to the fact that inclement weather serves as an
alert to drivers to exercise caution and drive safely.
4.5.5. Crash Information

The initial object struck in an ROR crash plays a crucial role in determining injury
severity. In the case of a single-vehicle ROR crash involving a PC and hitting a guardrail or
fence, there was a positive association with PDO. This means that the probability of PDO
increased by 0.56%. This finding is consistent with previous research and is intuitive, as
guardrails or fences serve as safety barriers designed to protect occupants from serious or fatal
injuries (Roque, Jalayer, and Hasan 2021). It prevents vehicles from colliding with more
hazardous objects and acts as a shock absorber, which in turn increases the probability of PDO.
Similarly, in ROR crashes involving a PC, the initiation of a rollover on the shoulder was found
to be significant for PDO. Prior research has demonstrated that the initial location of a rollover

has an impact on the outcome of injury severity (I. U. Khan and Vachal 2020).
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The travel speed of over 75 mph was significantly associated with two injury severity
outcomes, namely PDO and MINJ. However, a normally distributed random parameter with
heterogeneity in mean and variance was found to be significant for speeds above 75 mph for the
minor injury category. This indicates that a speed of over 75 mph has an impact of varying
magnitude on minor injuries. The pseudo-elasticity analysis in Table 9 reveals a decrease in the
likelihood of PDO and MINJ severity levels for speeds above 75 mph. This could be attributed to
the fact that higher speeds are linked to greater injury severity, including fatal injuries, as
indicated in previous studies (Malyshkina and Mannering 2008; Alnawmasi and Mannering
2022). Higher speeds may contribute to increased injury severity in single-vehicle ROR crashes.

The airbag was found to be statistically significant. The model estimates for the airbag
are significant with p-values of less than 0.0003 for MINJ, and less than 0.0001 and 0.0047 for
mean heterogeneity and variance heterogeneity for PDO. The pseudo-elasticity analysis reveals
that the airbag decreases the likelihood of PDO and MINJ severity by 8.58% and 3.32%,
respectively. It should be noted that due to the randomness of this variable, its impact varies in
magnitude on PDO severity. Past studies also highlight the safety significance of airbag presence
(Roque, Jalayer, and Hasan 2021; Gabauer and Gabler 2010).

The last significant variable for an ROR crash involving a PC is the ejection of the
occupant, which is highly intuitive. The model estimates the coefficient for ejection as 4.04 with
a p-value of 0.0001 for serious or fatal injury. To put this into perspective, the probability of an
occupant sustaining a serious or fatal injury in a single-vehicle ROR crash involving a passenger
car increases by 9.36% if the occupant is partially or fully ejected. This finding aligns with past

studies that demonstrate a significant increase in the probability of serious injury when an
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occupant is ejected (I. U. Khan and Vachal 2020; Viano, Parenteau, and Edwards 2007; Viano

and Parenteau 2018).

Table 10. Mixed logit model results for SUV

Variable Coefficient S.E. p-Value
Constant (MINJ) 0.07300* 0.15135 0.0902
Age (PDO) -0.01317** 0.00551 0.0168
Alcohol (MINJ) 1.04952*** 0.30718 0.0006
Alcohol (SFINJ) 1.17039*** 0.34365 0.0007
Seatbelt (MINJ) -1.72756%** 0.29409 0.0000
Seatbelt (SFINJ) -2.57183*** 0.31419 0.0000
Vehicle model after 2010 (PDO) -0.82367*** 0.30859 0.0076
Vehicle model after 2010 (MINJ) -0.89927*** 0.29462 0.0023
Daylight (PDO) -0.40467* 0.20688 0.0505
Travel speed b/w 61 and 75 mph (SFINJ) 0.52305** 0.24943 0.0360
Harmful event - Rollover (PDO) -1.71703*** 0.25553 0.0000
Harmful event—Concrete Barrier (PDO) 1.30911* 0.67187 0.0514
Harmful event—Concrete Barrier (MINJ) 1.52995** 0.65495 0.0195
Weekend (PDO) 0.40492* 0.20977 0.0536
Eject (SFINJ) 3.65703*** 0.86062 0.0000
Heterogeneity in means

Airbag (PDO) -2.40659*** 0.40833 0.0000
Airbag (MINJ) -1.10676*** 0.31430 0.0004
Weather (PDO) 1.22862*** 0.36864 0.0009
Heterogeneity in variance

Airbag (PDO) (MINJ) 3.14902%** 0.73367 0.0000
Weather (PDO) 1.53542* 0.82195 0.0618
Number of observations 1667
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Table 10. Mixed logit model results for SUV (continued)

Variable Coefficient S.E. p-Value
Log-likelihood -920.26489

Restricted log-likelihood -1124.97898

Chi squared 409.42818

Note: ***, ** * indicates significance at 1%, 5%, 10% level, respectively.

