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ABSTRACT

Evident similarities and links between the outcomes of traffic crashes and stranded (or
constrained) mobility have been identified and are reported in this research. Generally, a high level
of travel activities is an indicator of high crash exposure. However, studies have shown that the
highest rates of traffic fatalities occur in low- and middle-income regions, where many citizens
experience relatively low levels of motorized travel. This ironic observation reveals serious
challenges facing transport mobility systems in the less privileged regions of the world. Studies on
traffic crashes and mobility constraints also reveal that they both have individual and regional
variations in their occurrence, effects, and severities. Consequently, the outcomes of traffic crashes
and constrained mobility are serious public health concerns worldwide.

As public health problems, their study is analogous to the study of diseases and other
injuries and thus, suitable for the application of epidemiological techniques. This dissertation
therefore explores the use of epidemiological techniques to analyze traffic crashes and
mobility/accessibility constraints from a human-centered perspective. The dissertation therefore
consists of two major focus areas. The first part of the study applies widely used
epidemiology/public health — based statistical tools to analyze traffic crashes with the aim of
gaining better understanding of the human-centered causes and factors that influence these causes,
and how these ultimately affect the severity of crashes. This part is further divided into two sub-
sections. The first sub-section used latent class analysis to identify homogeneous clusters of

human-centered crash causal factors and then applied latent class logit and random



parameters logit modeling techniques to investigate the effects of these factors on crash outcomes.
The second sub-section of the first part of the dissertation applies multilevel regression analysis to
understand the effects of driver residential factors on driver behaviors in an attempt to explain the
area-based differences in the severity of road crashes across sub-regions. Both studies are
necessary to develop potential human-centered mitigations and interventions and for the effective
and targeted implementation of those countermeasures. The second part of the study provides an
epidemiological framework for addressing mobility/accessibility constraints with a view to
diagnosing symptoms, recommending treatment, and even discussing the idea of transmission of
constrained mobility among city dwellers. The medical condition, hypomobility, has been used to
connote constrained mobility and accessibility for people in urban areas. In transportation and
urban studies, hypomobility can result in a diminished ability to engage in economic opportunities
and social activities, hence deepening poverty and social exclusion and increasing transport costs,
among other negative outcomes. The condition is especially pronounced in poor urban areas in
developing countries. The framework proposed in this study is expected to help identify and
address barriers to mobility and accessibility in the rapidly growing cities throughout the
developing world, with particular applicability to the rapidly developing cities in Sub-Saharan
Africa.

Ultimately, this dissertation explores the application of epidemiological techniques to two
major transportation problems: traffic safety and constrained mobility. The techniques presented
in this dissertation provide policy makers, agencies, and transport professionals with tools for

evidence-based policies and effective implementation of appropriate countermeasures.
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CHAPTER 1

INTRODUCTION

1.1 Overview of Transport Mobility and Traffic Safety

The primary objective of transportation systems is to provide mobility and accessibility for
people and goods. The ability of people to move efficiently within, and between cities to access
jobs, goods, and services is a crucial driver of the quality of life, and a prerequisite for a balanced
socioeconomic functioning and prosperity of society. Modern concepts of time and space have
hence stimulated the development of mobility as a means of enhancing access to socioeconomic
activities. Access to wide range of dispersed basic needs such as hospitals, shopping centers, and
schools, among others require some convenient mode of transport. The availability of transport
options, and the way they are delivered, can also present major challenges to the economic growth
of a region. In today’s world, motorized transport, predominantly automobile transport, has
broadened the ability to reach places far away in an easier, faster way than ever before.
Consequently, the demand for increased fast, long-distance travel is socioeconomically linked with
processes of contemporary globalization (Hall, 2005). Transportation infrastructure investments
in many regions of the world have therefore been skewed in favor of fast mobility systems, as
these transport modes are considered to be drivers of socioeconomic growth. Most cities today are
built around the needs of the automobile and not the people, where roadway geometry has been
designed to meet the requirements of vehicles — typically at the highest speeds possible. This

practice and general socioeconomic conditions of the region have led to making changes to where



and how people live (Wright, 2005; Kenworthy and Laube, 1996). Individual-level’s
socioeconomic status and the income level of a region dictate what mode of transport they are
likely to use and their level of travel activities in general. As travel becomes faster, cheaper, and
easier for those who can afford the faster motorized modes, it consequently becomes more
challenging for the poor and other disadvantaged groups. This diminishes the ability of those
members of society who depend on slow mobility modes, such as walking, as their primary mode
of transport to engage in competitive economic and social activities. This group of road users face
many challenges in meeting their daily mobility and accessibility needs. Their reach of basic
necessities of life become constrained due to changes in land use pattern and transport
infrastructure that favor motorized transport. Over time, the poor, disadvantaged groups, and even
entire regions become alienated and may even be socioeconomically excluded, further plunging
them into extreme poverty. This phenomenon is especially pronounced in poor urban areas in
developing countries, where social and economic inequalities have become prominent features of
the development and urbanization processes.

Another major consequence of the rapid motorized mobility paradigm has been increased
traffic crashes. The World Health Organization (WHO) estimates that road traffic crashes are
responsible for nearly 1.3 million deaths annually, with millions of people sustaining varying
degrees of injury (WHO, 2015). Traffic crashes have been observed to exhibit geodemographic
differentials in the frequency of occurrence and severities across regions. Studies of the trend of
crashes reveal that they occur in clusters at specific sites, along some particular sections of the
road, or concentrated in some sub-regions (Roberts and Power, 1996). It is ironic that developing
economies in their early stage of the motorization process experience the highest transport-related

fatalities, with people who depend on low mobility modes disproportionately represented. The



WHO (2015) further reported that more than 90% of road traffic fatalities occur in low- and
middle- income countries, where it is known that many of their citizens rely on non-motorized and
often slower mobility modes. Moreover, nearly half of all road traffic fatalities involve pedestrians,
cyclists, and motorcyclists, the so- called vulnerable road users. It has been shown that though
high- income sub-regions record high numbers of crashes, few fatalities are recorded compared to
low- income sub-regions, where relatively lower number of crashes result in high fatality rates
(WHO, 2015). Even within high-income countries, people from lower socioeconomic
backgrounds are more likely to be involved in fatal road traffic crashes. A strong correlation can
therefore be observed between crashes and socioeconomic conditions. According to Traynor
(2009), the means by which economic conditions impact crash-injury severity can be grouped into
two broad categories as: at regional level - public expenditures on transport infrastructure, traffic
law enforcement, and emergency response and the quality of the medical care available to crash
victims; and at individual level - decisions regarding vehicle choice, use of protective equipment,
and driving behavior. It can therefore be noted that the disproportional distribution of crashes and
traffic fatalities among regions can be attributed to a wide range of factors, broadly classified into
sub-regional and individual-level characteristics. This means that chances of being involved in or
dying from a road traffic crash is a function of location (where the individual involved in the crash
lives and/or where the crash occurred) and what mode of transport is being used.

