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ABSTRACT 

Fountas Grigorios. University at Buffalo, December, 2017. Stationary and time-varying 

factors affecting highway accident occurrence and injury-severity: Addressing unobserved 

heterogeneity with alternate random parameters and latent class models. Major Professor: 

Panagiotis Ch. Anastasopoulos 

In contemporary accident research, unobserved heterogeneity is recognized as one 

of the most challenging statistical modeling misspecification issues. Unobserved 

heterogeneity (i.e. , unobserved characteristics varying systematically across observations 

or groups of observations) typically results in biased and inefficient parameter estimates, 

incorrect predictions, and in inconsistent statistical inferences. The implications of 

unobserved heterogeneity in model estimation have been addressed- to some extent - over 

the last decades through the development of several statistical and econometric methods. 

However, limitations of the newly emerged methodological advances, in combination with 

inherent restrictions of the highly-dimensional accident datasets, impose significant 

barriers on the way various aspects and patterns ofunobserved heterogeneity are addressed. 

This dissertation aims to address under-explored unobserved heterogeneity structures, by 

extending the formulations of popular statistical approaches that - by definition - account 

for unobserved variations across the sample population: the random parameters and latent 
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class modeling approaches. For this purpose, the simultaneous effect ofnon-time-varying 

(stationary) and time-varying factors is investigated within two distinct accident 

occurrence and injury-severity settings. 

In the context of the accident occurrence analysis, a binary random parameters 

(mixed) logit framework is employed in an effort to identify pre-crash stationary and time

varying factors of accident occurrence, while, at the same time, accounting for unobserved 

heterogeneity and panel effects. To capture unobserved heterogeneity interactions between 

time-varying and stationary factors , the employed framework allows for the estimation of 

correlated random parameters. 

In the context of the accident injury-severity analysis, to identify the determinants 

of injury-severity outcomes, the correlated random parameters framework is also employed 

within an ordered probit modeling setting. In addition, to account for threshold 

heterogeneity, arising from the fixed nature of the thresholds of the traditional ordered 

probability models, and simultaneously for possible systematic variations of unobserved 

factors across the accident observations, a random thresholds hierarchical ordered probit 

approach with random parameters is developed and applied. Furthermore, to investigate 

how the data grouping ofcontemporary accident datasets affects the patterns ofunobserved 

heterogeneity, highway segment- and accident-based latent class ordered probit models of 

accident injury-severities are estimated. The employed latent class approaches also 

accommodate heterogeneity stemming from the probabilistic assignment of the highway 
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segments or accident observations in the latent classes, by incorporating class probability 

functions in model estimation. 

The estimation of the accident occurrence and injury-severity models is based on 

accident data collected between 2011 and 2013 from urban and rural highway segments in 

the state of Washington. The findings of the dissertation as well as the estimated model 

specifications can be effectively utilized as input and algorithmic modules, respectively, 

for newly emerged research tools aiming to assess the accident risk of highway segments 

over time. 
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CHAPTER 1. INTRODUCTION 

1.1 Background and Problem Statement 

Traffic safety constitutes one of the most important dimensions of quality of life for 

modem societies, since it is highly associated with the perpetual human desire for mobility. 

Despite the numerous technological advancements, and the ongoing scientific research to 

improve vehicle safety and highway design, and to educate the road network users, 

highway accidents still account for a considerable decrease of life expectancy worldwide. 

Interestingly, motor vehicle crashes constitute one of the three major factors resulting in a 

significant gap of life expectancy between the United States and other 12 countries with 

similar per capita income (Fenelon et al. , 2016). In 2015 , 10.9 deaths per 100,000 

population in United States were caused by road accidents, and approximately 94% of 

crashes were associated with critical human error (NHTSA, 2016). At a worldwide level, 

road accidents constitute the primary cause of fatalities for people between 15 and 29 years 

old (World Health Organization, 2015). 

In modem transportation research, the level of traffic safety in a transportation 

network is vastly determined on the basis of two major accident-specific components: (i) 

accident occurrence; and (ii) accident injury-severity. Accident occurrence is associated 
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with an event or an incident occurring on a roadway, and involves at least one vehicle and 

possibly other transportation network users (e.g. , vehicles, passengers, pedestrians, 

workzone personnel, etc.). For the determination of the injury-severity of an accident, 

either the most severe vehicle occupant's injury observed in the accident (Anastasopoulos 

and Mannering, 2011), or the observed driver's injury (Pai, 2008, 2009; Yasmin et al. , 

2014) typically serve as primary definition criteria. Over the last decades, the investigation 

of the factors affecting accident occurrence and injury severity holds a central role in 

accident analysis, as a decisive step towards the identification of safety countermeasures 

and the establishment of sustainable traffic safety policies. In addition, in-depth 

understanding of these factors has the potential to provide significant insights with regard 

to the role of human factors and their interaction with the underlying accident generation 

mechanism. Such insights can shed more light on the desired characteristics of the 

emerging automated technologies focusing on the elimination of human error during the 

driving task, and consequently on the overall improvement of transportation safety. 

For the investigation of the determinants of accident occurrence and injury-severity 

outcomes, a broad range of statistical and econometric methodological frameworks have 

been developed and employed over the last decades. In the majority of the cases, the 

emergence ofnew and advanced approaches is highly motivated by the necessity to address 

inherent limitations and restrictions arising from the use of the crash databases (Lord and 

Mannering, 2010; Mannering et al. , 2016). For example, the conventional datasets that are 

commonly derived either from police crash reports or annual crash reports of local 

transportation agencies are still characterized by significant deficiencies, in terms of the 
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reported pre-, at-, and post-accident information. Even though such datasets include a rich 

set of stationary information (information that does not vary over time or space), especially 

after the accident occurrence, the vast majority of the pre-crash environment-specific, 

traffic-specific, and driver-specific characteristics are not reported or observed, making 

their investigation practically infeasible (Mannering et al. , 2016). Even for information 

conditional on the occurrence of an accident, the structure of the existing databases cannot 

illustrate the entire spectrum of the post-occurrence characteristics and especially those 

that cannot be easily identified from the police reports (e.g., minor incidents, behavioral 

characteristics, and environmental conditions). Such limitations result in significant 

methodological issues that can critically affect the robustness and validity of the statistical 

inferences, as for example the following: 

(i) Under-reporting of accidents: Minor traffic incidents or accidents resulting in 

injury outcome of lower severity ( such as minor property damage, or possible 

injury) may not be fully reported in conventional datasets (Savolainen et al. , 

2011; Yasmin and Eluru, 2013). This has considerable effect on the accuracy 

and consistency of the statistical inferences, because it introduces considerable 

bias in model estimation (Mannering and Bhat, 2014). 

(ii) Omitted variable bias: The absence of significant pre-, at-, or post-accident 

characteristics from the dataset may result in the omission of fundamental 

explanatory variables from the model specification. Such omission can lead to 



4 

biased parameter estimates and erroneous inferences (Washington et al. , 2011 ; 

Savolainen et al. , 2011). 

(iii) Sample size limitations: The limited availability of accident data associated 

with temporal or spatial conditions under which an accident occurred ( e.g. , over 

a specific time interval, or a specific spatial unit) constitutes an additional 

source of bias. Even though a non-extensive set of accident data is still 

sufficient for parsimonious and straightforward model specifications 

(Savolainen et al. , 2011), the consistency of the provided statistical insights is 

highly questionable. 

(iv) Unobserved heterogeneity: Due to systematic deficiencies of the data collection 

techniques, or the nature of the required information that imposes critical 

restrictions on the access of the relevant data, a wide set of influential factors is 

likely to remain unobserved. The effect of such unobserved factors may 

systematically vary across the accident observations; the variable effect of such 

unobserved characteristics across the sample population of interest ( e.g. , 

accident population, or highway segment population) is defined as "unobserved 

heterogeneity" (Washington et al. , 2011 ; Mannering et al. , 2016). 

Over the last few decades, unobserved heterogeneity has been acknowledged as one 

of the most challenging issues in the contemporary safety-data analysis (Mannering et al. , 

2016). This has led many research efforts to address unobserved heterogeneity, which has 
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resulted in the emergence of a wide variety of statistical and econometric alternatives. In 

the context ofaccident analysis, even though newer data sources (naturalistic driving study 

data, databases with real-time information) have emerged, accident datasets are still 

characterized by considerable limitations. Such limitations are typically associated with 

the underlying presence of unobserved factors varying systematically across observations 

or groups ofobservations (unobserved heterogeneity), which can play an influential role in 

the determination of accident occurrences or injury-severity outcomes. 

In contemporary transportation research, the emergence ofreal-time data collection 

techniques and the subsequent availability of highly disaggregate data have considerably 

enhanced the methodological potential of the traditional statistical and econometric 

frameworks , in terms of addressing unobserved heterogeneity. In accident analysis, in 

particular, the consideration of real-time ( or near real-time) information allows for a 

thorough investigation of the effect of time- or space-varying factors , which cannot be 

sufficiently captured through the use of conventional accident datasets. Specifically, the 

temporal or spatial variations in the effect of the observed explanatory factors do constitute 

significant implications of the unobserved heterogeneity (Fotheringham and Rogerson, 

2014; Rogerson, 2014; Mannering, 2018). The presence of unobserved characteristics 

varying in a systematic way over time or space, respectively, may result in the 

aforementioned variations (Mannering and Bhat, 2014). For this reason, a better 

understanding of the mechanisms involved in accident occurrence and injury-severity 

analysis can possibly be achieved through the investigation of factors whose effect varies 

over time or space. Herein, a fundamental distinction - based on the different nature of the 
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explanatory factors - should be made between stationary and time-varying factors affecting 

accident occurrence and injury-severity outcomes. Considering the physical characteristics 

of a roadway segment, stationary factors remain constant over time and space, and are 

associated with design or functional elements of the roadway. Dynamic elements on the 

other hand, can vary over time or space, and include factors that cannot be known a priori, 

such as weather or environmental conditions (Kepaptsoglou et al. , 2015). 

The rigorous investigation of the stationary characteristics in the traffic safety 

literature has provided significant insights pertaining to ongoing advances in roadway 

design and safety policy. Typically, the stationary characteristics incorporated in the 

accident occurrence or accident injury-severity models include roadway geometrics ( e.g., 

number of lanes, horizontal and vertical curvature characteristics, median and median 

barrier characteristics, shoulder information, etc.), stationary traffic characteristics ( e.g. , 

traffic volume, traffic composition, speed limits, etc.), aggregate environmental 

characteristics referring to the time of the accident (weather conditions, visibility, lighting 

conditions, time-of-the-day, etc.) and pavement condition information. In addition, 

accident-specific characteristics (including, but not limited to, driver's sociodemographic 

and behavioral characteristics, vehicle characteristics and collision-specific characteristics) 

are typically examined as possible determinants of the injury-severity outcomes. 

However, the effect of time-varying factors - which are considered as primary 

sources of human error - has been overlooked in the traditional accident analysis . Over 

the last decade, the emergence of the real-time data collection techniques led to the gradual 
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investigation of the role of time-varying characteristics as possible sources of unobserved 

heterogeneity. In fact, not controlling for time-varying factors in accident analysis can 

result in poor model explanatory power and low-accuracy forecasts. Interestingly, a fair 

amount of previous research focused on the impact of time-varying factors on accident 

occurrence, which was, however, characterized by significant data aggregation (to an 

extent that cannot reflect the variation and intensity of the related phenomena over their 

entire range, as disaggregate data would allow for). In accident injury-severity analysis, 

past research has identified two broad categories of time-varying factors as significant 

determinants of the injury-severity outcomes: traffic characteristics and weather 

conditions. In fact, over the last years, a considerable portion of accident research has 

explored the separate or combined effect of these characteristics on injury-severity 

outcomes-Theofilatos and Yannis (2014) provide a detailed review of such studies. With 

the use of accident datasets with disaggregate information (i.e. , detailed information 

collected in observational units that allow capturing variations in the effect of the time

varying characteristics), the effect of these characteristics can be decomposed in three 

separate, but interrelated accident states: (i) pre-crash; (ii) at-crash; and (iii) post-crash. 

Even though the studies using disaggregate data can shed more light on the impact 

of time-varying characteristics, the effect of unobserved characteristics - which are likely 

to vary systematically across observations - on accident occurrence and injury-severity 

mechanisms remains an important modeling limitation. Such unobserved characteristics 

may originate from non-observable driving behavior traits, accident-specific attributes, 

time-invariant roadway-specific or driver-specific characteristics, and time-varying 
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weather and environmental elements, which cannot all be captured with real-time 

collection techniques. 

To account for the unobserved effects varying across the sample population (e.g., 

across roadway segments and/or crash observations), two broad modeling approaches have 

been predominantly applied in the accident-research literature: random parameters 

modeling, and latent class ( or finite mixture) modeling. The random parameters modeling 

approach (Anastasopoulos and Mannering, 2009) and its extensions have been widely 

employed in numerous studies. Such extensions include correlated random parameters (Yu 

et al. , 2014; Coruh et al. , 2015), grouped random parameters (Sarwar et al. , 2017a), random 

thresholds (Greene, 2016), random parameters with heterogeneity in means 

(Venkataraman et al. , 2014; Behnood and Mannering, 2017a), random parameters with 

heterogeneity in means and variances (Huang et al. , 2016; Seraneeprakam et al. , 2017, 

Behnood and Mannering, 2017b ), multivariate random parameters models 

(Anastasopoulos, 2016; Bhat et al. , 2017), mixed generalized ordered logit models (Eluru 

et al. , 2008), and Bayesian random parameters models (Alarifi et al. , 2017). These random 

parameters techniques have been used within the context of either the multinomial logit 

(Milton et al. , 2008; Anastasopoulos and Mannering, 2011 ; Yasmin and Eluru, 2013; 

Cerwick et al. , 2014; Behnood and Mannering, 2015; Behnood and Mannering, 2016; 

Anderson and Hernandez, 2017), or ordered probit/logit specifications (Russo et al. , 2014; 

Yasmin et al. , 2015; Eluru and Yasmin, 2015; Chen et al. , 2016; Bogue et al. , 2017). The 

random parameters approach allows the effect of the explanatory variables (parameters) to 

vary across the sample population or across groups of the sample population, on the basis 
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ofa continuous distribution (mixing distribution), ofwhich the density function is specified 

by the analyst (Washington et al. , 2011). 