(PDO) defined for no injury; (MINJ) defined for minor injury; (SFINJ) defined for serious or fatal injury.

Similarly, a mixed logit model was developed with heterogeneity in mean and variance
for single-vehicle ROR crashes involving sport utility vehicles. A total of 1,667 observations
were used in the model development. The log-likelihood and restricted log-likelihood values for
the developed model are -920.265 and -1124.979, respectively. The mixed logit model
estimation results for SUV can be seen in Table 10, and average pseudo-elasticity values in
Table 11. The majority of the significant variables for SUVs are the same as for PCs, with a few
exceptions, including daylight, concrete barriers, weather, and weekends. The probability of
sustaining no injury in a ROR crash involving an SUV decreases by 3.1% if there is daylight.
The presence or absence of daylight significantly affects driver visibility. Previous studies have
also shown that daylight decreases the probability of high-severity crashes (Kim et al. 2013; Wu
et al. 2014). The parameter for weather was found to be normally distributed with heterogeneity
in mean and variance of 1.228 and 1.535, respectively, for no injury. This indicates that for a
single-vehicle ROR crash involving an SUV, clear weather increases the probability of no injury
by 2.53% (i.e., it decreases the probability of minor and serious or fatal injury). Concrete barriers
were also significant, with a coefficient estimate of 1.309 and 1.529 for PDO and MINJ severity
categories. This means that concrete barriers are associated with increased occurrences of no
injury and minor injury. To further reduce the severity of injuries, the installation of energy-

absorbing devices on the concrete barrier surface is recommended.
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Table 11. Average Pseudo elasticities of significant variables for SUV

Variable Elasticity effect

PDO MINJ SFINJ
Age (PDO) -0.0658 - -
Alcohol (MINJ) - 0.0300 -
Alcohol (SFINJ) - - 0.0291
Seatbelt (MINJ) - -0.2204 -
Seatbelt (SFINJ) - - -0.2281
Vehicle model after 2010 (PDO) -0.0976 - -
Vehicle model after 2010 (MINJ) - -0.1346 -
Weather (PDO) 0.0253 - -
Daylight (PDO) -0.0310 - -
Travel speed b/w 61 and 75 mph (SFINJ) - - 0.0141
Harmful event - Rollover (PDO) -0.0607 - -
Harmful event—Concrete Barrier (PDO) 0.0125 - -
Harmful event—Concrete Barrier (MINJ) - 0.0150 -
Weekend (PDO) 0.0181 - -
Eject (SFINJ) - - 0.0709
Airbag (PDO) -0.0422 - -
Airbag (MINJ) - -0.0183 -

The final mixed logit model was developed for a pickup/passenger van. There was a total
of eleven significant variables, including two random parameters with a normal distribution. The
model development included a total of 1612 observations. Careless driving was found to be
significant for pickup drivers involved in single-vehicle ROR crashes. The probability of a
pickup occupant sustaining no injury during an ROR crash increases by 1.10% due to careless
driving. The estimated parameter of road surface condition was positively associated with no

injury and minor injury. It is surprising to observe that wet/icy road conditions increase the

78



probability of no injury and minor injury. However, one reasonable explanation for this could be
that drivers become more alert in response to poor road surface conditions and drive carefully by
reducing their speed. In contrast, drivers are more likely to drive at high speeds on normal road
surface conditions, which may result in serious injury in the event of an ROR crash, as
demonstrated in past research (Hou et al. 2019). Traveling at speeds between 61 and 75 mph was
significant for pickups, with an estimated parameter of 1.160 for the serious or fatal injury
category. The elasticity value shows that the probability of serious or fatal injury for pickup
occupants involved in ROR crashes increases by 2.74% when traveling at speeds between 61 and
75 mph. This finding is intuitive, as the likelihood of an increase in injury severity is higher at

higher speeds.
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Table 12. Mixed logit model results for pickup/passenger van

Variable Coefficient S.E. p-Value
Constant (PDO) 1.35121** 0.58949 0.0219
Age (PDO) -0.03998*** 0.01122 0.0004
Careless (PDO) 0.67899* 0.38217 0.0756
Vehicle model after 2010 (PDO) 0.77900** 0.35995 0.0305
Vehicle model after 2010 (MINJ) 0.83265** 0.33671 0.0134
Surface condition (PDO) 1.38978*** 0.46724 0.0029
Surface condition (MINJ) 0.88208** 0.41895 0.0353
(ngmﬁpeed blw 61 and 75 mph 1.16003%** 0.35142 0.0010
Northeast (PDO) 1.65410** 0.82899 0.0460
Harmful event - Rollover (PDO) -1.62051*** 0.41761 0.0001
Airbag (PDO) -1.81220*** 0.44215 0.0000
Eject (SFINJ) 4.57945%** 1.36518 0.0008
Heterogeneity in means