There is evidence of a relationship between traffic crash outcomes and transport mobility
within the socioeconomic definition of a region. Extreme constraints on sustainable levels of
physical mobility of people and accessibility of place are seen to negatively impact individuals’
and regional socioeconomic growth and also strongly correlate with traffic fatalities.

Consequently, the outcomes of these two human-centered transportation problems are serious



public health concerns worldwide. As public health problems, their study is analogous to the study
of diseases and other injuries and thus, suitable for the application of epidemiological techniques.
This dissertation therefore explores the techniques to analyze traffic crashes and
mobility/accessibility constraints from epidemiological, etiological, and preventive perspectives.
This research explores these two major transport challenges to help policy- and decision- makers

develop evidence-based solutions to address them.

1.2 Traffic Safety and Constrained Mobility as Public Health Conditions

1.2.1 Traffic Crashes as a Public Health Condition

Crashes account for a significant proportion of morbidity and mortality and are responsible
for more years of life lost than many diseases (Petridou and Moustaki, 2000). Putting the issue in
a public health context, the WHO reported that traffic crashes were the ninth leading cause of
deaths worldwide behind such killers as: heart disease, stroke respiratory/pulmonary conditions,
HIV/AIDS, diarrheal diseases, and diabetes (WHO, 2014). It therefore seems possible that to study
traffic crashes as a whole may be akin to studying diseases, where the individuals involved in the
crash are “patients” and crash severities representing different outcomes of the disease. Like most
diseases, traffic crashes are preventable if the dynamics of their causes and prevalence are fully
understood. Health outcomes may vary among patients and also across geographies. This variable
health-outcome of diseases feature is also exhibited by traffic crashes as it has been shown that
that the number of road traffic crashes as well as severities resulting therefrom, differ in their
geographic location and road user type, and possibly the causal circumstances. For instance, in
2013, WHO reported that the African region had the highest road traffic fatality rate, at 26.6 per

100,000 people, while the European region had the lowest rate, at 9.3 per 100,000 people; and



approximately half of all road traffic deaths were among those with the least protection —
motorcyclists, cyclists, and pedestrians. Globally, road traffic crashes are the main cause of death
among those aged 15-29 years (WHO, 2015). Such variations in the “crash-health” outcome may
be linked to individual crash “patients” and or regional characteristics. Understanding the
contributing circumstances that lead to these variations require detailed diagnostics of the health
problem. Diagnosis of disease on the other hand depends fundamentally on causation. For instance,
if it is established that the occurrence of a disease is associated with a place, it can be inferred that
factors that increase the risk of the disease are present either in the persons living there or in the
environment, or both (CDC, 2012). This information is a necessity in identifying treatment
measures and how best to apply them. Causation is, however, not easy to establish in traffic crash
analysis. According to Norman (1962), the multiplicity of factors operating in the causation pose
a challenge in identifying any single preventive countermeasure adequate enough to achieve
effective minimization of traffic crashes. One of the early attempts by researchers to gain in-depth
understanding of crash causal factors was the Indiana Tri-Level Study. From this study, Treat et
al (1979) observed that human errors and deficiencies were definite or probable causes in over
90% of the crashes examined. Vehicle factors and roadway/environmental characteristics make up
10% of the crashes. The leading direct human causes identified in the study included improper
lookout (probable cause in 23% of accidents), excessive speed (17%), inattention (15%), improper
evasive action (13%), and internal distraction (9%).

As a public health problem, traffic crashes may best be studied using epidemiological
techniques. Methods adopted in public health for the study, control, and prevention of
epidemiological conditions provide a useful framework and scientific approach for the study of

traffic crashes (Norman, 1962). Identifying factors that are associated with traffic crashes will help



to identify populations at increased risk of crashes. The application of epidemiological techniques
to traffic crashes will make possible the assessment of the relative influence of the different

contributing factors, since it is a necessity for the application of treatment measures.

1.2.2 Constrained Mobility as a Public Health Condition

As cities get larger and the distances between homes, workplaces, and community services
get longer, the use of non-motorized transport modes become less feasible. In order to overcome
these long distances, urban mobility is now predominantly motorized with the automobile as the
dominant mode in many cities. As a consequence of rapid urbanization, transport systems have
come under growing strain, exacerbated by transport- related pollutions, traffic crashes, and an
ironic decline in travel speeds in a modern era where transport means achieving fast mobility
(Lerner, 2011). Many of the world’s cities currently face an unprecedented mobility and
accessibility crisis, and are characterized by unsustainable mobility systems. The design of
transportation infrastructures and the growth of cities around the automobile have negatively
impacted accessibility and mobility and have led to a degraded quality of urban life especially for
vulnerable groups. In spite of the rapid growth in motorized transport, some urban dwellers face
tremendous difficulties to access many places within cities. While many city dwellers suffer from
inability to access basic services, lacking adequate or affordable transport to reach health care,
markets, and access to socioeconomic opportunities, equally vast numbers who have access to
transport spend their travel time stationary, sitting in congested cities, with degraded air quality.

Class and income disparities have been deeply embedded in the spatial arrangements and
mobility challenges of many cities (UN-HABITAT 2013). Some groups in the society enjoy fast

travel and the others, while depending on the slower modes, suffer the negative consequences of