To address possible limitations with traditional random parameters approaches, a 

wide range of latent class modeling approaches have been employed in injury-severity 

analysis . These aim to address heterogeneity stemming from unobserved groups (classes) 

of the population. A few examples include, latent class multinomial logit models (Xiong 

and Mannering, 2013; Shaheed and Gkritza, 2014, Cerwick et al. , 2014, Behnood et al. , 

2014, Behnood and Mannering, 2016), latent class logistic regression models (Theofilatos, 

2017), latent segmentation ordered logit models (Eluru et al. , 2012), latent segmentation 

generalized ordered logit models (Yasmin et al. , 2014 ), and multivariate latent class models 

(Heydari et al. , 2017). This modeling framework captures class-specific heterogeneity by 

employing a semi-parametric discrete distribution that allows for the parameters to vary 

across the unobserved groups (classes) of the population, while simultaneously restricts 

them to have homogeneous effects within each class (Mannering et al. , 2016). However, 

the assumed in-class homogeneity in conjunction with the computational complexity of 

identifying a large number of classes that share similar or same unobserved characteristics 

may impose restrictions on the patterns of heterogeneity that can be captured in the data. 

1.2 Research Objectives 

The main objective of this dissertation is to investigate and address significant 

issues arising from various aspects and patterns of unobserved heterogeneity. For this 

purpose, advanced extensions of the traditional random parameters and latent class 



modeling approaches are developed and implemented. Specifically, two fundamental 

components of the accident analysis are examined: (i) accident occurrence; and (ii) 

accident injury-severity. In light of the inherent data characteristics associated with each 

accident component, the employed model structures for addressing unobserved 

heterogeneity differ. Even though the general formulation and the methodological 

principles of the techniques that address unobserved heterogeneity are common across the 

various modeling contexts, each accident component is associated with specific 

heterogeneity patterns that cannot be treated solely by the general model formulation. 

These unobserved heterogeneity patterns are more evident, when the inherent data 

characteristics ofaccident occurrence and injury-severity components are coupled with the 

highly disaggregate nature of newly emerged large datasets. In addition, the use of highly 

dimensional data highlights the need for robust methodological extensions that can 

accommodate the large-scale nature of the former. In this context, the objective of this 

dissertation can be viewed from a four-fold perspective, as follows . 

(1) To simultaneously identify pre-crash stationary and time-varying factors of 

accident occurrence and injury-severity, while accounting for unobserved 

heterogeneity. This can be achieved using highly disaggregate data for the potential 

time-varying factors , and aggregate data for the traditional stationary elements. The 

identification of stationary and time-varying determinants of accident occurrence 

and injury-severity has the potential to reveal observable fluctuations in the effect 

of the explanatory variables. With the use of conventional datasets, such 

fluctuations could not be readily identified and their effect on parameter estimates 
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could be indirectly captured only through the parametric or semi-parametric 

distributional specifications of the random parameters or latent class specifications. 

Furthermore, the joint consideration of the variations stemming from the time

varying and other unobserved factors is anticipated to significantly enhance the 

explanatory power of the statistical models, leading to a more reliable assessment 

of the crash occurrence risk, or the risk of a more severe injury-severity outcome 

given that a crash has occurred. 

(2) To account for possible unobserved heterogeneity interactions between the 

stationary and time-varying characteristics. This can be achieved by accounting for 

possible correlations among the random parameters. In this context, the combined 

effect of the unobserved factors - which are captured by the random parameters -

can be further investigated, and underlying interrelationships that remain masked 

under the conventional random parameters modeling can be identified. The 

correlated random parameters framework is developed and implemented for both 

components ofthe accident analysis (accident occurrence and injury-severity), with 

each specific application accounting for the unique characteristics of the 

corresponding accident data. When consideration is given to the determinants of 

accident occurrence probability, the goal of the analysis is extended towards the 

joint consideration of the unobserved heterogeneity interactions and the 

heterogeneity effects arising from groups of observations with similar 

characteristics (e.g., from highway segment-specific observations). 
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(3) In the injury-severity analysis, a significant source ofheterogeneity is derived from 

the ordinal nature of the injury-severity data. To account for the latter, the vast 

majority of past research efforts has employed ordered probability modeling 

approaches. However, the model structure of the traditional ordered approaches is 

associated with the determination of fixed thresholds, which subsequently affect 

the probability distribution across all ordered outcomes, and most importantly, 

across the intermediate categories. This dissertation aims to simultaneously 

account for the fixed thresholds limitation of the traditional ordered probability 

models - which typically leads to incorrect estimation of outcome probabilities for 

the intermediate categories - and for the possibility of unobserved factors 

systematically varying across the observations. For this purpose, a random 

thresholds random parameters hierarchical ordered probit framework is developed 

and implemented. 

(4) To identify possible unobserved heterogeneity sources and patterns, related to data

specific aspects. In this context, the identification of unobserved variations arising 

from a specific source (e.g. , highway segment, driver, vehicle) of heterogeneity is 

highly associated with the selection of the appropriate unit for the statistical 

analysis. This dissertation focuses on segment- and accident- specific variations 

that can potentially affect the determinants of injury-severity outcomes. For this 

purpose, two latent class modeling approaches are developed and employed: 

segment-based and accident-based latent class ordered probit modeling with class

probability functions. The segment-based latent class ordered probit framework 



13 

treats all segment-specific injury observations homogeneously (grouped), whereas 

the accident-based latent class ordered probit framework treats all accident injury

severity observations individually (ungrouped). The class-probability functions 

constitute an extension of the traditional latent class model structure towards 

addressing heterogeneity arising from the probabilistic assignment of the highway 

segments or accident observations in the latent classes. Acknowledging that 

previous latent class studies have employed structures associated with fixed class 

assignment, the structure of the class-probability functions is developed to provide 

a more flexible structure for capturing class heterogeneity. 

The findings from this analysis can provide significant insights with regard to the 

effectiveness of more advanced methodological applications in identifying sophisticated 

and - seemingly unobserved - variations among the traditional determinants of accident 

occurrence and injury-severity. The combination of such advanced methodological 

application with newly emerged accident databases can be leveraged for the development 

of informatics-based platforms and tools towards the assessment of accident risk over time 

and space and the identification of potential high-crash locations. 

1.3 Research Scope 

The research scope of this dissertation is described next. 

• Coverage: The extensions of the conventional methodological frameworks that 

address unobserved heterogeneity in model estimation can be adequately applied 



14 

for each component of contemporary accident analysis (i.e., accident occurrence, 

frequency, rate, and injury-severity). However, due to the distinctive differences 

between the underlying mechanisms that determine the accident occurrence 

likelihood and the accident injury-severity outcomes, the development and 

implementation of the methodological extensions is highly associated with the 

unique characteristics of the aforementioned components. Within these 

mechanisms, the role of variations in the effect of the time-varying characteristics 

is particularly important. For this purpose, the statistical and econometric analysis 

focuses on two distinct, yet supplementary components of accident analysis: the 

accident occurrence and injury-severity. The estimation of the accident occurrence 

models is based on accident and non-accident observations, and their output is the 

likelihood that an accident will occur ( or not) on a specific roadway segment in a 

specific time interval. The estimation of the accident injury-severity models is 

based only on accident observations, and their output is the likelihood that an 

accident will result in a specific injury-severity outcome (no injury, injury, serious 

injury and fatality) . Note that for the accident observations leveraged for both 

components of analysis, single-vehicle accidents are considered. 

• Analysis period and study area: For the estimation of the accident occurrence and 

injury-severity models, a three-year period starting from January, 2011 to 

December, 2013 is selected. The dataset includes information on 4,230 

homogeneous highway segments, drawn from urban and rural highways in the 

Greater area ofSeattle, Washington. The Seattle area was selected for the following 
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reasons: (i) it is one of the larger Second Strategic Highway Research Program 

(SHRP 2) Naturalistic Driving Study (NDS) data collection sites; (ii) SHRP2 RID 

data were also collected to support the naturalistic driving study in the area of 

Seattle; and (iii) there are multiple active and reporting roadway weather 

information system (RWIS) stations in the study area. 

1.4 Organization 

The dissertation continues in Chapter 2 with a detailed review of the various 

statistical and econometric methods that have been used in the accident occurrence and 

injury-severity analysis over the last decades. Special focus is given on the traditional 

methodologies that address unobserved heterogeneity, on recent modeling advances, and 

on the use of stationary and time-varying parameters in safety modeling. In Chapter 3, the 

proposed methodological approaches and model formulations are described: the correlated 

grouped and uncorrelated random parameters models for the accident occurrence analysis; 

and the random thresholds random parameters hierarchical ordered probit model, 

correlated random parameters model and segment-based and accident-based latent class 

models for the accident injury-severity analysis. This discussion is followed in Chapter 4 

by a comprehensive overview of the data used for the estimation of the aforementioned 

models. This Chapter also presents the procedures for data alignment across different 

sources, and data collation and preparation, as well as the challenges encountered among 

the former steps. The model estimation results of the accident occurrence and injury

severity analyses are presented in Chapters 5 and 6, respectively. In addition to the model 

findings , the applied methodological frameworks are evaluated in terms of explanatory 
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power, statistical fit , and forecasting accuracy. Finally, Chapter 7 provides a summary of 

the dissertation, presents the dissertation's contributions, and discusses possible 

implications of the presented methodological advances in emerging safety research areas, 

along with directions for future work. 
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CHAPTER 2. LITERATURE REVIEW 

2.1 Introduction 

The review of past research devoted on accident analysis can be classified in two 

well-separated, but supplementary categories: (i) studies focusing on accident occurrence 

and its various dimensions (i.e, frequency or rate); and (ii) studies focusing on the 

investigation of the accident injury severity outcomes. A wide variety of methodological 

approaches has been used for the multi-level analysis of these two fundamental 

components, whereas the increasing research interest over the last decades highlighted 

significant limitations of the widely used approaches, in terms of data adequacy and 

methodological issues. Out of these issues, unobserved heterogeneity holds a prominent 

position, particularly because of its critical effect on the robustness of the statistical 

inferences. This chapter discusses the most prominent statistical and econometric 

approaches that have been implemented in the accident research, and sheds more light on 

the recent methodological advances that have been employed to address the 

aforementioned issues, and especially the effect of unobserved heterogeneity. 
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2.2 Accident Occurrence Analysis 

The traditional accident occurrence analysis typically explores non-time-varying 

(stationary) factors that affect accident occurrence on roadway segments. A review ofpast 

research reveals that the effect of the prominent stationary elements on various dimensions 

of accident analysis, such as occurrence (Wong and Chung, 2008; Ahmed et al. , 2012) and 

frequency (Shankar et al. , 1995; Abdel-Aty and Radwan, 2000; Shankar et al. , 2004; 

Anastasopoulos and Mannering, 2009; Abdel-Aty et al. , 2009; Wu et al. , 2014, Lee et al. , 

2015), and rates (Zhou and Sisiopiku, 1997; Davis, 2000; Hauer, 2001 ; Hess and Polak, 

2003; Anastasopoulos et al. , 2008; Anastasopoulos et al. , 2012a; Anastasopoulos et al. , 

2012b; Yu et al. , 2013; Anastasopoulos, 2016, Zeng et al. , 2017) has been explored 

extensively. 

Specifically, Shankar et al. (1995) explored the combined effect ofvarious weather 

and roadway geometric characteristics on highway accident frequency. Due the count 

nature of the accident frequency data, various count data models were estimated using 

overall accident frequency data and accident type-specific data. For model estimation, 

Poisson and Negative Binomial distributions were explored, with the latter being employed 

in cases of data over-dispersion. Milton and Mannering ( 1998) demonstrate the 

appropriateness of negative binomial models to predict accident frequency, given that the 

majority of accident data are practically overdispersed; using relevant data from arterials 

of Washington State, several geometric and traffic characteristics were found to affect 

accident frequencies , whereas the relative importance of each explanatory variable was 

evaluated through the computation of elasticities. Negative Binomial models were also 
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estimated by Abdel-Aty and Radwan (2000), in the context of exploring the effect of 

various roadway and traffic characteristics, not only on accident frequency but also on 

accident involvement of several sub-groups of driving population. Interestingly, the 

findings of the study highlight the effect of shoulder pavement type and speeding on 

accident involvement likelihood, for old and young male drivers, respectively. Focusing 

on the effect ofhighway resurfacing on safety measures, Abdel-Aty et al. (2009) estimated 

Bayesian negative binomial models in order to explore the frequency of all, rear-end and 

severe crashes, for various land type uses and segment lengths. Using traffic and roadway 

characteristics as possible explanatory variables, the analysis shows that the effectiveness 

of resurfacing projects, in terms ofreducing crash frequency, was not consistent across the 

studied crash groups. In an effort to examine the effect of roadway geometric and roadside 

characteristics (such as, cross-section elements, lighting-, safety-related features , etc.) on 

the frequency of run-off accidents, Lee and Mannering (2002) employed the zero-inflated 

extensions of the traditional count-data approaches (Poisson and negative binomial 

models). Accounting for roadway segments with practically zero accident frequency over 

a specific time period, the zero-inflated models assume two different counting processes 

for zero-accident state and non-negative accident state. The determination of the most 

appropriate zero-inflated model (Poisson or negative binomial) was based on the decision 

guidelines suggested by Vuong (1989). In similar fashion, interactions between roadway 

design-, traffic- and weather-related factors were investigated by Shankar et al. (2004), 

within the context of a roadside crash frequency analysis. To account for the effect of 

partial observability on model estimation, the Zero Inflated Negative Binomial structure 
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was employed on the basis that this modeling approach can adequately address frequency 

data with considerable clustering at zero. 