Seatbelt (MINJ) -1.77162*** 0.46824 0.0002
Seatbelt (SFINJ) -2.95515*** 0.73713 0.0001
Alcohol (MINJ) 0.82151* 0.43924 0.0614
Alcohol (SFINJ) 0.95061* 0.49060 0.0527
Heterogeneity in variance

Seatbelt (MINJ) (SFINJ) 2.43698*** 0.83101 0.0034
Alcohol (MINJ) (SFINJ) 2.81807** 1.11604 0.0116
Number of observations 1612

Log-likelihood -915.26533

Restricted log-likelihood -1096.41506

Chi squared 362.29946

Note: *** ** * indicates significance at 1%, 5%, 10% level, respectively.

(PDO) defined for no injury; (MINJ) defined for minor injury; (SFINJ) defined for serious or fatal injury.
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Table 13. Average Pseudo elasticities of significant variables for pickup/passenger van

Variable Elasticity effect

PDO MINJ SFINJ
Age (PDO) -0.1759 - -
Careless (PDO) 0.0110 - -
Alcohol (MINJ) - 0.0236 -
Alcohol (SFINJ) - - 0.0250
Seatbelt (SFINJ) - - -0.0921
Seatbelt (MINJ) - -0.0973 -
Vehicle model after 2010 (PDO) -0.0267 - -
Vehicle model after 2010 (MINJ) - -0.0901 -
Surface condition (PDO) 0.0566 - -
Surface condition (MINJ) - 0.0315 -
Travel speed b/w 61 and 75 mph (SFINJ) - - 0.0274
Northeast (PDO) 0.0052 - -
Harmful event - Rollover (PDO) -0.0480 - -
Airbag (PDO) -0.0684 - -
Eject (SFINJ) - - 0.0409

4.6. Conclusions

To recap, the primary objective of this study was to assess and compare the various
factors influencing injury severity in single-vehicle run-off-road crashes across different vehicle
categories, such as passenger cars, sport utility vehicles, passenger vans, and large trucks. For
each of these vehicle types, three distinct mixed logit models were developed, incorporating
variations in means and standard deviations. The majority of the significant variables were
consistent across all three vehicle classes, including driver age, alcohol or drug usage, seatbelt

utilization, airbag deployment, higher travel speeds, and vehicle model years post-2010. Notably,
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it was observed that as driver age increased, the likelihood of changes in injury severity
outcomes was notably higher for pickup drivers when compared to passenger car and SUV
drivers. Across all three vehicle classes, the utilization of seatbelts proved highly effective in
mitigating injury severity during run-off-road crashes. Passenger cars exhibited a connection
with heightened injury severity at relatively higher travel speeds (above 75 mph), especially
when compared to SUVs and pickups traveling between 61 and 75 mph. For future research, it is
advisable to separately examine each vehicle class to discern the factors contributing to injury
severity in run-off-road crashes, using more extensive crash datasets than those employed in this
study. This study serves to provide valuable insights into both the commonalities and distinctions
among the factors impacting injury severity in run-off-road crashes across various vehicle
classes. Furthermore, it offers practical guidance for decision-making among practitioners and

safety stakeholders, aimed at enhancing safety measures in run-off-road incidents.
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CHAPTER 5: CONCLUSIONS

This dissertation investigated factors contributing to injury severity in three distinct types
of single-vehicle crashes: rollover crashes, rural lane departure crashes, and run-off-road (ROR)
crashes. By employing advanced statistical modeling techniques, spatial analysis methods, and a
comprehensive examination of crash data, this research offers invaluable insights into the
underlying causes and potential countermeasures for mitigating the consequences of these high-
risk crash scenarios.

Integrating the findings from the three chapters, several overarching themes and
implications emerge, highlighting the critical role of driver behavior, vehicle characteristics,

roadway design, and targeted interventions in improving road safety.

5.1. Driver Behavior and Occupant Protection

Across all three types of crashes examined, driver behavior and occupant protection
measures emerged as pivotal factors influencing injury severity. Speeding, impaired driving
(alcohol/drug use), and lack of seatbelt usage consistently contributed to an increased likelihood
of severe or fatal injuries. These findings underscore the importance of promoting responsible
driving practices, enhancing enforcement efforts, and implementing educational campaigns to
raise awareness about the life-saving benefits of seatbelt usage.

Notably, the analysis of rollover crashes (Chapter 2) and ROR crashes (Chapter 4)
identified seatbelt usage as a highly effective countermeasure in mitigating injury severity. This
finding aligns with well-established research on the protective capabilities of seatbelts and
highlights the need for continued efforts to promote their widespread adoption.