the faster modes. Adams (2000) describes the phenomenon as one of the simultaneous existence
and asymmetric distribution of an overabundance of mobility, defined by the medical conditions
—hypermobility, and its opposite, a shortage of mobility — hypomobility. Hypermobility endangers
the quality of life and the ecological sustainability of modern society (Adams, 2001). Hypermobile
individuals derive benefits from their fast mobility lifestyle but do not pay the full cost of their
travel behaviors. For example, the cost of traffic crashes, property damage, community severance
and pollutions resulting principally from the development of high mobility transport systems are
absorbed by everybody in the community, the majority of whom depend on slow transport modes,
but with the highly mobile individuals deriving the most benefits from the transport system.
Hypomobility (or constrained mobility), on the other hand, describes the state of insufficient
mobility and reduced accessibility, resulting in usually short and infrequent trips, and consequently
loss of opportunities in a world that strives on sufficient amounts of accessibility and mobility
(Greico et al. 2008). Constrained mobility and reduced accessibility segregate and alienate the
poor from the rest of society. Hypomobility, as a phenomenon, can affect an individual, groups,
or even a region. The condition is experienced through the ability or inability of an individual or
group (human characteristics) to physically move from place to place and the level of
reach/accessibility of basic needs and opportunities within a given region (regional
characteristics). Constrained mobility and transport inaccessibility can result in a diminished
ability to engage in economic opportunities and social activities, hence deepening poverty, social
exclusion, increasing costs of transport, among other negative outcomes. The transport
hypomobility epidemic that has engulfed many cities is causing harm to urban dwellers and
reducing the economic prosperity and viability of these cities. The condition is practically a public

health concern. The condition has been observed to be especially pronounced in poor urban areas



in developing countries. The urban poor and other vulnerable groups are particularly exposed to
the condition. By treating hypomobility as an urban ailment, it can be captured in a framework
using epidemiological techniques. In doing so, the explicit diagnosis of causes and symptoms can

lead to targeted treatments.

1.3 Motivation for the Dissertation Research

Road traffic crashes are a leading cause of deaths and injuries. Though human factors have
been shown to dominate the causation of crashes (Tillman and Hobbs, 1949; Treat et al 1979;
Hendricks et al 1999), many crash studies have focused mainly on roadway characteristics (e.g.
Safety Performance Functions) and environmental factors. This may partly be due to the vagueness
of what constitutes human factors in crash causation. Traditionally, human factors have been
defined as the immediate chain of actions undertaken by a driver that resulted into the crash. This
definition is premised on crash accounts as reported by the victims themselves, witnesses or by
professionals trained to investigate and record crashes. Driver demographic characteristics, driving
styles, and the sub-regional characteristics of where they live influence their exposure to traffic
crashes (Tillman and Hobbs, 1949). It therefore seems appropriate to state that both the human-
centered and societal characteristics which influence driving behavior in a way which can affect
the chances of crash occurrence constitute human factors in traffic safety. It is arguable that the
immediate actions leading to a crash (e.g. speeding, failure to yield, drunk driving etc.) may be the
results of driving habits that have been “encouraged” by society. Societal factors such as culture,
socioeconomics, and policies influence drivers’ lifestyles and driving styles, irrespective of driver
age or gender. For instance, some risky driving behaviors, such as failure to use seatbelt, may be

normal in societies due to lack of policies or no enforcement of traffic safety laws. These extrinsic



sociocultural factors are typically unaccounted for during the crash reporting process. In effect, the
root “cause” of the immediate chain of actions/events leading to traffic crashes are often either
ignored or treated as though they have no bearing on the crash event.

While human factors have been limited to the immediate driver errors, crash studies
involving human factors have to go beyond human errors to holistically include regional
characteristics that influence the driving behaviors that put some individuals or groups among the
population at greater risks of getting into road traffic crashes. It is also possible that the variations
in safety performance between regions may either be directly due to differences among driving
styles of people who live there; or groupings based on regions may arise for reasons more
associated with the characteristics of the regions. This implies that regions and their residents can
exert influences on each other, suggesting different sources of variations in crash outcomes across
regions. As such, it can be argued that driver characteristics that increase the likelihood of being
involved in a crash may be explained through the sub-regional characteristics of where he or she
lives. Individuals who share common sub-regional characteristics are likely to be more similar
than others, to the extent that they may be similar in their exposure to crashes. This means that
instead of viewing each crash event as an independent unit, there may be great value in exploring
similarities and possible dependencies based on the characteristics of the drivers’ residential
region. In the conventional crash analysis involving human factors, the influence of these regional
characteristics in crash causation is masked by the immediate action leading to the crash. These
factors therefore do not show up as immediate and obvious contributors to crash causation. In
effect, the underlying “cause” of the human-centered crash causal factors are often either ignored
all together in safety analyses, or treated as though they act independently of the crash event or the

individual involved in the crash. A move from the conventional approach to traffic safety studies



therefore requires a new understanding of how underlying human characteristics, regional
characteristics, and their interactions influence risky driving behaviors in crash causation.
Evident relationship between traffic crash outcomes and the level of travel activities
(measured in terms of mobility and accessibility) are well known. Generally, high levels of travel
activities is an indicator of high crash exposure. However, studies have shown that the highest
rates of traffic fatalities occur in low and middle income regions where many of their citizens
experience low levels of motorized travel. This ironic observation reveals serious challenges facing
transport mobility systems in the less privileged regions of the world. Similar to crashes, transport
mobility challenges vary greatly across the population. Individual and regional level factors can
put constraints on the extent of mobility citizens can consume. For instance, the development of
overly motorized urban mobility systems as sign of modernity and economic growth, is a driver
of hypomobility for those without access to motorized transport. The situation is particularly acute
in the cities of the developing world where the urbanization process and growth in motorized
transport are occurring so fast that if current trends continue, these cities will soon grind to a halt
for lack of adequate infrastructure. Mobility in developing cities is therefore not achieving its
purpose of increasing accessibility. Land use decisions and urban transport planning practices have
locked cities in extreme conditions of transport hypermobility and hypomobility. While the rich
and powerful elite in the society are more likely to be hypermobile, the poor and vulnerable are
more likely to be hypomobile. This segregation has seen a decline in the provision and support for
mobility modes that the poor depend on. Adverse effects of the growing imbalance in the levels of
mobility between the rich and the vulnerable poor city dwellers represent both public security and

health concerns.
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As public health problems, the study of constrained mobility/accessibility and traffic
crashes study is analogous to the study of diseases and other injuries and thus, suitable for the
application of epidemiological techniques. Methods adopted in public health for the study, control,
and prevention of epidemiological conditions provide a useful framework and scientific approach
for the study of these two transport challenges. The multiple circumstantial factors involved in
their respective causations make the use of epidemiological techniques appropriate. The work
performed in this dissertation therefore explores the use widely used robust epidemiological
methods to study these two transportation-based public health problems. The application of
epidemiological studies in this research makes possible the assessment of the relative importance
of the contributing factors. Identifying factors that are associated with these conditions will help
to identify populations at increased risk, so that target countermeasures and treatment measures

may be effectively implemented.