A significant misspecification issue, which was overlooked by the traditional 

accident frequency models, arises from the effect of unobserved factors that may vary in a 

systematic way across the observations. Limitations in data availability or partial 

observability constitute potential sources of this major issue - defined as unobserved 

heterogeneity - that may lead to fluctuations in the observation-specific effect of the 

explanatory variables. Mannering et al. (2016) provide a comprehensive overview of all 

methodological approaches that have been implemented to address unobserved 

heterogeneity, in the broad area of accident research. In the context of accident frequency 

analysis, Anastasopoulos and Mannering (2009) employed the random parameter modeling 

approach to account for the effect ofunobserved heterogeneity on parameter estimates and 

accident predictions. Using accident data from Indiana, random parameters negative 

binomial models were estimated for analyzing accident frequencies; the relevant statistical 

analysis showed the potential of random parameters modeling to capture unobserved 

effects, in terms of statistical fit and model 's explanatory power. The random parameters 

negative binomial framework was also employed by Venkataraman et al. (2011) in an 

effort to explore the relationship between accident frequencies on interstate highways and 

various geometric characteristics. El-Basyouny and Sayed (2009) estimated random 

parameters Poisson-lognormal models within a Bayesian context, in order to investigate 

the determinants of accident frequencies using data from Canadian urban arterials. Coruh 
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et al. (2015) introduced panel effects in random parameters negative binomial models in 

order to address temporal correlation of accident frequencies. 

In the multivariate context, under which several dependent variables are modeled 

simultaneously (Mannering and Bhat, 2014; Sarwar et al. , 2017b ), Anastasopoulos (2016) 

employed the random parameters zero-inflated negative binomial approach for 

simultaneously modeling accident frequencies by injury severity outcome; in such manner, 

unobserved heterogeneity in zero-accident and non-zero-accident state was addressed, 

while the multivariate model structure also accounted for the possible cross-equation error 

correlation due to commonly encountered unobserved characteristics. Dong et al. (2014) 

analyzed crash frequencies at intersections, by injury-severity level, on the basis of a 

multivariate zero-inflated negative binomial framework, whereas Barna et al. (2016) 

developed several multivariate random parameters Poisson models within a Full Bayesian 

context, to investigate the effect of spatial heterogeneity. 

Turning to studies analyzing accident rates, a significant amount of previous work 

was devoted on the determination of the most accurate type of accident rate. Interestingly, 

Zhou and Sisiopiku (1997) investigated the relationships between various accident rates 

and traffic volume, in the form of volume to capacity ratio; Davis (2000) focused on the 

uncertainty of accident rates estimates that arises from the low accuracy of the traffic 

volume data; whereas Hauer (2001) highlighted several common errors in the definition of 

various accident rate types. From a methodological perspective, Anastasopoulos et al. 

(2008) proposed the tobit regression as an alternative method to directly model accident 
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rates (number of accidents per 100 million vehicle miles traveled). The comparative 

advantage of the tobit model derives from its appropriateness to address censored data and 

specifically, to include roadway segments with zero accidents in the statistical analysis, 

without encountering the theoretical issues stemming from the zero-inflated models. The 

relevant empirical analysis - conducted on the basis of accident data from Interstate 

highways in Indiana - demonstrated that several traffic characteristics, roadway geometrics 

and pavement conditions significantly affect accident rates. Anastasopoulos et al. (2012a) 

extended the traditional tobit model, by introducing random parameters in order to account 

for unobserved heterogeneity in the accident rate analysis. To address spatial heterogeneity 

effects among contiguous roadway segments and unobserved heterogeneity across 

observations, Zeng et al. (2017) estimated a random parameters tobit model within a 

Bayesian context. Accounting for the possible variation ofcensoring characteristics across 

the different-injury severity outcomes and the possible cross-equation error correlation, 

Anastasopoulos et al. (2012b) and Anastasopoulos (2016) employed a multivariate scheme 

to simultaneously model accident rates by injury severity outcome; the framework 

developed by Anastasopoulos (2016) can also account for unobserved heterogeneity 

through the introduction of random parameters in model estimation. 

Regardless of the employed statistical approach or the nature of the analyzed data, 

numerous other studies have extensively explored time-invariant factors in the context of 

accident analysis (Hadi et al. , 1995; Ivan and O'mara, 1997; Karlaftis and Golias, 2002; 

Park and Abdel-Aty, 2015 , 2016; Shi et al. , 2016). These studies have shown that an 

abundance of roadway geometrics (such as number of lanes, horizontal and vertical curve 
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elements, median and shoulder information, cross-section specific characteristics, etc.), 

traffic characteristics (traffic volume, truck traffic, traffic composition, etc.), and roadway 

functional characteristics (access control, speed limit, roadway functional class, etc.), 

constitute influential factors in accident occurrence analysis (see Lord and Mannering, 

2010, and Mannering and Bhat, 2014, for a comprehensive overview of the applied 

methodological approaches and relevant stationary factors) . 

Furthermore, a significant portion of previous work has been devoted on the 

simultaneous investigation of stationary and time-varying characteristics, in estimating 

accident prediction models. In these studies, time-varying elements include weather

related and pavement surface characteristics, whereas stationary elements include roadway 

geometrics and traffic conditions. For example, a number ofstudies explored the combined 

effect of roadway/pavement/traffic characteristics and weather-related (precipitation, and 

snow depth) factors (see Theofilatos and Yannis, 2014 for an extensive review of such 

studies), by estimating count data models of accident frequencies (Fridstrom et al. , 1995; 

Levine et al. , 1995; Shankar et al. , 1995; Andreescu and Frost, 1998; Shankar et al. , 2002; 

Eisenberg, 2004; El-Basyouny and Sayed, 2006; Abdel-Aty and Pemmanaboina, 2006, 

Caliendo et al. , 2007; Brijs et al. , 2008; Yannis and Karlaftis, 2010; Wang et al. , 2015; 

Wang and Abdel-Aty, 2016). 

In detail, Fridstrom et al. (1995) quantitatively decomposed the total variation of 

the accident frequencies into two general components; the random and the systematic 

component, with the latter being associated with observed factors, such as exposure, 
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weather characteristics and lighting conditions. Using accident data from the four 

Scandinavian countries, a generalized Poisson approach was employed and the results 

showed that rainfall has the potential increase the number of accidents, whereas snowfall 

is more likely to decrease it. Considering two different levels of analysis (month- and day

level), Eisenberg (2004) investigated the effect of precipitation on crash frequencies by 

injury-severity level; to shed more light on the residual effect of precipitation on crash 

occurrence, time-lagged variables reflecting precipitation in various forms were used 

within a negative binomial analysis of crash frequencies. The key findings of the analysis 

highlight the presence of high accident risk, when precipitation occurs after a long period 

of prevailing dry conditions. The effect of precipitation on accident frequency was also 

investigated by Caliendo et al. (2007). Specifically, an empirical analysis for Italian multi

lane roadways was conducted using roadway-, traffic- and pavement-related information 

as well as rainfall data on an hourly basis. Various count-data approaches (Poisson, 

negative binomial and negative multinomial) were explored, with the analysis results 

suggesting the considerable impact of segment length, AADT and wet pavements on 

accident occurrence. 

Another widely used methodological approach for investigating the effect of 

weather or traffic conditions on accident occurrence is the time series analysis of count 

data; such methodological context can account for the time dependency of the crash data. 

Brijs et al. (2008) developed a Poisson Integer Autoregressive Model to explore the effect 

of traffic exposure and various weather conditions (such as wind, temperature, rainfall, 

daylight, air pressure and visibility) on accident frequency. In similar fashion, Yannis and 
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Karlaftis (2010) analyzed vehicle-related and pedestrian-related accidents using an integer 

autoregressive methodological framework. The empirical analysis - which was based on 

detailed accident data from Athens, Greece - demonstrated that higher rainfall rates 

generally decrease the number of accidents ( assuming that the risk compensation theory 

can explain the driving behavior patterns), whereas higher temperature may increase the 

accident frequency. In an overall assessment, all previous studies did not account either 

for the fluctuations of the time-varying weather-related and environmental characteristics, 

or the joint effect of time-varying and stationary characteristics on the accidence 

occurrence mechanism. 

The necessity for addressing the fluctuations of time-varying weather or traffic data 

led to the development of new data collection systems that can capture real-time 

information. The emergence of high-dimensional datasets highlighted the need for 

implementation of methodological approaches that can account for such highly 

disaggregate information, in a computationally efficient manner. Over the last years, a 

growing portion of accident-related research uses real-time (or nearly real-time) weather 

or traffic data towards estimating more consistent and accurate accident prediction models 

(Ahmed et al. , 2012; Yu et al. , 2013; Wang et al. , 2015; Wang and Abdel-Aty, 2016). 

Ahmed et al. (2012) employed a Bayesian logistic framework to model accident occurrence 

on mountainous freeways ; specifically, the combined effect of roadway geometrics, traffic 

and real-time weather characteristics on accident occurrence likelihood was investigated 

for different time periods, with prevailing dry and snowy conditions, respectively. 

Similarly, Yu et al. (2013) employed a Bayesian hierarchical context to investigate the 
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accident occurrence on mountainous freeways using roadway-related information and real

time weather (such as precipitation, visibility, etc.) and traffic (such as, average speed, 

variation of speed, etc.) data. Focusing on the safety aspect of freeways ' interchange 

ramps, Wang and Abdel-Aty (2016) explored two different aspects of the crash 

mechanism: (i) using single- and multi-vehicle crash data, Bayesian Poisson models were 

estimated for analyzing crash frequency over pre-specified time intervals; (ii) using crash 

and non-crash observations, a Bayesian logistic regression framework was adopted 

towards the prediction of real-time accident occurrence probability on interchange-related 

roadway segments. 

2.3 Accident Injury-Severity Analysis 

Past research has extensively looked at factors affecting accident injury-severities, 

through the use of a variety of methodological approaches. The latter range from injury

severity frequency and rate studies (Anastasopoulos et al. , 2012b; Venkataraman et al. , 

2013 , Wu et al. , 2014, Anastasopoulos, 2016, Zeng et al. , 2016, Sarwar and 

Anastasopoulos, 2017), to more traditional accident injury-severity likelihood analyses. 

The latter include multinomial or binary logit/probit models (Shankar and Mannering, 

1996; Khattak et al. , 1998; Ulfarsson and Mannering 2004; Khorashadi et al. , 2005), nested 

models (Chang and Mannering; 1998; Chang and Mannering, 1999; Lee and Mannering, 

2002), mixed logit models (Milton et al. , 2008; Anastasopoulos and Mannering, 2011), 

fixed and random parameters ordered probability models (McCarthy and Madanat, 1994; 

Khattak, 2001 ; Abdel-Aty, 2003; Ye and Lord, 2014; Russo et al. , 2014, Cerwick et al. , 

2014, Chen et al. , 2016), and latent class ordered probability and multinomial logit models 
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(Yasmin et al. , 2014a, Shaheed and Gkritza, 2014, Cerwick et al. , 2014, Behnood et al. , 

2014, Behnood and Mannering, 2016). 

In the context of the applied binary logit/probit or multinomial approaches for 

analyzing injury severity likelihood, Shankar and Mannering (1996) showed that various 

roadway-specific, vehicle-specific, environment-specific and motorcyclist-specific 

characteristics affect the injury-severity outcomes of single-vehicle motorcycle collisions 

using a multinomial approach that can identify separate explanatory variables for each 

severity level. Ulfarsson and Mannering (2004) estimated separate multinomial logit 

models of injury severity in order to investigate how the factors affecting injury severity in 

single- and multiple-vehicle accidents differentiate between male and female drivers. It 

should be noted that the estimation of separate models for the two groups of drivers was 

substantiated by the results of two different types of likelihood ratio tests; these tests 

showed that the parameters of a joint model based on data from both genders are not 

transferable between male and female drivers, whereas the parameters of each gender

specific model are not transferable to other gender. 

One basic assumption of the multinomial logit formulation is that the error terms 

are identically and independently distributed (Washington et al. , 2011). However, in the 

injury severity analysis, the presence of commonly shared unobserved characteristics for 

some of the possible injury severity outcomes ( e.g. for the injury-related outcomes) may 

result in violation of this assumption ( typically referred as "Independence of Irrelevant 

Alternatives" property and called as "IIA" property, see Washington et al. , 2011 for further 
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details). The nested logit formulation has the potential to address this restriction of the 

multinomial logit structure (Anas, 2015), by aggregating the outcomes with commonly 

shared unobserved characteristics into groups (typically referred as "nests"). In this 

context, Chang and Mannering (1998) simultaneously modeled vehicle occupancy and 

accident injury severity in a nested logit scheme. Under the assumption that vehicles of 

the same occupancy level may share some unobserved effects, the analysis considered the 

various vehicle occupancy levels in the upper layer of the nested structure, whereas the 

injury severity outcomes are incorporated in the lower layer of the nest. Extending their 

previous work, Chang and Mannering (1999) applied the same nested structure to jointly 

model vehicle occupancy and injury severities with a special focus on truck- and non-truck

related accidents, whereas Lee and Mannering (2002) employed the nested logit 

formulation to jointly investigate frequency and injury severity of run-off-roadway 

accidents. 

Even though the discrete outcome framework can be applied to every type of 

discrete variable, the ordered probability framework is more well-suited on ordinal data 

(such as injury severity data), since it can inherently account for their ordinal nature. In 

this context, the ordered probit/logit framework and its extensions (i.e. , generalized 

ordered, hierarchical ordered and mixed generalized ordered approaches) have been widely 

used in the accident injury severity analysis. Specifically, Khattak (2001) estimated 

ordered probit models to examine the effect of various vehicle-related, driver-related and 

roadway-related characteristics on the injury severity outcomes ofrear-end crashes; for the 

latter, data representing two-vehicle crashes and three-vehicle crashes were considered in 
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the analysis. An ordered probit framework was also employed by Abdel-Aty (2003) for 

analyzing injury severity outcomes of accidents occurred on roadway segments, signalized 

intersections and toll areas. The results of the analysis showed that various driver- ( such 

as age, gender, seat belt use, alcohol consumption, human error), vehicle- (such as vehicle 

type, vehicle speeding, etc.), roadway-specific (such as lighting conditions, curve presence, 

etc.) characteristics as well as several interactions of those constitute significant 

determinants of the injury severity outcome probabilities. 