Furthermore, the study on ROR crashes (Chapter 4) revealed that certain driver

demographics, such as older age, particularly among pickup drivers, were associated with a
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higher risk of severe injuries. This insight suggests the need for targeted educational programs

and age-specific interventions to address the unique challenges faced by different driver groups.

5.2. Vehicle Characteristics and Technology

The research findings also shed light on the role of vehicle characteristics and
technological advancements in enhancing occupant safety. For instance, the deployment of
airbags was found to be beneficial in reducing the severity of injuries in both rollover crashes
(Chapter 2) and ROR crashes (Chapter 4). This underscores the importance of promoting the
adoption of advanced safety features and encouraging the integration of new technologies into
vehicle design.

Additionally, the analysis of ROR crashes (Chapter 4) revealed that newer vehicle
models (post-2010) were associated with a lower risk of severe injuries, potentially due to
improved crashworthiness and safety features. This finding highlights the continuous progress in
vehicle safety engineering and the potential benefits of accelerating the turnover of aging vehicle

fleets.

5.3. Roadway Design and Infrastructure Improvements

The research findings also emphasize the crucial role of roadway design and
infrastructure improvements in mitigating the consequences of single-vehicle crashes. For
rollover crashes (Chapter 2), factors such as higher posted speed limits, undulating terrain, and
roadside/median rollovers were identified as contributing to increased injury severity. These
insights suggest the need for targeted interventions, such as speed limit reductions in high-risk
areas, roadside embankment flattening, and the installation of barriers or guardrails to prevent

roadside departures.
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Furthermore, the spatial analysis of rural lane departure crashes (Chapter 3) identified
hotspots and high-risk areas within the study region. This information can guide the prioritization
of infrastructure improvements, such as rumble strip installations, enhanced delineation, and

advisory speed markings in curves, effectively addressing localized risk factors.

5.4. Integrated Approach and Data-Driven Decision-Making

One of the overarching implications of this research is the need for an integrated
approach to road safety that combines engineering, enforcement, and educational strategies. By
leveraging the insights gained from comprehensive crash data analysis, spatial modeling, and
vehicle-specific factors, transportation agencies and safety stakeholders can develop targeted and
effective countermeasures tailored to specific crash types, road conditions, and driver
demographics.

Moreover, the methodologies employed in this research, including advanced statistical
modeling and spatial analysis techniques, demonstrate the value of data-driven decision-making
in the field of traffic safety. By integrating diverse data sources, such as crash records, citation
data, and geographic information systems (GIS), this research provides a framework for
identifying high-risk areas, quantifying crash clusters, and evaluating the effectiveness of

interventions over time.

5.5. Future Research and Policy Implications

While this dissertation offers significant contributions to the understanding of single-
vehicle crash dynamics and injury severity factors, it also highlights several avenues for future
research and policy implications.

First, the study on ROR crashes (Chapter 4) suggests the need for vehicle-specific

analyses to gain deeper insights into the unique factors contributing to injury severity for
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different vehicle classes. By leveraging more extensive crash datasets and focusing on individual
vehicle types, future research can inform targeted safety initiatives and design standards tailored
to the specific characteristics of passenger cars, SUVs, pickups, and other vehicle categories.

Second, the findings related to driver behavior and occupant protection underscore the
importance of ongoing public education campaigns, enforcement strategies, and policy
interventions. Initiatives such as graduated licensing programs, stricter impaired driving laws,
and incentives for the adoption of advanced vehicle safety features can play a crucial role in
fostering responsible driving practices and enhancing occupant protection.

Third, the spatial analysis techniques employed in this research (Chapter 3) highlight the
potential for integrating geographic information systems (GIS) and spatial modeling into road
safety decision-making processes. By identifying high-risk areas and crash hotspots,
transportation agencies can prioritize infrastructure improvements, allocate resources more
effectively, and collaborate with local communities to address localized safety concerns.

Finally, the findings related to roadway design and infrastructure improvements
(Chapters 2 and 3) emphasize the need for continued investment in road safety engineering,
including the implementation of proven countermeasures such as rumble strips, safety edges, and
enhanced delineation. Furthermore, the adoption of innovative technologies, such as connected
and automated vehicle systems, could potentially mitigate the risks associated with single-
vehicle crashes by enhancing vehicle stability, collision avoidance, and occupant protection.

In conclusion, this dissertation provides a comprehensive examination of the factors
influencing injury severity in single-vehicle crashes, offering valuable insights and implications
for transportation agencies, policymakers, vehicle manufacturers, and safety stakeholders. By

integrating the findings from multiple perspectives, this research highlights the importance of a
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collaborative, data-driven approach to road safety, emphasizing the roles of driver behavior,
vehicle technology, roadway design, and targeted interventions in reducing the devastating

consequences of these high-risk crash scenarios.
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