1.4 Structure of the Dissertation

The primary focus of this research is to explore the use of epidemiological techniques to
analyze traffic crashes and constrained mobility/accessibility. The dissertation therefore consists
of two major focus areas. The first part of the study applies widely used epidemiology/public health
— based statistical tools to analyze traffic crashes. This part is further divided into two sub-sections.
The first sub-section sought to identify homogeneous clusters of human-related crash causal
factors and also investigate the effects of these factors on crash outcomes. The second sub-section
investigates the interactive effects of sub-regional and driver characteristics in explaining regional
variations in traffic crash outcomes. The ultimate goal of the first part of the dissertation is to

provide data-driven evidence necessary to develop potential mitigations and interventions and for
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the effective and targeted implementation of human-centered crash countermeasures. The second
part of the study focuses on the use of epidemiological research methodology to develop a
framework to address the problem of constrained transport mobility and inaccessibility. Each sub-
section of the first part and the second part of the research have examined crash causal factors
related to drivers and their driving habits. This study attempts to identify homogeneous clusters of
human-related crash causal factors and also investigate the effects of these factors on crash
outcomes. This is achieved by using latent class analysis to identify segments of drivers based on
common crash causal traits, and then developing latent class logit and random parameters logit
models to identify how human-centered factors influence injury severity of crashes. Chapter 3
investigates the disparities in road traffic crashes among segments of the population and also
among regions. The study applies multilevel regression analysis to understand the effects of driver
residential factors on driver behaviors in an attempt to explain the area-based differences in the
severity of road crashes across sub-regions. Chapter 4 provides an epidemiological framework for
addressing mobility/accessibility constraints with a view to diagnosing symptoms, recommending
treatment, and even discuss the idea of transmission. Finally, a summary of the studies and

potential future study proposals are presented in Chapter 5.
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CHAPTER 2

LATENT CLASS ANALYSIS OF THE EFFECTS OF HUMAN FACTORS ON CRASH-
INJURY SEVERITIES

2.1 Introduction

Road traffic crashes occur from a combination of factors related to elements of the
transportation system, made up of the road and its environment, vehicles, and road users; with
crash outcomes ranging from property damage to death. Some factors contribute to the crash
occurrence, while others influence the outcome of the crash, or both. While the effects of some
crash causal factors such as speed can be immediately obvious, they may be linked to other
unobserved factors, such as sensation seeking nature of the driver, which are not typically
accounted for during the crash reporting process. Having a holistic understanding of crash causal
factors and how they impact on severities is necessary to develop and target countermeasures.

There is a significant body of road safety literature dedicated to the study of factors
affecting crash occurrence and severities. Multiple proposals on countermeasures have ranged
from roadway reengineering, improved vehicle safety features, and strategies to influence driver
behavior. The development of these proposals or countermeasures have been anchored on
understanding the factors that affect the likelihood of crash occurrence and/or circumstances that
influence the severity of the crash outcome. A critical component of road traffic crash analyses has
been the examination of the driver. Some drivers have habits or choose to drive in ways that
increase their likelihood of getting into a crash. For instance, driving styles such as choice of

driving speed, threshold for overtaking, headway, and inclination to commit traffic violations have
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been strongly linked to certain groups of drivers (Elander et al, 1993). According to Elander et al
(1993), while certain groups of drivers may be disproportionately represented in crash statistics,
this may be due to reasons not related to their risk of crash. One of the early attempts by researchers
to gain in-depth understanding of crash causal factors was the Indiana Tri-Level Study. From this
study, Treat et al (1979) observed that human errors and deficiencies were definite or probable
cause in over 90% of the crashes examined. The leading direct human causes identified in the
study included improper lookout (probable cause in 23% of accidents), excessive speed (17%),
inattention (15%), improper evasive action (13%), and internal distraction (9%). In a similar study,
Hendricks et al (1999) investigated the specific driver behaviors and unsafe driving acts that lead
to crashes. The study further assessed the situational, driver, and vehicle characteristics associated
with these behaviors. They found human error to be the most frequently cited contributing factor
in 99.2% of crashes, followed by environmental (5.4%) and vehicle factors (0.5%). Thus, most
crashes and their associated injuries and fatalities can be linked to some form of unsafe driving
habits (Hendricks et al 1999). It is therefore important to examine the causal driver characteristics
and also assess their driving behaviors that increase the likelihood of crash occurrence.

Many human-centered crash studies focus on the human errors which result in crash
occurrence. In doing so, these errors are treated as the main cause of crashes, while the relationship
between these errors and their human-factor catalysts are often not considered. It has therefore
become necessary to expand the scope of crash studies to identify the intrinsic and extrinsic human
factors that serve as moderators for the manifestation of these “errors” or failures and also
investigate how these factors affect driver injury severities. This user-oriented causal analysis
embodies a holistic approach where the driver characteristics are studied vis-a-vis driving

characteristics in determining how these factors collectively influence crash causation and crash
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outcomes. This paper therefore attempts to identify homogeneous clusters of human-related crash
causal factors and also investigate the effects of these factors on crash outcomes. This is achieved
by using latent class analysis to identify segments of drivers based on common crash causal traits,
and then developing latent class logit and random parameters logit models to identify how human-

centered factors influence injury severity of crashes.

2.2 Human-Centered Traffic Safety

Driver-related behavioral factors and human errors dominate the causation of traffic
crashes (Tillman and Hobbs, 1949; Treat et al 1979; Hendricks et al 1999). Driving behaviors and
styles are influenced by external and driver-specific factors. Individual and societal characteristics
which influence driving behavior in a way which can affect the chances of crash occurrence
collectively constitute human factors in traffic safety. Driver characteristics (e.g. gender, race, age,
etc.), attitudes, beliefs, and personality traits (e.g. tolerance, caution, inattentiveness, perception of
risk, sensation seeking, etc.) are some human factors that influence driving habits (Donovan, 1993;
Yu and Williford, 1993; Elander et al 1993). Societal norms and cultural practices, such as
enforcement of traffic rules and regulations, on the other hand, also play important roles in shaping
driver attitudes and beliefs. These have impacts on driving styles and can affect traffic safety
(NHTSA, 2006; Gaygisiz, 2010; Stanojevic, 2013; AAA Foundation, 2016; Atchley et al. 2014;
Schlembach et al. 2016). NHTSA (2006) observed that cultural differences and sensitivities
correlate with motor vehicle fatality and injury rates. In the U.S. for instance, racial and ethnic
groups are disproportionately killed in traffic crashes compared with the much larger non-Hispanic

White population (NHTSA, 2006). This means that with other things being equal, some human-
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centered characteristics and behaviors put some groups of the driving population at greater risk of
causing traffic crashes.