Selection between the discrete outcome models and the ordered probability models 

is a tedious task, with both approaches sharing benefits and limitations. Several previous 

studies (Eluru, 2013 , Yasmin and Eluru, 2013 , Yasmin et al. , 2014b) have investigated the 

statistical potential and appropriateness of these modeling frameworks for analyzing 

ordinal data. For example, the discrete outcome models allow the estimation of 

distinguished sets of independent variables for each injury-severity outcome (with the 

flexibility of possible variable-overlaps among the outcomes). However, these models do 

not account for the ordinal nature of accident injury-severity data, as they assume that the 

outcomes are independent of each other. 

To address the possibility of unobserved heterogeneity in the estimation process, 

which - if its effect is ignored - can lead to biased and inconsistent parameter estimates 

and incorrect probabilities, various statistical techniques have been employed in the injury 

severity analysis. The random parameters modeling can account for this misspecification 

issue by allowing the effect of the explanatory variables to vary across the observations. 
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In the context of unordered discrete outcome approaches, Milton et al. (2008) suggested a 

different approach for the combined frequency and severity analysis, based on the 

investigation ofthe proportions ofaccidents by injury severity outcome, instead offocusing 

on the accident frequency per injury severity outcome. Since driver-specific, vehicle

specific, and accident-specific characteristics cannot be used in this type of analysis, the 

impact of unobserved heterogeneity may be rather significant; to account for the latter, a 

mixed logit (or random parameters multinomial logit) framework was employed. The 

model structure of the mixed logit approach allows the estimation of a separate parameter 

estimate for each roadway segment and at the same time relaxes the IIA restriction of the 

traditional multinomial logit formulation, since the outcomes of the logit process are not 

considered as independent (Train, 2003; Washington et al. , 2011). Using similar type of 

aggregate data (proportions ofaccidents by severity level) as well as disaggregate accident

specific data, Anastasopoulos and Mannering (2011) investigated the effectiveness of these 

two analysis approaches under fixed- and random-parameters modeling schemes. For both 

approaches, the random parameters models outperformed the fixed parameters 

counterparts in terms of statistical fit and forecasting accuracy. The statistical analysis 

showed that the approach based on crash-specific data intuitively provides more detailed 

inferences regarding the critical factors determining the injury severity outcomes, whereas 

the proportions-based approach may be more insightful for evaluating the efficiency of 

possible safety countermeasures; the latter was inferred from the finding that the 

proportions-based approach explains approximately the same extent ofheterogeneity, with 

less required information. 
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Factoring in the fact that the ordered probability approaches are primarily used for 

analyzing detailed accident-specific data, the random parameters modeling constitutes the 

most widely employed approach to account for unobserved heterogeneity arising from the 

various vehicle-related, driver-related, and collision-related characteristics. In this context, 

Eluru et al. (2008) suggested the mixed generalized ordered response framework, which 

allows the effect of the explanatory parameters to vary across the observations, and the 

thresholds of the ordered process to be determined as a function of explanatory parameters. 

To address threshold heterogeneity, the model structure of the mixed generalized ordered 

logit model allows for the effect of the threshold-specific parameters to also vary across 

observations. The mixed generalized ordered logit model has been implemented in several 

driver- and pedestrian-involved injury severity analyses (Yasmin and Eluru, 2013 , Yasmin 

et al. , 2014b, Yasmin et al. , 2015 , Eluru and Yasmin, 2015). Employing a bivariate 

scheme, Russo et al. (2014) suggested a random parameters framework to simultaneously 

investigate the factors determining the injury severity outcomes of drivers responsible for 

the accident (at-fault drivers) and drivers not responsible for the accident (not-at-fault 

drivers) at angle-related crashes. The model structure of the developed bivariate approach 

can account for the possible correlation among the injury severity outcomes of the -

involved in the same accident - drivers and the unobserved effects that may vary 

systematically across the various drivers. 

Another methodological approach that has been extensively used in injury severity 

analyses to address unobserved heterogeneity is the latent class modeling (Eluru et al. , 

2012; Shaheed and Gkritza, 2014, Cerwick et al. , 2014, Behnood et al. , 2014, Yasmin et 
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al. , 2014a; Behnood and Mannering, 2016). Specifically, the latent class framework allows 

for the identification of unobserved groups (classes) of observations, where within each 

class the explanatory variables affect the injury severity outcomes in a homogeneous 

manner (Mannering et al. , 2016). Thus, the underlying specification oflatent classes with 

different-in-parameters effect accounts for the unobserved heterogeneity stemming from 

randomly determined sub-groups of crash population. In this context, Behnood et al. 

(2014) estimated latent class multinomial logit models in order to investigate the 

underlying mechanisms affecting injury severity outcomes under different conditions of 

drivers' sobriety (i.e. drivers under the influence of alcohol consumption versus drivers not 

under the influence of alcohol consumption). On the basis of this distinction, various sub

samples of the drivers ' population were included in the latent class analysis using the age 

and the gender as fundamental criteria for the population segmentation. Beyond the 

identification of several differences relating to the specific parameters affecting driver ' s 

injury-severity for each sub-sample of the population, the analysis results demonstrated the 

potential of the latent class modeling to capture - in a significant extent - heterogeneity 

effects within the same sub-sample of the population. In an ordered probability context, 

Yasmin et al. (2014a) extended the generalized order logit formulation (Eluru et al. , 2008) 

to address unobserved heterogeneity by identifying underlying injury severity segments. 

The model structure of the latent segmentation based generalized ordered logit approach 

allows for the probabilistic specification of latent segments across the population, with 

each segment to be associated with a - practically- separate model. In an effort to compare 

the two predominant statistical and econometric approaches for addressing the effect of 

unobserved heterogeneity (i.e. , the random parameters and latent class modeling 
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approaches) within the context of the injury severity analysis, Cerwick et al. (2014) 

estimated mixed logit and latent class multinomial logit models using injury severity data 

from heavy truck-related crashes. The statistical analysis showed that the latent class 

model slightly outperforms the mixed logit counterpart, in terms of statistical fit, whereas 

the mixed logit model provides much more accurate predictions. Therefore, the selection 

of the most appropriate approach constitutes a challenging task. 

In regard to the effect of dynamic variations on the injury-severity outcome 

probabilities, Theofilatos and Y annis (2014) provide a comprehensive overview of studies 

that consider time-varying traffic or weather characteristics as determinants of accident 

injury-severities. Interestingly, the main stream of these studies have used primarily 

aggregate data to investigate the effect of weather characteristics (Ma and Kockelman, 

2004; Hill and Boyle, 2006; Caliendo et al. , 2007; Kopelias et al. , 2007; Milton et al. , 2008; 

Abdel-Aty et al. , 2011 ; Jung et al. , 2011 ; Peng and Boyle, 2012; El-Basyouny and Kwon, 

2012; Mohamed et al. , 2013 ; El-Basyouny et al. , 2014) whereas, recent studies have 

incorporated (near) real-time weather data, to account for the effect of dynamic variations 

on the injury-severity mechanism (Jung et al. , 2010; Xu et al. , 2013; Yu and Abdel-Aty, 

2014a, 2014b). 
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CHAPTER 3. METHODOLOGICAL FRAMEWORK 

3.1 Methodological Framework Overview 

As shown in the previous section, a broad range of statistical and econometric 

methods has been developed and implemented in accident research literature to mitigate 

the effect of unobserved heterogeneity arising from the structural deficiencies of the 

accident datasets. The abundance of empirical analyses, conducted on the basis of the 

aforementioned approaches, has demonstrated their significant potential in enhancing 

statistical performance and providing more robust insights. However, the parametric ( or 

semi-parametric) assumptions of the aforementioned approaches, the restricted model 

formulations for ease of computationally manageable estimation, in conjunction with the 

complex variations of the unobserved factors have left certain nuances of unobserved 

heterogeneity not adequately explored. This dissertation focuses on methodological 

extensions of the random parameters and latent class modeling approaches that will enable 

the joint consideration ofvariations that have concurrent effect with the variations captured 

by the traditional formulations of the former approaches (i.e. , variations across the 

observations and variations across unobserved groups of sample population with internally 

similar characteristics). To that end, the description of such methodological extensions is 

classified by the type of accident data that are modeled; thus, the first part of this chapter 

focuses on models that address unobserved heterogeneity and investigate the accident 
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occurrence on a highway segment, whereas the second part of this chapter focuses on 

models that address unobserved heterogeneity and investigate accident injury-severity, 

conditional on the accident having occurred on a highway segment. Common 

characteristics of both accident data types is their discrete outcome nature, which 

subsequently leads to the employment of discrete outcome frameworks for model 

estimation. Specifically, the output of the accident occurrence models is the likelihood that 

an accident will occur on a specific roadway segment in a specific time interval , whereas 

the output of the accident injury-severity models is the likelihood that an accident will 

result in a specific injury-severity outcome, given that the accident has occurred. 

3.2 Methodological Approach of Accident Occurrence Analysis 

The main output of the accident occurrence analysis is the likelihood that an 

accident will occur on a specific highway segment in a specific time interval. To account 

for various aspects of unobserved heterogeneity as well as for the effect of time-varying 

characteristics, within a binary logit framework, the correlated grouped random parameters 

binary logit approach is developed and implemented. 

3.2. 1 Correlated Grouped Random Parameters Binary Logit Approach 

This Chapter discusses the methodological considerations that led to the 

development and implementation ofthe correlated grouped random parameters binary logit 

approach for identifying pre-crash stationary and time-varying factors of accident 

occurrence. In addition, the relevant model formulation is presented in detail. 
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3.2.1.1 Motivation and Overview 

The literature review (Chapter 2) demonstrated that, over the last decade, a growing 

body ofaccident research has incorporated the effect ofstationary and time-varying factors, 

either separately or simultaneously, in accident prediction models . However, the vast 

majority of such studies did not account either for the effect ofvariations in weather-related 

and environmental characteristics, or for the joint effect of the time-varying and stationary 

characteristics on the accidence occurrence mechanism. Interestingly, in most cases, the 

effect of weather-related (temperature, precipitation, wind) and environmental (lighting 

conditions, surface visibility) factors on the accident occurrence mechanism is investigated 

on the basis of aggregate information corresponding either at the time of the accident, or at 

a pre-specified extensive time period within the time of the accident. Such considerations 

cannot account for possible fluctuations of time-varying characteristics, leading to 

significant loss of information, which is critical for the identification of pre-crash time

varying factors . Even though the time-varying nature of such factors is captured through 

real-time detailed data, the previously employed modeling schemes cannot adequately 

control for possible unobserved heterogeneity interactions between the stationary and the 

time-varying characteristics. 

As opposed to previous studies that explored stationary and time-varying factors 

(through aggregated data) on accident frequencies, the intent of this accident occurrence 

analysis is to investigate the simultaneous impact of stationary and pre-crash time-varying 

factors that may lead to an accident on a specific highway segment, by using highly 

disaggregate information ( which allows capturing the effect of detailed time-varying 
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weather and environmental characteristics). To account for the time-varying factors and 

the underlying unobserved heterogeneity, a random parameters (mixed) logit framework is 

employed, using data collected from highway segments with and without accidents. 

A fundamental limitation of the conventional random parameters logit approach 

arises from the restrictive formulation of the covariance matrix for the random parameters, 

which does not allow for possible correlations among the explanatory variables to be 

reflected in the parameter estimates (Greene, 2007; Yu et al. , 2015). Not accounting for 

correlation effects among the time-varying and stationary factors may result in 

misspecification issues (e.g. , biased parameter estimates, inconsistent predictions, and 

erroneous inferences), because the underlying unobserved heterogeneity will only be 

partially captured (Anastasopoulos and Mannering, 2009, 2016; El-Basyouny and Sayed, 

2009; Mitra and Washington, 2012; Coruh et al. , 2015; Sarwar et al. , 2016; Anastasopoulos 

et al. , 2016, 2017). To address this limitation and to account for panel effects, a correlated 

grouped random parameters binary logit model with time-varying and stationary 

explanatory parameters is developed, for the first time, to the authors ' knowledge. To 

evaluate its statistical merits, the developed modeling approach is compared with the fixed 

and uncorrelated random parameters modeling counterparts, in terms of statistical fit, 

explanatory power, and forecasting accuracy. 

3.2.1.2 Model Formulation 

To simultaneously account for stationary factors, for the variations of the time

varying explanatory parameters (i.e. , pre-crash time-varying factors) , and for the 
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possibility of systematic variations of the parameter effects across the highway segments 

(i.e. , unobserved heterogeneity), a binary random parameters (mixed) logit model is 

employed. Not addressing these modeling specification issues is important, as they can 

cause significant model misspecification, in terms of inconsistent parameter estimates and 

outcome probabilities (Washington et al. , 2011). To that end, the accident occurrence 

function, A_in, that determines whether an accident, i , occurred or not on a highway 

segment, n, can be written as (Fountas et al. , 2018a): 

(1) 

where, Xn are vectors of the observable stationary (stable over time for the same highway 

segment, but varying across highway segments) characteristics that determine the accident 

occurrence, D1,n are vectors of the observable time-varying (variable over time for the same 

highway segment, and varying across highway segments) characteristics in a specific time 

interval t that determine the accident occurrence, pare vectors of estimable parameters for 

discrete outcome, i , and Ein is the disturbance term. 

The introduction of random parameters in the accident occurrence function allows 

the estimation of a separate vector of ps for each observation, as (Greene, 2007, 2016): 

(2) 

where, pdenotes the mean value of the random parameters vector, r is a symmetric matrix 

( also referred to as Cholesky matrix; for further details see: Greene, 2007) whose elements 

are used for the computation of the standard deviations of the random parameters, and J 

denotes a randomly distributed term with mean equal to zero and variance equal to one. In 

an effort to examine different distributional assumptions with respect to the disturbance 
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term, both probit and logit model specifications were explored, and the logit was found to 

provide the best overall statistical fit (in terms of goodness-of-fit measures, such as the 

McFadden pseudo-R2 and the Akaike Information Criterion). 