In an attempt to explore the causal link between human factors and the likelihood of
crashes, Petridou and Moustaki (2000) distinguished behavior-related factors into two major
categories: those that reduce the capability of a driver to perform driving tasks (e.g. inexperience,
accident proneness, alcohol and drug use) and those factors that influence risk taking while driving
(e.g. habitual disregard of traffic laws and regulations). Differences in the behavioral factors exist
among different demographic groups. For instance, McGwin and Brown (1999) observed that
alcohol was less likely to be a factor in traffic crashes involving older drivers, while the primary
problems with young drivers are risk-taking and lack of skill. Crashes among young drivers are
more likely to involve a single vehicle, one or more driving errors, speed as a factor, or involve
alcohol abuse. Moller and Haustein (2013) have also observed that young males are more prone
to excessive speeding influenced by peer pressure. Female drivers on the other hand are more
prone to driving errors (Shi et al 2010). Other studies have shown that inexperienced drivers are
more susceptible to errors and more likely to fail to recover when they get distracted (Groeger,
2006; Shi et al 2010). Gulliver and Begg (2007) conducted a study to examine the effects of
personality factors assessed during adolescence on persistent risky driving behavior and traffic
crash involvement among young adults. They found that for males, aggression, traditionalism, and
alienation were the personality traits most frequently associated with risky driving behavior and
crash risk. Willfully flouting driving laws and regulations may be indicative of risk taking
behavior. Blows et al (2005) identified that unlicensed drivers were at significantly higher risk of
car crash injury than those holding a valid license. Beyond the individual characteristics, certain

driving styles and behaviors also affect the severity of the crash. For instance, seat-belt non-use
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has been associated with increased risk of injury and death in a crash. NHTSA (2016) estimates
reveal that more than half of teen drivers (13-19 years) and adults aged 20-44 years who died in
crashes in 2014 were unrestrained at the time of the crash. Faster driving speeds are also known to
increase the likelihood of crash occurrence, and also the severity of the crash consequences.
Speeding-related fatalities constituted approximately a third of total traffic fatalities across the
United States between 2005 and 2014 (NHTSA, 2016). Impairment by alcohol and other drugs,
driver distraction and inattention have been cited frequently as contributing factors in crashes and
these can also affect the severity of the crash outcome (e.g. Treat et al. 1979; Hendricks et al. 1999;
Klauer et al. 2006; NHTSA, 2015).]. Statistics show that alcohol-impaired-driving fatalities
accounted for a third of all crash fatalities in the United States in 2014 (NHTSA, 2015). Driver
inattention has also been extensively linked to crash occurrence. Nearly 10 percent of fatal crashes,
18 percent of injury crashes, and 16 percent of all police-reported motor vehicle traffic crashes in
2014 were reported be distracted driving related (NHTSA, 2016).

Considering that human factors are responsible for the highest proportion of traffic crashes,
countermeasure implementation should largely be human-centered. According to Ogden (1996),
crash countermeasures achieve best results when they influence driver behavior. Human-centered
countermeasures may take the form of improved driver training and testing, education campaigns
aimed at changing driving practices, legislation to control driver behavior, and improvements to
the design of road systems and automobiles (Elander et al 1993). Promoting a culture of safe road

user behavior is required to achieve sustained reductions in road traffic injuries.
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2.3 Crash Injury-Severity Models

The primary emphasis of crash injury-severity studies is to identify factors that influence
the severity of crash outcomes. Safety researchers have relied on myriad of statistical modelling
techniques, applied to post-crash records and other non-crash specific data, to gain data-driven
knowledge and understanding into crash causal circumstances. Mujalli and De Ona (2011) have
shown that interest in identifying factors that affect crash injury severity has increased
considerably in the last few years; perhaps, due to the availability of data and proliferation of
advanced statistical packages. Depending on data characteristics and scope of studies, researchers
have the option of choosing from a wide range of statistical tools for crash severity studies.

Discrete-choice (logit and probit) models have been used extensively over the years to
analyze crash injury severity due to the classification of the severities into discrete outcomes.
These methodologies have been applied to study safety of different roadway facilities, and have
included variables that describe the crash circumstances, environmental conditions, roadway,
vehicle, and driver characteristics. For instance, Shankar, et al. (1996) used a nested logit
formulation to predict crash severity on a section of rural interstate in Washington State. This study
investigated the effect of environmental conditions, highway design, crash type, driver
characteristics, and vehicle attributes on crash severity. Haleem and Abdel-Aty (2010) and Daniels
et al (2010) also applied nested logit techniques to analyze crash severity at un-signalized
intersections and at roundabouts respectively. Other logit modelling techniques that have been
used in injury severity studies include binary logistic models (Dissanayake, 2004; Savolainen and
Mannering, 2007; Peek-Asa et al, 2010; Kononen et al, 2011), ordered logit models (Abdelwahab
and Abdel-Aty, 2001; Khattak and Rocha, 2003; Jung et al, 2010; Quddus et al, 2010),

(Malyshkina and Mannering, 2009; Schneider et al, 2009), mixed logit (Milton et al, 2008; Morgan
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and Mannering, 2011), and heterogeneous models (Quddus et al, 2010). Logit models are however
not able to handle random variations and are not applicable to panel data with temporally correlated
errors. They also do not allow any pattern of substitution (Train 2009). Probit models address these
limitations. Ordered probit model is the most used type of probit models in crash severity analysis
(e.g. Xie et al 2009; Wang, 2009; Haleem and Abdel-Aty, 2010; Zhu and Srinivasen, 2011).
Khattak et al (2002) used ordered probit modeling techniques to isolate factors that contribute to
injuries in older drivers involved in crashes. Abdel-Aty and Keller (2005) analyzed crashes at
signalized intersections to determine the expected injury severity level using ordered probit model.
Data mining techniques have also been used to analyze traffic crash injury severity. For instance,
Council and Stewart (1996) and Chang and Wang (2006) used classification and regression trees
and Chen and Jovanis (2000) appliedused Chi-squared automatic interaction detection to crash
severities. Other advanced methodologies used in literature include Bayesian networks (e.g.
Simoncic, 2004; De Ona et al. 2011), neural networks (e.g. Abdel-Aty and Abdelwahab, 2004;
Delen et al. 2006), and linear genetic programming (e.g. Das and Abdel-Aty, 2010). Latent class
approach has recently been used for analyzing driver injury severities (Xiong and Mannering,
2013; Chu, 2014; Yasmin et al., 2014).

The fundamental characteristics of crash data and purpose of study result in methodological
limitations (Savolainen et al. 2011). Many other methods have been used for crash injury severity
studies. This chapter is by no means exhaustive on the subject. Savolainen, et al. (2011) for
instance, presents a review of crash injury severity models and methodological approaches.
Similarly, Mujalli and De Ona (2011) undertook a meta-analysis and presents a documentation on

the characteristics and limitations of different modeling methods for safety researchers.
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2.4 Data Description

This study is based on 2011 — 2015 injury-related crash data for the State of Alabama,
obtained from the Critical Analysis Reporting Environment (CARE) system developed by the
Center for Advanced Public Safety at the University of Alabama. The data was filtered to select
crashes that were reported to have human-centered factors as their primary contributing
circumstance. These human-centered factors consist of driving styles, decisions, and activities
undertaken by the driver, which led to the crash. For each crash event, information on the driver’s
license status and seatbelt use were obtained. Demographic information of the causal driver was
also obtained. Observations with missing values were omitted from the dataset, resulting in a total
of 87,326 observations. Table 1 shows the summary statistics of the variables available for model
building and analysis.

Two categories of severity were adopted. Serious injury (defined as fatal or incapacitating
injury) constituted 30% of the data and minor injury (defined as non-incapacitating injury or
possible injury) made up 70% of the crash observations. Crashes involving some form of driver
error (defined to include aggressive driving, failure to yield, following too close, ran traffic control
device) made up approximately half of injury crashes. About 44% of injury crashes were reported

to involve women.
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Variable name

Description

Mean (standard deviation)

Crash Severity

Serious injury /Minor injury

0.30/0.70

Driver error Primary cause: error attributed to driver (1=Yes, 0=No) 0.49 (0.50)
DUI Primary cause: DUI (1=Yes, 0=No) 0.09 (0.29)
Speed Primary cause: Speeding (1=Yes, 0=No) 0.11 (0.32)
Distracted Primary cause: Distracted driving (1=Yes, 0=No) 0.11 (0.31)
Fatigue Driver condition at time of crash: Fatigued (1=Yes, 0=No) 0.06 (0.23)
Invalid license License status of causal driver: Invalid license (1=Yes, 0=No) 0.07 (0.26)
No seatbelt Seatbelt use: No seatbelt (1=Yes, 0=No) 0.11 (0.31)
Female Driver gender: Female (1=Yes, 0=No) 0.44 (0.50)
Black Driver race: African American (1=Yes, 0=No) 0.24 (0.43)
Young Driver age: less than 30 (1=Yes, 0=No) 0.42 (0.49)
Old Driver age: more than 60 (1=Yes, 0=No) 0.15 (0.36)
Unemployed Driver employment status: Unemployed (1=Yes, 0=No) 0.30 (0.46)

Table 2.1 Summary statistics of the variables used for model building

A third of the drivers involved in injury crashes were unemployed and about 42% of the

drivers were less than 30 years old. Some 9% of the drivers were under the influence of drugs,

alcohol, or medication, while 11% involved speeding.

2.5 Methodology

Unobserved heterogeneity is a critical issue in traffic safety research. Ignoring the
moderating effect of unobserved variables can lead to biased estimates and incorrect inferences if
inappropriate methods are used (Shaheed and Gkitza, 2014; Mannering et al., 2016). Limiting the
impact of a variable to its statistical significance in a model can mean eliminating some otherwise
risky factors. Ulfarsson and Mannering (2004) observed that an insignificant variable in one model
may be due to lack of observations. On the other hand, significance of a variable in an injury

severity model is not an automatic indication that it is an important etiologic factor.
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The ordinal nature of reporting crash injury severities make ordered probit and logit models
appropriate (Zhu and Srinivasan, 2011; Islam and Hernandez, 2013). However, these model forms
restrict the way variables influence outcome probabilities, leading to incorrect inferences
(Savolainen and Mannering, 2007; Washington et al., 2011). Compared to the traditional ordered
probability models, multinomial logit (MNL) models have a flexible structure which allows each
severity outcome to have a different function for capturing the probabilities of injury severities
(Malyshkina and Mannering, 2008; Jones, et al, 2013; Shaheed and Gkritza, 2014). This
notwithstanding, the MNL model is deficient in its application as it is susceptible to correlation of
unobserved effects from one crash severity level to the next. Such correlation leads to a violation
of the model's independence of irrelevant alternatives (I1A) property (Washington et al., 2011).
Also, the assumption that random terms in the crash severity functions in MNL models are
independent and identically distributed (11D) is often violated in practice because crash severity
functions do not contain a complete list of all contributing factors. Even though nested logit models
can capture some unobserved effects shared by some injury severity outcomes, they cannot address
unobserved heterogeneity in the data. Random parameters (mixed logit) models and latent class
(finite mixture) logit models have the ability to capture the unobserved heterogeneity by allowing
parameters to differ across observations (Morgan and Mannering, 2011; Behnood and Mannering,
2015; Mannering et al. 2016). For this study, latent class analysis was first carried out to identify
clusters of human-centered causal factors within a large set of heterogeneous crash data. Injury
severity analysis was then performed to identify explanatory factors associated with increasing
probability of particular injury severities. A traditional MNL injury severity model was first
developed to identify how the human-centered variables influence crash outcomes. Random

parameters logit (RPL) and latent class (LC) logit models were then estimated to address the
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heterogeneity challenges inherent in the MNL model. Estimation results for the RPL and the LC

logit models are then compared to select the best fitting alternative model to the MNL model.
2.5.1 Clustering of Human-Centered Factors

Latent class analysis (LCA) is a widely used model-based clustering method for discrete
data (Dean and Raftery, 2010). This modeling technique is based on the assumption that each
observation of a heterogeneous data comes from one of a number of classes, and models each with
its own probability distribution (McLachlan and Peel, 2000; Fraley and Raftery 2002). The overall
population therefore follows a finite mixture model, given as:

x ~ Yg=17f (x16;) (1)
where f is the density for group g, G is the number of groups, m, are the mixture proportions, 0 <
Ty <1,Vg, Zg=1ng = 1and 6, is the set of parameters for the group.