Accounting for possible correlations between the random parameters, the 

unrestrictive form of the r matrix allows for non-zero off-diagonal elements, which can 

capture the correlation effects on the determination of the random parameter estimates 

( Greene, 2007; Yu et al. , 2015). On the basis of the Cholesky decomposition, the variance

covariance matrix (V) of the random parameters is derived as (Greene, 2007, 2016): 

V=fT' (3) 

where, the diagonal elements of the variance-covariance matrix represent the squared 

values of the standard deviations of the correlated random parameters. In the case of the 

uncorrelated random parameters, the off-diagonal elements of the variance-covariance 

matrix are equal to zero (Yu et al. , 2015), and the diagonal elements of the r matrix 

represent the standard deviations of the random parameters (Greene, 2007). Note that 

several highway segments may be associated with multiple accident observations; thus 

there is strong possibility for systematic variations across sub-samples of the population 

(panel effects), i.e., across observations corresponding to the same highway segment. To 

simultaneously account for unobserved heterogeneity effects within each segment-specific 

set of accident observations as well as for unobserved heterogeneity correlation among the 

explanatory parameters, the employed unrestrictive form of the r matrix allows for the 

estimation of grouped correlated random parameters. Under such modeling consideration, 

a separate coefficient (P) is estimated for each highway segment, n; thus all observations 
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associated with the same highway segment, which likely share common unobserved 

characteristics, are represented with one single random parameter coefficient (Sarwar et 

al. , 2017a). 

Depending on the assumed distribution for the random disturbance term, the 

outcome probability form is defined accordingly. In the case of the mixed logit model, the 

binary ( 1 for accident occurrence, 0 otherwise) outcome probabilities are: 

(4) 

where, P,, (i Irp) denotes the mixed logit probabilities, under the condition that the range of 

~ values is described by the distribution q(~l1J), for each vector of estimable parameters. 

More specifically, the variation of~ is determined with density function q(~lqi), where qJ is 

a vector of parameters of the density distribution ( for example, mean and variance for the 

normal distribution), also referred to as mixing distribution (Washington et al. , 2011). The 

functional form ofthe parameter density function is specified to be normally, log-normally, 

Weibull, uniformly, and triangularly distributed. It should also be noted that in the previous 

equations, the vectors of the time-varying characteristics represent the corresponding 

values either in the time interval, t, when the segment was observed and an accident has 

occurred or not, or in any time interval preceding t ( e.g. , 30 or 60 minutes before, denoted 

as t-30 and t-60 , respectively). 

To provide insights regarding the variation of the time-varying characteristics over 

the consecutive time intervals or during the overall time period ( as a means to identify 

significant pre-crash factors) , multiple forms of the time-varying characteristics are 
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explored as influential factors. These forms include: the value of the time-varying 

characteristic in any time interval, t, preceding the time interval, t ', when the segment was 

observed for an accident occurrence or non-occurrence, Din,t'-1; differential values of the 

time-varying characteristics between two consecutive or non-consecutive time intervals, 

iJDin; and deviations ofany value of the time-varying characteristic between a time interval 

and the average value of the same time-varying characteristic, iJDin , (averaged over the 

corresponding time period interval). 

Turning to the estimation procedure of the mixed logit model, the traditional 

maximum likelihood estimation is difficult to be implemented, due to the high 

computational effort required for the probability calculations (Washington et al. , 2011). 

For this reason, a simulation-based maximum likelihood estimation approach is used. In 

particular, values of pare drawn from the function q(Pl<fJ) for given values of <p , and the 

subsequent probabilities are computed as a weighted average of the various p values, 

according to Equation 4. Regarding the sampling strategy of p values from the 

aforementioned distribution, the technique developed by Halton (Halton, 1960) is used, 

which can provide efficient probability approximations with as few draws as possible 

(Train, 2003; Bhat, 2003). Based on the mechanism of this technique, the pvalues are 

drawn according to a technique-generated nonrandom sequence of numbers (Washington 

et al. , 2011). 

The number of Halton draws used in the simulation-based maximum likelihood 

approach constitutes another important consideration, which influences the stability of the 
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parameter estimates and affects the accuracy of the probability approximations. A number 

of studies (Train, 2003; Bhat, 2003; Milton et al. , 2008; Anastasopoulos and Mannering, 

2009; Russo et al. , 2014) have theoretically and empirically shown that 200 Halton draws 

provide accurate and stable parameter estimates. However, in the accident occurrence 

analysis, the uncorrelated and correlated random parameters models were estimated with 

600 Halton draws, in order to reach to reliable (accurate and stable) parameter estimates. 

As far as unobserved heterogeneity is concerned, the effect of some variables can 

vary across the observations in the uncorrelated random parameters (mixed) logit models 

(yielding one p for each observation), whereas under the correlated grouped random 

parameters approach the effect of some variables can vary across the highway segments 

(yielding one pfor each segment). It should also be noted that a parameter can generally 

be considered as random when the mean and the standard deviation of the parameter 

density function are statistically different from zero. However, in cases that the standard 

deviation of the parameter density function is statistically significant, but the mean is 

statistically insignificant, a likelihood ratio test is required to determine the statistical 

significance of the specific parameter used as random, as opposed to fixed (for a detailed 

discussion see: Anastasopoulos, 2016; Anastasopoulos and Mannering, 2016). 

On the basis of the derivation of the variance-covariance matrix (see Equation 3), 

it is inferred that the computation of the standard deviations of the correlated grouped 

random parameters is based on the diagonal and off-diagonal elements of the r matrix. 

Note that the elements of the r matrix are also estimable parameters. The standard 
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deviation of each correlated random parameter 1s derived herein as: 

(5) 

where, 0 denotes the standard deviation of the random parameter, 6k,k is the respective 

diagonal element of the r matrix, whereas 6k,k-1, 6k,k-2 , . .. , 6k,1 denote the off-diagonal 

elements of the lower triangular matrix corresponding to the specific random parameter j. 

The standard error and I-statistic for each correlated grouped random parameter are 

estimated on the basis of the software-generated observation-specific coefficients of the 

standard deviations of the random parameters, (JJn. First, the standard error (averaged 

across the observations) of the standard deviation, SE(J , is computed: 
J 

s 
SE =---5:!._ (6)

(Yi ✓N 

where, sa- ,, is the standard deviation of the observation-specific (JJn , and N is the number 
1 

of observations used for model estimation. The I-statistic - used to test whether (JJn is 

statistically different from zero - is computed as : 

(7) 

The I-statistic computation procedure is based on a post-estimation, yet analytical 

procedure, and it unambiguously warrants the statistical significance of the standard 

deviations ofthe correlated grouped random parameters' density functions. To the authors' 

knowledge, this is a first methodological attempt to explore statistical significance of 
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correlated random parameters, in terms of the statistical significance of the standard 

deviation of the correlated random parameters' density function. 

A significant feature of the correlated grouped random parameters approach arises 

from the estimation of the random parameters' correlation matrix, on the basis of the 

variance-covariance matrix and the vector of the computed standard deviations. In this 

context, the correlation coefficient between two random parameters is defined as: 

(8) 

where, cov(x1,n, x1.,n) is the covariance between the two explanatory variables,} and}' , with 

random parameters, and CJ'J,n, CJ'J',n denote their respective standard deviations. 

In order to evaluate the validity of the parameter estimates and to identify the 

magnitude ofthe effect ofeach explanatory variable on the resulting probabilities, marginal 

effects are also computed. Marginal effects measure the effect that one unit change in a 

specific variable has on the accident occurrence probability for a highway segment, and 

are computed as (Greene, 2007, 2016): 

8E[P(y )] 
ax · =M'(WX)P; = f(~'X)P; (9) 

I 

And 

f(f3' X) = M(f}'X)[l - M(f}'X)] (10) 
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8E[P(y )] 
where, E [P(y

1 
)] denotes the expected value of the mixed logit probability, ax ' is 

I 

the change in the overall expected value, M(WX) and.f{P'X) denote the probability and 

density functions of the general conditional mean function E[yi lx ], respectively (Greene, 

2007, 2016). 

3.3 Methodological Approach of Accident Injury-Severity Analysis 

Various aspects of unobserved heterogeneity arising from the inherent deficiencies 

of the accident injury-severity data are addressed through the development and 

implementation of three different ordered probability modeling approaches: 

• Random thresholds random parameters hierarchical ordered probit approach. 

• Correlated and uncorrelated random parameters ordered probit approaches. 

• Segment- and accident-based latent class ordered probit approaches with class 

probability functions. 

The general methodological framework of each of the aforementioned approaches 1s 

discussed in the next Chapters. 

3.3. I Random Thresholds Random Parameters Hierarchical Ordered Probit Approach 

This Chapter discusses the methodological considerations that led to the 

development and implementation ofthe random thresholds random parameters hierarchical 

ordered probit approach to study the factors that affect accident injury-severities. In 

addition, the relevant model formulation is presented in detail. 



46 

3.3 .1.1 Motivation and Overview 

The ordered probability framework constitutes one of the most widely used 

approach for analyzing injury-severity data (see also the relevant discussion in Chapter 2). 

Although ordered probability models account for the ordinal nature of the injury-severity 

data, they assume that the same set of independent variables affect all injury-severity 

outcomes. More importantly, the interpretation of the intermediate categories in these 

models is heavily affected by the thresholds (which are estimable parameters, and are 

restricted to be fixed across the observations) and the unambiguous effect of the 

independent variables on the highest and lowest ordered discrete category probabilities, 

with the effect on the interior category probabilities left unclear (Savolainen et al. , 2011 ; 

Washington et al. , 2011). 

The generalized ordered logit model (Williams, 2006; Wang and Abdel-Aty, 2008; 

Eluru et al. , 2008, Quddus et al. , 2010) and its extension, the mixed generalized ordered 

logit model (Eluru et al. , 2008, 2013 , Yasmin and Eluru, 2013 , Yasmin et al. , 2014b, 2015 , 

Eluru and Yasmin, 2015), can relax the first restriction - i.e. , the assumption that the same 

set of independent variables affect all injury-severity outcomes; however, the generalized 

ordered logit model can occasionally predict negative probabilities (Greene and Hensher, 

2010a). 1 The hierarchical ordered probit (HOPIT) model accounts for the negative 

probability limitation; the thresholds are always positive and ordered, and are a function of 

1 The mixed generalized ordered response logit model allows the effect of the explanatory parameters to vary 
across the observations, and the thresholds to be determined as a function of the explanatory parameters 
(Eluru et al. , 2008, Yasmin and Eluru, 2013, Yasmin et al. , 2014, Yasmin et al. , 2015, Eluru and Yasmin, 
2015). To address threshold heterogeneity, the model structure of the mixed generalized ordered logit 
model allows for the effect of the threshold-specific parameters to vary across observations (Eluru et al. , 
2008). 
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a set of unique explanatory parameters that do not necessarily affect directly the ordered 

probability outcomes, hence partially addressing the second limitation - i.e., the threshold 

heterogeneity. 2 

This part of analysis seeks to address - to a larger extent - the aforementioned 

threshold limitation, by allowing the thresholds to be a function of unique explanatory 

parameters and to vary across the observations, while simultaneously allowing the effect 

of the explanatory parameters that determine the ordered probability outcomes to also vary 

across the observations. To that end, a random thresholds random parameters hierarchical 

ordered probit model is estimated. This modeling approach seeks to address threshold 

heterogeneity and unobserved heterogeneity that, if left unaccounted for, can lead to 

inconsistent, biased, and inefficient predictors, and incorrect estimation of outcome 

probabilities for all - and in particular the intermediate - categories (Greene and Hensher, 

201 Ob). To evaluate the statistical benefits of the proposed approach, the results of the 

random thresholds random parameters hierarchical ordered probit model are compared 

with the traditional hierarchical ordered probit and the fixed- and random-parameters 

ordered probit model counterparts. 

2 According to Greene and Hensher (2010b) and Greene (2012), the hierarchical ordered model constitutes 
an alternate term for the generalized ordered model. This term does not imply the presence of any 
hierarchical data structure, but indicates the property of the model structure to allow for systematic 
decomposition of the threshold heterogeneity through the inclusion of exogenous variables in the 
corresponding threshold parametric forms (Green and Hensher, 2010a, 2010b). 
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3.3.1.2 Model formulation 

To study accident injury-severity probabilities in an ordered probability setting, the 

ordered probit model is defined as (Washington et al. , 2011): 

(11) 

where, y is an integer corresponding to ordering of injury-severity outcomes, ~ are vectors 

of estimable parameters, X are vectors of explanatory variables, µ are threshold parameters 

that define y and are estimated with ~' j are the integer ordered injury-severity levels, and 

E are random error terms that are assumed to be normally distributed with zero mean and 

variance equal to one. 

Under the hierarchical ordered probit modeling scheme, the thresholds can vary as a 

function of a set of explanatory parameters as (Greene and Hensher, 2010b, Fountas and 

Anastasopoulos, 2017), 

µ . =µ . 1 + exp(t + d S ) (12)l ,] l ,J - ] ] l 

where, t is the intercept for each threshold, S are vectors of variables affecting the 

thresholds, and d are vectors of estimable parameters for S. And to allow the thresholds to 

concurrently vary across the observations, Equation 12 can be re-written as (Greene and 

Hensher, 2010b, Fountas and Anastasopoulos, 2017), 

(13) 

where, UiJ is a normally distributed term with mean zero and standard deviation one, while 

t1 and y1 are the mean and standard deviation of the threshold intercept term, respectively. 

To simultaneously account for unobserved heterogeneity in the outcome 

probability process, the effect of the explanatory parameters can be allowed to vary across 
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the observations. This can be accomplished through the use of random parameters, in 

which case the estimable parameters become (Washington et al. , 2011 ; Anastasopoulos 

and Mannering, 2009, 2011 ; Anastasopoulos et al. , 2012a, Russo et al. , 2014, 

Anastasopoulos et al. , 2016): 

(14) 

where, pis the mean of the random parameters vectors, r is the diagonal matrix of standard 

deviations, and Wi is a normally distributed term with mean zero and variance one. To 

improve estimation efficiency, a simulated maximum likelihood estimation process is 

employed using a Halton sequence approach (Halton, 1960; Bhat, 2003), in order to draw 

random values of pfrom the parameter density function q(P l<t>) , where q> denotes a vector 

of parameters of the density distribution ( e.g. , mean and standard deviation, in the case of 

the normal distribution). 

Equations 12 and 13 show that the thresholds become unrestricted to vary across 

observations, and the explanatory parameters are also allowed to vary across observations, 

thus accounting simultaneously for both threshold heterogeneity and unobserved 

heterogeneity. 

In this context, the ordered probability of each different severity level j for each crash 

observation, can be calculated as (following the formulation of Washington et al. , 2011): 

P(y = ;") = <D(µ . - A .x .) - <D(µ . 1+ A .x .) (15)J t-'z z J+ t-'z z 

where, P(y = J) is the probability of the injury-severity level}, <l> represents the cumulative 

function of the standard normal distribution, µ denote the marginal thresholds for outcome 

j , and all the other terms are as previously defined. It should be noted that for the first 
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injury-severity outcome (J =1), the corresponding threshold (µo) is specified as zero, 

without loss of generality (Washington et al. , 2011) - which means that only j - 2 

thresholds are estimated.3 

In order to assess the effect of the explanatory variables on the probability of each 

injury-severity level - and especially on the intermediate levels, in which the direction of 

the effects cannot be captured by the parameter estimates (Washington et al. , 2011) -

marginal effects are computed (Washington et al. , 2011 , Anastasopoulos et al. , 2012c, 

Russo et al. , 2014): 

P(y = J) = [ <p(µ - J3X) - <p(µ - J3X)]J3 (16)8X 1 -l J 

Marginal effects measure the change in the resulting probability of each ordered outcome, 

due to a one-unit change ( or change from "0" to "1" in the case of indicator variables) in 

the explanatory variable. It should also be noted that marginal effects are estimated at the 

sample mean of the explanatory variables, using the averaged - over the observations - ps, 

when computed for random parameters. 

3 It should be noted that the random thresholds random parameters hierarchical ordered probit model and the 
mixed generalized ordered response logit model differ both in terms of distribution (probit vs. logit) and in 
terms of modeling structure. 
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3.3.2 Correlated Random Parameters Ordered Probit Approach 

This Chapter discusses the methodological considerations that led to the 

development and implementation of the correlated random parameters ordered probit 

approach to study the factors that affect accident injury-severities. In addition, the relevant 

model formulation is presented in detail. 

3.3.2.1 Motivation and Overview 

As highlighted in Chapter 2, under the traditional random parameters modeling 

approach, the sources of heterogeneity are assumed to be independent (Mannering et al. , 

2016). In fact, there is strong possibility for the sources of heterogeneity to be correlated, 

due to possible interactions among the unobserved characteristics. Even though allowing 

to capture such unobserved characteristics, the traditional random parameters modeling 

approach cannot provide parameter estimates that account for the possible correlation 

effects among the distributions of the random parameters, and, in tum, among the various 

sets of unobserved factors (Mannering et al. , 2016). Such correlation effects may be more 

evident when consideration is given to the determinants of the injury-severity outcomes, 

due to the presence of numerous sources of heterogeneity that are anticipated to have 

interactive effects on the accident injury-severity mechanism. 

This part of the dissertation simultaneously addresses unobserved heterogeneity 

and unobserved heterogeneity interactions, by employing a correlated random parameters 

modeling framework. Specifically, possible correlation effects among the latter are 

explicitly captured, by applying the unrestricted covariance matrix of the random 
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parameters (Yu et al. , 2015). In this context, a correlated random parameters ordered probit 

model is estimated, to study the factors affecting injury-severity outcomes. The employed 

approach has the potential to account for variations in the effect of time-varying 

characteristics, by using highly disaggregate time-varying information coupled with the 

traditional roadway- and accident-specific information. To evaluate the statistical, 

explanatory, and forecasting potential of the employed approach, the fixed and 

uncorrelated random parameters ordered probit counterparts are investigated and compared 

against the suggested approach. 

3.3.2.2 Model Formulation 

To account for the ordinal discrete nature of accident injury-severity data, a 

considerable portion ofprevious research has utilized an ordered probability framework to 

model injury-severity outcomes (Abdel-Aty, 2003 ; Haleem and Abdel-Aty, 2010; Yasmin 

and Eluru, 2013 ; Russo et al. , 2014). In the context of an ordered probit formulation, the 

traditional ordered probability model is defined on the basis of a latent continuous variable, 

Zi, as shown in Equation (11). 

To account for the effect of unobserved factors that can potentially vary 

systematically across accident observations, the random parameters modeling approach is 

employed. The latter allows the estimation of accident-specific parameter vectors (Ps) for 

( some or all of) the explanatory variables, in an effort to capture underlying variations in 

the effect of observable characteristics. To that end, each accident-specific parameter 

vector (Pi) is specified as (Fountas et al. , 2018c): 
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(17) 

where, p represents the mean value of the random parameters vector, r represents a 

Cholesky matrix (Greene, 2016), which is used for the specification of the covariance 

matrix for the random parameters, and Wi represents a random term following the standard 

normal distribution (with mean equal to zero and standard deviation equal to one). In fact, 

the distributional range of the accident-specific Pi for each vector of random parameters is 

specified with a density function q(PI~) - mentioned also as mixing distribution in the 

econometric literature (Washington et al. , 2011) - that can take the parametric form of any 

of the most commonly used distributions (e.g., normal, lognormal, Weibull, uniform and 

triangular) . In this context, ~ denotes the defining parameters of the mixing distribution 

(e.g., mean and standard deviation for the normal distribution). 

Given the distributional feature of the random term u\ , the covariance matrix, V, 

of the random parameters can be simply expressed as (Greene, 2016): 

V=fT' (18) 

It should be noted that the diagonal elements of the covariance matrix represent the 

variances ofthe random parameters. In the conventional (uncorrelated) random parameters 

approach, a restrictive form of the covariance matrix is employed, where all off-diagonal 

elements are pre-specified as zero (Yu et al. , 2015 ; Greene, 2016). Herein, to account for 

possible correlations among the random parameters, the r matrix is formulated 

unrestrictedly, with off-diagonal elements that can also take non-zero values. In such 

manner, the limitation arising from the non-zero diagonal nature of the covariance matrix 
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is relaxed, and the effect of the unobserved heterogeneity interactions can be efficiently 

captured. Under this consideration, all below-diagonal elements of the r matrix constitute 

estimable parameters (Greene, 2016). 

Using the -previously defined - unconstrained form of the covariance matrix, the 

standard deviations of the mixing distributions for the correlated random parameters can 

be typically estimated, as the squared roots of the diagonal elements of the former. To 

examine the statistical significance of these standard deviations, their posterior t-statistics 

are computed, according to the procedure developed in the Chapter 3.2, for the correlated 

grouped random parameters binary logit model. Specifically, the software-generated 

accident-specific estimates of the standard deviations corresponding to the correlated 

random parameters are used for the calculation of the standard error, and in tum for the 

computation of the t-statistic of the latter, as: 

s 
SECT = ~' and (19) 

k "N 

(20) 

where, crK is the standard deviation ofa random parameter, k, SE(l denotes the standard error 
1 

of the accident-specific standard deviations, sa ,-; represents the standard deviation of the 

accident-specific O"Ki , t(lkdenotes the I-statistic corresponding to the standard deviation of 

the random parameter, and N denotes the number of accident observations in the sample. 
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For the estimation of the random parameters ordered probit models, a simulation

based maximum likelihood approach is implemented. To optimize the efficiency of the 

simulation process, Halton sequences (Halton, 1960) are incorporated in the -

computationally cumbersome - integrations of the probability density functions associated 

with the random parameters. Even though previous econometric research (Train, 2003; 

Bhat, 2003) suggests that 200 Halton draws allow for sufficient probability 

approximations, herein, 1,200 Halton draws were required in order to achieve parameter 

stability and consistency. 

Following the formulation of the traditional ordered probit model, the probability 

of each accident observation, i , to result in an injury-severity outcome j , P(y = J) , is 

described in Equation (15). 

Note, that due to the inherent modeling structure of the traditional ordered probit 

model, only a set of independent variables is estimated, which is assumed to affect 

homogeneously all the injury-severity outcomes. This feature, however, introduces 

restrictions in the interpretation of the intermediate categories. To provide insights with 

regard to the magnitude of the effect of the estimable parameters on the injury-severity 

outcome probabilities in general, and to the intermediate levels in particular, marginal 

effects are computed. Marginal effects give the change in injury-severity outcome 

probabilities caused by a one-unit change of a continuous independent variable, or by a 

change from "0" to "1" for an indicator variable ( dummy), and are computed as shown by 

Equation (16). 
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3.3 .J Segment- and Accident-Based Latent Class Ordered Probit Approaches With 

Class-Probability Functions 

This Chapter discusses the methodological considerations that led to the 

development and implementation of the segment- and accident-based latent class ordered 

probit approaches with class-probability functions to study the factors that affect accident 

injury-severities. In addition, the relevant model formulations are presented in detail. 

3.3.3.1 Motivation and Overview 

As discussed in Chapter 2, the latent class modeling approach aims to identify 

unobserved (latent) classes of the sample population, where in-class homogeneity is 

assumed. However, the assumed in-class homogeneity in conjunction with the 

computational complexity of identifying a large number of classes that share similar or 

same unobserved characteristics may impose restrictions on the patterns of heterogeneity 

that can be captured in the data 4. Another important feature of the latent class structure is 

associated with the probabilistic allocation of observations to alternate latent classes. In 

particular, not addressing heterogeneity relating to underlying factors that determine the 

class assignment mechanism, may result in parameter estimates that do not capture the 

entire spectrum of unobserved effects. In the majority of the injury-severity latent class 

literature, the class assignment is based on fixed class probabilities ( across observations) 

which, depending on the nature of unobserved heterogeneity in the data, can be a highly 

restrictive limitation. 

4 It should be noted that the vast majority of the previous latent class studies in accident research have 
employed a structure ofjust two latent classes. 
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Another methodological challenge is the availability and use ofpotentially grouped 

data in statistical modeling of accident occurrences or injury-severities. For example, 

multiple data elements that are associated with the same highway entity over a finite period 

of time ( crashes that occurred on the same roadway segment over a finite period of time) 

may share similar unobserved characteristics. To incorporate group-specific heterogeneity 

in model estimation, random effects models have been widely applied (Shankar at al. , 

1998; Yu and Abdel-Aty, 2013; Xie et al. , 2014); whereas grouped effects and unobserved 

heterogeneity have been jointly addressed within a grouped random parameters modeling 

context (Wu et al. , 2013; Sarwar et al. , 2017a). 

The current part of the dissertation seeks to extend the methodological potential of 

the latent-class approach by developing a modeling framework that simultaneously 

accommodates unbalanced grouped effects, unobserved heterogeneity (in terms of 

systematic variations across unknown groups of the population), and class assignment 

heterogeneity. Such a modeling framework has the potential to provide new insights with 

regard to the effect of the highway segment-specific heterogeneity on accident-injury 

severities. Specifically, a grouped latent class ordered probit model with class-probability 

functions is used to study the factors affecting accident injury-severity outcomes, on a 

segment-based level. The modeling structure accounts for the group effect by treating the 

group ofsegment-specific observations homogeneously, while it simultaneously allows for 

the identification of unobserved classes of highway segments that are assumed to be 

internally homogeneous. At the same time, the fixed nature of the probabilistic class 
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allocation is relaxed by allowing the class probabilities to vary as a function of segment

specific explanatory variables. 

To shed more light on the inherent mechanism of the segment-based injury-severity 

analysis, and particularly on its comparative differences relative to traditional accident

based analysis, the latent class ordered probit framework with class-probability functions 

is also employed to estimate accident-level injury-severity models. In this case, the 

modeling structure considers each accident observation as independent (regardless of the 

highway segment where the accident occurred), and seeks to identify latent classes of 

accident observations with common unobserved characteristics. At the same time, this 

approach also relaxes the fixed nature of the latent class probabilities by allowing them to 

vary as a function of accident-specific explanatory variables. The comparative evaluation 

of these two approaches, in terms of explanatory power, statistical fit, and forecasting 

accuracy has the potential to shed further light on the statistical merits and limitations of 

each approach. 

3.3.3.2 Model Formulation 

In line with past accident research (Kockelman and Kweon, 2002; Abdel-Aty, 

2003; Haleem and Abdel-Aty, 2010; Eluru et al. , 2012; Yasmin et al. , 2014a), ordered 

probability models are one of several methods to identify the factors that determine injury

severity outcome probabilities (for a detailed review of recent methodological 

advancements in accident injury-severity research, see Savolainen et al. , 2011 ; Mannering 

and Bhat, 2014; Mannering et al. , 2016). Such models account for the ordinal properties 
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of injury-severity data, by identifying a set of explanatory variables that are assumed to 

homogenously affect all injury-severity levels. This, however, inherently restricts the 

model ' s explanatory power, as unobserved heterogeneity remains unaccounted for 

(Yasmin and Eluru, 2013). In addition, systematic variations across observed sub-samples 

of the highway segment population (grouped effects) are likely to occur, because multiple 

accident injury severities can be observed on the same highway segments. 

For both modeling approaches (segment- and accident-based injury-severity 

models) the latent class ordered pro bit approach is employed, with the modeling structure 

accounting for unobserved heterogeneity stemming from unobserved factors varying 

systematically across latent groups of the highway segment or accident population, 

respectively. To that end, the unobserved variable z is defined as (Greene and Hensher, 

2009; Washington et al. , 2011 ; Greene, 2016, Fountas et al. , 2018b): 

(21) 

where, pis a vector of estimable parameters, X ;,n are vectors of explanatory variables that 

determine the injury severity level of the most severely injured vehicle occupant of 

single-vehicle accident, i , which occurred on a homogeneous highway segment, n, y is the 

observed injury severity level of the most severely injured vehicle occupant expressed 

in an ordinal scale, k are integers denoting the injury-severity outcomes considered in the 

analysis, µ are thresholds of the ordered process that also constitute estimable parameters, 

and E:i ,n is a normally distributed random error term. 
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With the segment-based approach, the latent-class framework treats all segment

specific accident observations as groups of observations, in which the explanatory 

parameters are assumed to have homogeneous effect. In other words, the effect of each 

explanatory parameter is assumed to be fixed across the segment-specific observational 

units, as a result of this grouped latent-class modeling approach. In contrast, with the 

accident-based approach, the latent-class framework treats the accident observations on an 

individual basis, and possible systematic variations among segment-specific observations 

are not accounted for. 