In LCA, the variables are usually assumed to be independent given knowledge of the group
an observation came from, an assumption of local independence. Each variable within each group
is then modeled with a multinomial density. So, given k variables, the joint group density can be
expressed as a product of the individual group densities. Given that x = (xy, ..., x;) the joint
group density is expressed as:
xlg ~ T, T, p o™ )
where 1{x =j} is the indicator function equal to 1 if the observation of the ith variable takes value
Jj and 0 otherwise, p;j, is the probability of the variable i taking a value j in group g, and d; is the
number of possible values or categories the ith variable can take. The overall density is then a
weighted sum of these individual densities, given by:
x~ 35 (mg TS T ol ™) (3)
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The model parameters p;;, and 7, can be estimated from the data (for a fixed value of G)
by maximum likelihood using the EM algorithm or the Newton-Raphson algorithm or a hybrid of
the two. The number of classes that gives the best model is selected based on the Bayesian
Information Criterion (BIC), which is computed as:

BIC = 2 * log(maximum likelihood) — (number of parameters) * log(n) 4)

where n is the number of observation. Lower BIC values indicate a better model fit. Keribin (1998)
showed BIC to be consistent for the choice of the number of components in a mixture model under
certain conditions, when all variables are relevant to the grouping. A difference greater than 10 in
BIC values is considered strong evidence that the two models are significantly different (Kass and

Raftery 1995).
2.5.2 Injury Severity Analysis
2.5.2.1 Random Parameters Logit Model

RPL model allows for heterogeneity within observed crash data by varying the elements
of the vector of estimable parameters, £3; . The outcome specific constants and elements of §; may
either be fixed or randomly distributed over all parameters with fixed means. The random
parameters logit model formulation is obtained from the standard MNL by introducing random
parameters with £ (8;|¢), where ¢ is a vector of parameters of the chosen density function (mean

and variance) (McFadden and Train, 2000; Train, 2009; Washington et al. 2011) as:
P(ilp) = [ 2B £ (5| ) d; (5)

Zviexp(BiXin)

and P, (i|¢) is the probability of injury severity i conditional on f(B;|¢).
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For model estimation, ; can now account for unobserved heterogeneity of the impact of
X on injury-severity outcome probabilities, with the density function f(B|¢) used to determine g;.
Random parameters logit probabilities are weighted average for some different values of S across
observations where some elements of the parameter vector S are fixed parameters and some may
be randomly distributed. A continuous distribution relating how parameters vary across crash
observations is assumed by the researcher. For this study the normal distribution is assumed for

model estimation (Milton et al. 2008).
2.5.2.2 Latent Class Logit Model

LC logit model offers an alternative perspective to the random parameters logit model in
terms of accommodating heterogeneity (Greene and Hensher, 2010; Behnood, and Mannering,
2015; Mannering et al., 2016). This model replaces the continuous distribution assumption of
random parameter model with a discrete distribution in which unobserved heterogeneity is
captured by membership of distinct classes (Greene and Hensher, 2010; Mannering and Bhat,
2014). A latent class logit model allows the driver injury severity to have C different classes so
that each of the classes will have their own parameters with the probability given by (Behnood et

al., 2014):

_ exp(acZy)
B(€) = 5 n ez ()

where Z,, represents a vector that shows the probabilities of ¢ for crash n, C is the possible classes
¢, and a, represents the estimable parameters (class specific parameters). The probability of driver
having injury severity i is given by:

Pn(i) = ZVC Pn(c) * Pn(i/c) (7)

25



where B, (i/c) is the probability of drivers to have injury severity level i for crash n in class c.

Based on the two equations above, the latent class logit model for class ¢ will be:

/c) = &P BicXin)
Fa(i/c) = Zviexp(BicXin) (8)

where I represents the possible number of injury severity levels and S;. is a class-specific
parameter vector that takes a finite set of values.

The latent class logit model can be estimated with maximum likelihood procedures (Greene
and Hensher, 2003). The latent class method however does not account for the possibility of
variation within a class since it assumes homogeneous characteristics of the within-class
observations (Mannering and Bhat, 2014). Greene and Hensher (2013) and Bujosa et al. (2010)
present the random parameter latent class model as an extension of the latent class logit model to
capture interactions with observed contextual effects within the latent classes.

Marginal effects are typically computed to reveal the relative impact of explanatory
variables on the dependent variable. Marginal effect in a latent class logit model is computed for
each class as the difference in the estimated probabilities with the indicator changing from zero to
one, while keeping all the other variables at their means. Greene (2007) has shown that the direct

and cross-marginal effects can be computed respectively as follows:

0Py

Dk = .BikPni(l - Pni) %)
op,

axn;c = _Bikpnipnq (10)

The direct marginal effect shows the effect of a unit change in x,,;; on the probability, P,,;,
for crash n to result in severity i. The cross-marginal effect shows the impact of a unit change in
variable k of alternative i (i # q) on the probability B,, for crash n to result in outcome q.

According to Greene (2007) and Xie et al. (2012), the final marginal effect of an explanatory
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variable is the sum of the marginal effects for each class weighted by their posterior latent class

probabilities.

2.6 Estimation Results

The objective of the first part of the study was to identify classes of human-centered causal
factors contributing to injury crashes. LCA was applied to identify seven distinct classes as
summarized by the fit statistics reported in Table 2. The classes organized around specific driving-
related actions (speeding, not wearing a seat belt, etc.) and included demographic information to
provide additional context underlying the exhibited behaviors. No significant improvement was
observed beyond seven classes. The seven class model also exhibited good separation among
classes as indicated by the entropy criterion (McLachlan and Peel, 2000), where entropy criterion
of one (1) indicates perfect classification.

Table 3 shows the probabilities of the various human causal factors contributing to each
class (parameters with class membership probability less than 0.3 were not included). The classes
in table 3 were named to capture the primary human aspects defining each class. For example,
Class 1, which accounted for roughly 2% of injury crashes was named risk takers. All drivers in
this class were driving without a valid license, 77% percent were under the influence of drugs or
alcohol, and with 48% probability of no seatbelt use at the time of the crash. The majority (63%)
of risk takers were unemployed and a third were African American. It can also be inferred that
the majority of risk takers were men as the probability of being female was less than 0.3.

Speed seekers (Class 2) were involved in about 11% of injury crashes. This group too
showed a significant contribution by unemployed drivers but the largest contribution came from

younger drivers. Interestingly, women were shown to be a significant proportion of speed seekers
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—a finding that is interesting given recent evidence of increased rates of aggressive driving among
females (e.g., Hennessy and Wiesenthal, 2001; Romano et al., 2008).