The introduction of latent classes in model estimation allows for the parameter 

estimates to vary across a finite number of unobserved and distinct classes, with the latter 

being explicitly pre-specified by the analyst (Greene and Hensher, 2009; Behnood et al. , 

2014; Mannering et al. , 2016). In the general formulation of the latent class models, 

unobserved groups of population with commonly shared characteristics are accounted for 

through class-specific parameter estimates. Despite the presence of common parameters 

across the classes, the allocation of the highway segments (for the segment-based model) 

or accident observations (for the accident-based model) to the unobserved classes can be 

considered as highly heterogeneous, because different portions of the population are 

generally assigned to them with the distribution among classes determined as part of the 

estimation process (Greene and Hensher, 2009). Thus, the resulting ordered probit injury-

severity outcome probabilities can be written as: 

(22) 
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where, J3mis a class-specific vector of (common across the classes) estimable parameters 

(including the constant), and all other terms as previously defined. 

Focusing on the segment-based model, because the latent class to which each 

highway segment belongs is not a priori known, the probability, Pn(m) , of a roadway 

segment n, to belong in latent class m, is specified to follow the multinomial logit 

formulation (Behnood et al. , 2014; Greene, 2016, Fountas et al. , 2018b): 

p (m) = exp(am+ cmJn) 
(23)

n Iexp(am+ cmJn) I 
VM 

where, Jn is a vector of explanatory variables capturing segment-specific characteristics 

and determining the latent class probabilities for each highway segment n, Cm is a vector of 

estimable parameters corresponding to the class-probability variables, and am is a class 

probability-specific constant term. The highway segments can thus, be probabilistically 

allocated in the latent classes, and the factors affecting such probabilistic rule can be 

explicitly identified. 

With regard to the accident-based model, the corresponding probability Pi(m), that 

is, the probability of an accident observation i, to belong in latent class m, is specified as 

(Fountas et al. , 2018b): 

P(m) = exp(am + dmS;) 
(24)

' Iexp(am+ dmS;) 
VM 

where, Si is a vector of explanatory variables capturing accident-specific characteristics 

and determining the latent class probabilities for each accident observation i , dm is a vector 
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of estimable parameters corresponding to the class-probability variables, and all other 

terms are as previously defined. 

Combining the conditional injury-severity outcome probability Pi,n(klm) (Equation 

22), with the unconditional class probability Pn(m) (Equation 23) for the segment-based 

model, or with the unconditional probability Pi(m) (Equation 24) for the accident-based 

model, the unconditional probability of an accident, i , to occur on a roadway segment, n, 

and result in an injury-severity level, k, regardless of the latent class in which the accident 

observation belongs to, can be expressed, for the segment- and accident-based models, 

respectively, as follows (Greene and Hensher, 2009; Behnood et al. , 2014; Mannering et 

al. , 2016, Greene, 2016): 

P;,n (k) =LP,,(m) X P;,n (k Im), (25) 
\fM 

P;,n (k) =Z:P;(m) x P;,n (k Im), (26) 
\fM 

The estimation of the latent class ordered pro bit models is undertaken through the 

use of maximum likelihood estimation techniques. Specifically, the log-likelihood 

function is defined, for both modeling approaches, as (Greene and Hensher, 2009; Yasmin 

et al. , 2014a): 

(27)LLseg =t 1n P;,n (k) =t 1n[~ P,, (m) X P;,n (k I m)] , 

(28) 

where, LLseg and LLacc denote the log-likelihood functions of the segment- and accident

based models, respectively, and all other terms are as previously defined. 
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To better interpret the results and to assess the magnitude of the effect of each 

explanatory parameter on the injury-severity outcome probabilities, marginal effects are 

computed. For continuous variables, marginal effects measure the change in the 

unconditional probability Pi,n(k) , due to a one unit change in an explanatory parameter 

(Washington et al. , 2011 , Russo et al. , 2014): 

(29) 

where, ((J represents the density function of the standard normal distribution, and all other 

terms are as previously defined. In the case of indicator variables (dummies), the 

computation of the marginal effects is based on the numerical difference of the injury

severity outcome probabilities, computed with the two possible values ("0" and "1 ") of the 

indicator variable (Washington et al. , 2011 , Russo et al. , 2014). 
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CHAPTER4. DATA 

4.1 Introduction 

This Chapter provides a comprehensive overview of the preparation and collation 

processes relating to the dataset used for the estimation of accident occurrence and injury

severity models. In addition, certain fundamental - qualitative and quantitative - aspects 

of the stationary and time-varying information included in the aforementioned dataset are 

also presented and discussed. 

4.2 Data Sources 

On the basis of the aforementioned methodological considerations, the accident 

occurrence and injury severity analyses require extensive, multifarious and multi-level 

information, which cannot be easily obtained from one single dataset. Specifically, the use 

of time-varying characteristics for empirical analyses is directly associated with the 

availability of highly disaggregate weather and pavement surface condition data. 

Furthermore, the injury severity analysis additionally requires detailed crash and injury 

data along with a great amount of crash-related information. In this context, disparate 

transportation safety-related datasets should be merged and combined, in order to extract 

an integrate data sample, consistent with the purpose and the expected outcomes of the 

statistical analysis. 
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Figure 4.1 shows the three datasets from which the data used in empirical analyses 

were drawn. These datasets include: (i) the Highway Safety Information System (HSIS); 

(ii) the Strategic Highway Research Program 2 Roadway Information Database (SHRP2 

RID); and (iii) the Clams database. 

Interestingly, the Highway Safety Information System-HSIS (Council and 

Mohamedshah, 2006) provides traditional archival crash data, roadway information and 

traffic volume characteristics from seven States (California, Illinois, Maine, Michigan, 

Minnesota, North Carolina, Ohio, Utah and Washington), with the data structure and 

elements slightly varying for each state. The data ofthe HSIS system are collected annually 

by the local Transportation Agencies within the context of the ongoing highway 

management and traffic safety assessment. The SHRP2 Roadway Information Database -

SHRP2 RID constitutes an additional source for roadway data elements, since it contains 

unique information on roadway characteristics (e.g. , horizontal curvature, signage, 

workzone information, roadway improvement timelines, etc.), which are not easily 

accessible in other datasets. Such rich set of roadway data is further enhanced by 

supplementary information relating to the traffic and safety aspects of the roadway 

infrastructure, including crash history, aggregate traffic and weather information, safety 

enforcement laws. The primary scope of the RID database is the linkage of the SHRP2 

Naturalistic Driving Study data with critical roadway characteristics, which can enable a 

comprehensive assessment of the various interactions between the drivers and the roadway 

environment. For this reason, RID data is available for roadways within and in the vicinity 

of the SHRP2 NDS study center test sites. 
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Over the last years, the time-varying data are becoming more widely available, in 

the form of either real-time ( or near real-time) measurements or archived data. The Clams 

Database provides complete information on atmospheric weather and roadway surface 

conditions. The dataset includes detailed meteorological measurements from a variety of 

different sensor types (precipitation, snow, temperature, etc.) as well as information about 

the stations ' locations and characteristics. Overall, these three datasets are massive, in 

terms of data quantity, and are largely characterized by heterogeneous data of varying 

structure. Therefore, the access, collation and transformation of such heterogeneous data 

into meaningful and efficient information that can be unambiguously used in the statistical 

analysis constitutes a highly challenging task. 

Cbrns ~the:r and 
PaYei1umt C.Ond:ition 

data) 

HSLS (Crash and RID (Crash and 
Road ~ra,r "'ormation) Rom-h\ ay "' nn ti 11) 

Figure 4.1 Overview ofthe data sources leveraged for the development of the study dataset 
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4.3 Data Alignment Process 

For the linkage ofheterogeneous data from the three datasets, a two-stage procedure 

was implemented. Specifically, the first stage involves the decomposition of the data 

alignment process into smaller and more straightforward linkage cases among the three 

different datasets, whereas the second stage is associated with the final merge of the 

individual and the intermediate databases. In the context of the first stage, all the relevant 

individual tables of the RID databases were extracted ( crashes, alignment, lighting, lanes, 

medians, shoulders, rumbles trips, barriers, traffic counts) and unified into one single 

intermediate dataset. Since the multi-objective statistical analysis is focusing only on 

single-vehicle accidents occurred on highways, the intermediate dataset was appropriately 

adjusted to include only the observations corresponding to single-vehicle accidents. 

Through successive entity resolution processes for the intermediate RID and the HSIS 

databases, the same accident observations were identified between the RID and HSIS 

databases; only the matched observations between the two sources were maintained in the 

linkage procedure. 

The next challenging step was associated with the matching of the weather 

measurements from the Clams database with the - previously identified - common 

accident observations from the RID and HSIS databases. To that end, all weather readings 

were firstly rounded down to the nearest hour and then the accident-specific weather 

readings were similarly rounded down. For the latter, several weather readings near to the 

original time of the accident were considered and the spatially closest - to the location of 

the accident - weather readings were maintained in the dataset. Note that the same 
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procedure was followed for the weather readings of the non-crash observations; the sole 

difference arises from the random selection ofthe specific time point used for the extraction 

of the corresponding weather readings. 

In the second stage, the extracted data elements from the Clams database and the 

intermediate dataset consisting of the common observations from the RID and HSIS 

databases were merged. The final output constitutes the integrated accident dataset with 

stationary and time-varying information, which was used for the accident occurrence and 

injury-severity analyses. 

4.4 Data Description 

The integrated accident dataset consists of 8,459 crash and non-crash observations 

that were collected in a three-year period between 2011 and 2013.5 The data correspond 

to a random sample of homogeneous segments of urban and rural highways in the state of 

Washington. A highway segment is considered as homogeneous under the condition that 

its geometric characteristics do not change along its length (Anastasopoulos, 2016; Sarwar 

and Anastasopoulos, 2016). Herein, segment defining information includes lane, median, 

5 The use of a three-year period for the accident occurrence and injury-severity analysis is based on the 
underlying assumption that the parameters are stable over time. However, a substantial portion ofaccident
related studies has provided significant empirical evidence supporting the possibility of temporal instability 
of parameters (for further details, see Malyshkina et al. , 2009; Behnood and Mannering, 2015, 2016, 
Mannering 2018). Regardless of the use of pre- and at-crash time-varying factors, the consideration of 
such a long time period may introduce variations in the effect of the explanatory variables over time, due 
to temporal instability of the explanatory parameters and the possible effect of self-selectivity bias. In the 
context of the applied methodological approaches, the instability of the parameters may be reflected in the 
model estimation results as unobserved heterogeneity variations in the effect of the explanatory variables. 
To that end, caution should be exercised on the interpretation ofempirical findings, in the sense that certain 
sources of unobserved heterogeneity may arise from the temporal instability of the parameters. 
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and shoulder characteristics, and traffic characteristics (traffic volume and composition); 

note that the HSIS and RID datasets - which include extensive information about the 

roadway infrastructure -were linked on the basis of homogeneous roadway segmentation. 

The basic criteria for the homogeneous segmentation are summarized in the Table 4.1. 

Overall, across the highway segments included in the dataset, the segment length varies 

from about 75 feet (about 0.01 miles) to 1.93 miles, with an average of about 0.38 miles 

(the standard deviation is 0.39 miles). 

Table 4.1 Criteria used for the determination of the homogeneous highway segments 

Type of Segment Roadway Segmentation 
Defining Information Criteria 

Geometric Lane Width 
Characteristics Number of Lanes 

Median Presence 
Median Width 
Median Type 

Cross-section Elements 
Shoulder Presence 

Shoulder Width 
Shoulder Type 

Historical Traffic volume 
Traffic Characteristics 

Traffic composition 

Functional Posted Speed Limit 
Characteristics Access Control 

The data include information for segments where accidents occurred, as well as 

information for segments with no accident occurrence. More specifically, the initial 

database consists of 6,127 single-vehicle crash cases on highway segments in Snohomish, 

King, and Pierce counties in Washington, between 2011 and 2013. As shown in the Figure 

4.2, the city of Seattle is located in the King County and these three counties compose the 
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Greater Seattle Metropolitan area, with an estimated population of 3,798,802 people. 

(Bogue et al. , 2010). 

SNOHOMISH 
COUNTY 

Monroe0 0522) 

2~ J 

~ 

PIERCE _ 
COUNTY 112§ 

Figure 4.2 Overview of the Greater Seattle Metropolitan Area and the Snohomish, King, 
and Pierce counties (Source: Washington Department of Transportation) 
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Figure 4.3 shows the distribution of single-vehicle accidents by the county where 

the accident occurred, for the aforementioned study period. Intuitively, the most populated 

county (King County) is associated with the highest number of accidents (62.35% of the 

total crash observations), whereas the number of accidents occurred in the other two 

counties does not differ significantly (20.17% and 17.48% of the total crash observations, 

respectively). 
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Figure 4.3 Distribution of single-vehicle accidents by County of occurrence 
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In regard to the functional classification of the highway segments included in the 

dataset, the two most intensively used - in terms of traffic volume and movement - classes 

of highways were considered herein. Note that the definitions of the roadway functional 

classes are in accordance with the relevant functional specifications, as provided by the 

RID database: 

• Functional class 1: Roadways that are associated with high traffic volume and 

maximum speed traffic movement between and within major metropolitan areas. 

Very few, if any, speed changes are observed in these roadways; access control is 

imposed in the vast majority of roadways, through ramps or grade separations. 

Overall, their function shares significant similarities with the interstates. 