Class 3 was termed reckless drivers and comprised some 10% of injury crashes. The
reckless drivers class was similar to the risk takers expect it did not include a significant portion
of drivers without valid licenses. It did, however, exhibit significant probabilities of DUI and not
wearing seat belts and indicated that younger and unemployed drivers were an important
component of the reckless driver class.

The improper drivers class (4) accounted for 31% of injury crashes and was named such
due to the high probability of driver error being the main contributing factor. Again, unemployed
drivers were seen to be an important contributor to injury crashes and Class 4 indicates that women,
younger drivers, and African Americans were significant to the improper drivers class.

Class 5 captured injury crashes attributable to fatigued drivers and illustrated the
importance of women and young people in relation to crashes caused by tired and drowsy drivers.
Class 6 indicates that some 29% of injury crashes are attributable to driver error and that erring
drivers are mostly men (although women were found to contribute significantly to this class).
Finally, distracted driving (Class 7) accounted for 12% of injury crashes. Table 3 shows that
women and young people both represented half of distracted drivers.

Examination of the classes of human-centered factors among injury crashes revealed
interesting information on what behaviors contribute to injury crashes and, to some extent, what
types of drivers commit them. In order to develop a more nuanced understanding of how human-
centered factors affected crash severity, series of analyses were conducted to examine the extent
to which the various parameters are useful in estimating crash injury severity. A total of 12

variables were used for model building. Table 4 shows the estimation results for the RPL and the
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LC logit models. Since the RPL and LC logit models are improved extensions of the standard
MNL model, results for the MNL model has also been shown to confirm this.

The MNL model reveals that crashes involving fatigue, drivers with invalid license, no
seatbelt use, old and unemployed drivers were more likely to result into serious injury while driver
error, DUI-, speed-, and distracted driving- related crashes were more likely to be lead to minor
injuries. The MNL model also shows that female drivers, young drivers, and African American
drivers were more likely be involved in minor injury crashes. The effects of the parameters in the
MNL model are fixed across severity levels. This implies that variables are assumed to influence
either minor injuries or serious injuries, not both. The RPL model, however, reveals that driver
error, speeding, distracted driving, no seatbelt use, and young driver indicators were random
variables. The random variables significantly contributed to both serious and minor injury crashes.
This means that some proportion of crashes involving a random variable, for instance driver error,
resulted in serious injuries and some proportion resulted in minor injuries.

Two distinct classes with homogeneous attributes were identified to be significant for the
LC logit model; latent class 1 (LC 1) with probability of 0.72 and latent class 2 (LC 2) with
probability of 0.28. An inspection of the constant term defined for the serious injury function
indicates that a crash in LC 1 is more likely to result in serious injury than a crash in LC 2. One
interesting observation was that old drivers had high chance of being involved in serious injury
crashes regardless of the latent class. Driver error, driver error, DUI-, speed-, and distracted
driving- related crashes were likely to be lead to minor injuries in LC 2, but more likely to result
in minor injury in LC 1. Similarly, crashes involving females, African American, and young

drivers were likely to result in serious injury in LC 2 and minor injury in LC 1. Unemployed drivers
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were more likely to be involved in serious injury crashes in LC 1 but less likely to be involved in
same in LC 2.

The marginal effects (Table 5) show that old drivers and crashes involving no seatbelt use
respectively had 0.73% and 1.89% higher likelihood of resulting into serious injury. This outcome
IS interesting as it points to a high possibility of low seatbelt usage among older drivers. Injury
crashes involving unemployed drivers, drivers with invalid license, and fatigued driving
respectively had 4.19%, 0.32%, and 0.05% higher chance of lead to serious injury outcome. This
results also indicate that drivers with no employment have high likelihood to drive with invalid
license. Another interesting result from this study is that though a high proportion of the injury
crashes were attributed to driver error, DUI, and speeding, their outcomes were more likely to be
minor injury.

A comparison of the fit statistics (e.g. McFadden pseudo R? = 0.069, 0.183, 0.193 for MNL,
RPL and LC logit models respectively) suggest a stronger support for the LC logit model over the
MNL and RPL models. Similar conclusions have been reported by other researchers (e.g. see
Greene and Hensher, 2003; Shen, 2009; Xie et al., 2012; Wen et al., 2012). An attempt was made
to develop LC random parameters logit model for this study. However, none of the random
parameters had statistically significant standard deviations. There was also no significant

improvement in model fit statistics when compared with the LC logit model.

2.7 Conclusion

In this paper, latent class analysis was performed to identify seven distinct classes of
human-related crash causal factors. A latent class logit model and random parameters model were

further developed as alternatives to the traditional multinomial logit model for crash injury severity
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analysis to account for unobserved heterogeneity. The study was based on 2011 — 2015 injury-
related crash data, for the State of Alabama, and considered only crashes that had human-related
primary causal factors. Two crash injury outcomes were examined: serious injury (fatal and
incapacitating injury) and minor injury (non-incapacitating and possible injuries). Twelve
variables were used to build the models.

The latent class analysis results show that about 2% of the injury crashes involved drivers
believed to be risk takers. This group consisted of male unemployed drivers with no valid driver’s
license and also engaged in drunk driving with no seatbelt. African Americans made up 33% of
this group. Female drivers were observed to be involved in mostly crashes attributed to driver
error. DUI- and speeding- related injury crashes involved high proportion of young male drivers.
Fatigue related crashes involved 35% and 40% of female drivers and young drivers respectively.
About half of the distracted driving-related injury crashes involved younger drivers and women.

Injury-severity analysis involved developing a random parameters model and a two-class
latent class logit model. The random parameter showed that driver error, speeding, distracted
driving, no seatbelt use, and young driver indicator variables had varying effects on serious and
minor injuries. Serious injury crashes were more likely to involve unemployed drivers, crashes
involving no seatbelt use, old drivers, fatigue driving, and drivers with no valid driver’s license.
Model estimation results point to high possibility of low seatbelt usage among older drivers. The
results also indicate that drivers with no employment have high likelihood to drive with no license
or invalid driver’s license. In view of these results, recommendations can be made on targeted
public awareness and education, backed by comprehensive enforcement programs especially

among the identified risk takers group of drivers.
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Comparison of fit statistics show that the two-class latent class logit model outperformed
the random parameters model, as an alternative to the traditional MNL model. This result is
generally in line with past studies in this area. An attempt was made to identify random parameters
for the LC logit model. However, none of the random parameters had statistically significant
standard deviations. There was also no significant improvement in model fit statistics when
compared with the LC logit model. Further research, including more data and variables, may be

required to explore the strengths of the LC random parameters model for injury severity analysis.
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