• Functional class 2: The primary function ofthese roadways is to transfer the traffic 

from roadways of local or inter-local importance to roadways of Functional class 

1. Such roadways generally accommodate trips between and through cities in the 

shortest amount of time. Overall, they share significant similarities with the 

principal and the minor arterials, in terms of primary function and provided 

mobility service. 

Figure 4.4. shows the distributional split of the highway segments included in the 

dataset, on the basis of their functional class, while Figure 4.5 provides a graphical 

illustration of the principal roadways located in the three Counties of interest, along with 

information about their functional class. 
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Figure 4.5 Functional classification of roadways in Snohomish, King, and Pierce counties 
(Source: RID Database) 

Within the same region, 2,332 highway segments of similar functional 

classification and with no observed accidents were randomly selected. In this context, 

stationary information along with time-varying data elements are available in the dataset 

for highway segments with and without observed accidents throughout the study period. 
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The stationary information included in the dataset can be classified as segment

specific information and accident-specific information. The segment-specific data are 

associated with roadway geometric characteristics (number and width of lanes, segment 

length, horizontal and vertical curvature information, cross-section characteristics, 

intersection presence), functional characteristics (functional class, access control, speed 

limit), and traffic characteristics (traffic volume, composition, presence of traffic control 

and traffic control system). Specifically, Table 4.2 summarizes the various types of time

invariant segment-specific information and provides detailed description of the available 

characteristics, per each type of segment-specific information. 
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Table 4.2 Comprehensive overview of the stationary segment-specific characteristics 
included in the dataset 

Type of 
stationary 

information 

Roadway 
Geometric 

Characteristics 

Cross-section 
Elements 

Functional 
Characteristics 

Traffic 
Characteristics 

General characteristics Segment-specific variables 

Segment length 

Roadway Segment 
characteristics 

Number of lanes 
Lane width 

Left-tum lanes 
Right-tum lanes 

Horizontal curve presence 

Horizontal Curvature 
Horizontal curve length 
Horizontal curve radius 

Horizontal curve design speed 
Vertical curve presence 

Vertical curvature 
Vertical curve length 
Vertical curve type 

Vertical curve design speed 
Bridge presence 
Tunnel presence 

Design Elements Ramp presence 
Tollway presence 

Roundabout presence 
Median presence 

Median Median width 
Median type 

Shoulder presence 
Shoulder Shoulder width 

Shoulder type 
Rumblestrips presence 

Rumbles trips Rumblestrips length 
Rumblestrips location 

Barriers presence 
Barriers Barriers length 

Barriers type 
Functional class 

Posted speed limit 
Access control 

Average Annual Daily Traffic (AADT) 
Traffic counts for various types of vehicles (single-unit, double-

unit, triple-unit) 
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In addition to the previous set of information, which is available for roadway 

segments with and without accident observations, the dataset contains extensive accident

specific information relating only to the individual accident observations. Specifically, the 

accident-specific portion of the dataset includes the following information: 

• Accident Injury Severity and total number of accidents 

• Location and date of the accident along with information about previous accidents 

over time and space 

• Number of vehicles and pedestrians involved in the accident 

• Vehicle-specific characteristics ( type, make and model, number of axles, age, 

condition, type of ownership, airbag type, stolen vehicle, primary purpose of use, 

registration information) 

• Driver-specific characteristics (age, gender, driving license information, driver' s 

sobriety, helmet use, ejection status, restraining system used by the driver) 

• Collision-specific information ( type of collision, sequence of events after the 

collision, vehicle action, airbag deployment, environmental and lighting conditions, 

and after-crash vehicle condition information). 

• Location-specific information (workzone presence, occurrence of the accident with 

reference to intersections, ramps, bridges, tunnels, lighting infrastructure presence) 

• Traffic control-specific information (traffic control type, posted speed limit) 

• Weather and pavement surface condition at the time of the accident (stationary 

information obtained from the police crash reports). 
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For the purpose of the accident injury-severity analysis, the injury-severity 

outcomes were observed in four injury-severity levels : (i) no injury; (ii) injury; (iii) serious 

injury; and; (iv) fatality. The no-injury outcome corresponds to the two lower levels (0 

and C) of the KABCO scale (i.e. , property-damage-only and possible injury), the injury 

outcome corresponds to the non-incapacitating injury (B) of the KABCO scale, whereas 

the serious injury and fatality correspond to the two most severe outcomes (A and K) of 

the KABCO scale (i.e. , incapacitating injury and fatal injury or killed, respectively). For a 

further discussion on the components of the KABCO scale, see Savolainen et al. (2011). 

It should be noted that the resulting injury-severity level of each accident 

observation is determined by the most severe injury observed in the accident. Out of the 

6,127 single-vehicles crashes reported in the dataset, 4,392 (71.68% of the total crash 

observations) resulted in no injury, 1,616 (26.38% ofthe total crash observations) in injury, 

89 (1.45% of the total crash observations) in serious injury, and 30 (0.49% of the crash 

observations) in fatality. 

The entire set of stationary information was drawn jointly from the SHRP2 

Roadway Information Database-RID (Smadi et al. , 2015) and the Highway Safety 

Information System-HSIS (Council and Mohamedshah, 2006), whereas, for the data 

alignment, the procedure described in the Chapter 4.3 , was followed. 
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The time-varying data elements include weather and pavement surface condition 

information, extracted from the meteorological measurements provided in the Clams 

database. Specifically, the weather data include: 

• Precipitation information (presence, type and intensity) 

• Rate of rainfall or water equivalent of snow 

• Relative humidity information 

• Wind speed information 

• Temperature information (instantaneous dewpoint temperature, wet-bulb 

temperature, instantaneous dry-bulb temperature, sub-surface temperature) 

In addition to the weather information, the database includes the following 

pavement surface condition characteristics: 

• Ice thickness on the roadway surface 

• Water depth on the roadway surface 

• Measured coefficient of friction 

• Depth ofundrifted and unplowed snow off-the-roadway 

• Surface visibility 

To account for the variation over time of the time-varying data elements, the 

corresponding data were aggregated over 30-minute intervals from the moment that an 

accident has occurred, and preceded the accident occurrence for a I-hour period. For the 

segments with no accidents, random - but representative, in terms of roadway, traffic, 

weather, and environmental conditions - points in time were selected, and the data were 
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compiled in a similar fashion (i.e. , aggregated over 30-minute intervals from that moment, 

and preceding it for a I-hour period). Figure 4.6 illustrates three data points (i.e. , roadway 

segment IDs 115, 337 and 665 over the two 30-minute time intervals) in graphical format, 

whereas Table 4.3 shows how the stationary and time-varying information is arranged in 

the dataset, in tabular format. 

Accident 

Segment - 115 

to Time (t) 

Accident 
Segment - 337 

t-60 t-30 Time (t ) 

Accident 

Segment - 665 

Time (t ) 

Figure 4.6 Graphical illustration of three data points corresponding to accident observations 
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Table 4.3 Tabular illustration of accident and non-accident observations 
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00 0 00 · 00 ·=<I,) -= ............ · ...... = ...... = 
~ ~ ...... ·-=::::8 <I,) 8 = <I,) .s ...... <I,) ......<I,) "O = .s 

OJ) ~ i.. 8 :a 8 :a<I,) 8 = 
<I,)00 ~ 0 = =<I,) <I,)~u ... 0 ... 0= ~u ~u"""' ~ ~ ~ 

115 1 Fixed Fixed Varies Varies Varies Varies Varies Varies 

337 1 Fixed Fixed Varies Varies Varies Varies Varies Varies 

665 1 Fixed Fixed Varies Varies Varies Varies Varies Varies 

258 0 Fixed Fixed Varies Varies Varies Varies Varies Varies 

893 0 Fixed Fixed Varies Varies Varies Varies Varies Varies 

A substantial challenge with respect to the specific dataset is related to the 

considerable presence ofmissing values, primarily for the time-varying data elements. The 

missing values constitute a significant limitation for the statistical analysis, since only a 

segment ofthe available information can be essentially explored. This characteristic makes 

the specific dataset an appropriate candidate for applying the aforementioned 

methodological approaches and for evaluating their robustness in cases of limited data 

availability. For the time-varying data elements, this issue is more intense, since the 

relevant information is based on the near real-time weather readings from various types of 

sensors; in this context, any possible absence of a specific sensor type in the vicinity of the 

highway segment or any possible malfunctioning ofan existing sensor can result in missing 

observations. Table 4.4 provides an overview of the time-varying data elements included 

in the dataset, along with information about the extent of missing information. It should 
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be noted that the inherent - in the accident dataset - missing information constitutes one 

of the fundamental sources of unobserved heterogeneity, which should be accounted for, 

in accident occurrence and injury-severity analyses. 

Table 4.4 Time-varying data elements included in the dataset along with percentages of 
missing information 

Time-varying Time % of missing Time-varying Time % of missing 
element point observations element point observations 

Precipitation 
presence 

t 
t-30 
t-60 

67.04 
47.93 
47.69 

Ice thickness on 
the roadway 

surface 

t 
t-30 
t-60 

71.39 
50.56 
49.73 

Precipitation 
intensity 

t 
t-30 
t-60 

61.96 
44.27 
43 .52 

Surface 
visibility 

t 
t-30 
t-60 

65 .76 
46.85 
46.71 

Precipitation 
type 

t 
t-30 
t-60 

55 .53 
39.32 
38.65 

Water depth on 
the roadway 

surface 

t 
t-30 
t-60 

72.46 
51.98 
51.61 

Sub-surface 
temperature 

t 
t-30 
t-60 

59.78 
42.48 
41.93 

Measured 
coefficient of 

friction 

t 
t-30 
t-60 

72.46 
51.98 
51.61 

Instantaneous 
dewpoint 

temperature 

t 
t-30 

t-60 

54.75 
38.75 

38.14 

Depth of 
undrifted and 

unplowed snow 
off-the-roadway 

t 
t-30 

t-60 

70.36 
50.46 

50.51 

Wet-bulb 
temperature 

t 
t-30 
t-60 

67.05 
47.96 
47.69 

Pavement 
surface status 

t 
t-30 
t-60 

72.46 
51.98 
51.61 

Instantaneous t 54.75 t 71.27 
dry-bulb t-30 38.75 Wind speed t-30 51 .34 

temperature t-60 38.11 t-60 50.86 
t 55.43 Rate of rainfall t 59.38 

Relative t-30 39.19 or water t-30 42 .19 
humidity 

t-60 38.60 
equivalent of 

t-60 41.57 
snow 
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CHAPTER 5. RESULTS OF ACCIDENT OCCURRENCE ANALYSIS 

5.1 Introduction 

The following sections present and discuss the estimation results for the accident 

occurrence models. Note that all model specifications include simultaneously stationary 

and time-varying characteristics as explanatory variables. Even though the employed 

methodological framework aims to primarily address unobserved heterogeneity and panel 

effects, it should be noted that, for model estimation, all common misspecification issues 

were accounted for (such as, multicollinearity, endogeneity, omitted and irrelevant variable 

bias, incorrect functional form, spurious correlation, selectivity bias; see Washington et al. , 

2011 for a thorough analysis of the misspecification issues commonly encountered in 

model estimation). 

In the context of accident occurrence analysis, a correlated grouped random 

parameters binary logit model is estimated using crash and non-crash observations between 

2011 and 2013 , drawn from urban and rural highway segments in the state of Washington. 

To evaluate the statistical fit of the employed approach, the fixed and uncorrelated random 

parameters model counterparts are also estimated and counter-imposed against the results 

of the former. The comparative evaluation is conducted on the basis of three basic 

dimensions of statistical performance: (i) statistical fit; (ii) explanatory 
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power; and (iii) forecasting accuracy. The findings of the accident occurrence analysis 

show that the proposed methodological framework can account for both stationary and 

time-varying factors affecting accident occurrence probabilities, for unobserved 

heterogeneity through the use of random parameters, and for possible correlation among 

the latter. In addition, the comparative evaluation among the correlated and uncorrelated 

random parameters logit models and their fixed parameters logit counterpart, demonstrate 

the potential of the random parameters modeling, in general, and the benefits of the 

correlated random parameters approach, specifically, in terms of statistical fit and 

explanatory power. 

5.2 Empirical Setting and Descriptive Statistics 

As discussed in Chapter 4, a substantial challenge with respect to the specific 

dataset is related to the considerable presence of missing values, primarily for the time

varying data elements. Therefore, the portion of the dataset only with all available 

information was used for model estimation. To that end, the sample dataset for the accident 

occurrence analysis consists of 1,185 crash and non-crash observations, which correspond 

to 456 unique highway segments with one or more accident occurrences (reflecting a total 

of 1,047 crash observations), and 138 highway segments with no accident occurrence 

(reflecting a total of 138 non-crash observations). Due to the existence of a wide variety 

of segment-specific stationary and time-varying information in the sample dataset, Table 

5.1 summarizes descriptive statistics of key variables ( those that were found to be 

statistically significant in the correlated grouped random parameters logit model). 
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Table 5 .1 Descriptive statistics ofkey variables (included in the correlated grouped random 
parameters logit model) 

Variables Mean or% Std. Dev. Minimum Maximum 
Accident occurrence indicator 88.35% 0 1 

( 1 if an accident occurred in 
a highway segment, 0 
otherwise) 

Stationary characteristics 
Horizontal curve length 35.70% 0 1 

indicator ( 1 if a horizontal 
curve is present and the curve 
length is less than 1,200 feet, 
0 otherwise) 

Highway segment length 0.38 0.39 0.01 1.93 
(miles)3 

Median width (feet) 60.49 76.17 1 450 
Shoulder width indicator (1 if 8.40% 0 1 

shoulder width is greater than 
12 feet, 0 otherwise) 

Annual average daily traffic 2.22 1.79 0 18.2 
(AADT) per lane (in 10,000 
vehicles per day) 

Access control indicator (1 if 98.00% 0 1 
access control, 0 otherwise) 

Time-varying characteristics 
Ice thickness or water depth on 5.345 11.427 0 112 

roadway surface in t-60 
minutes (mm) 

Relative humidity indicator in 85.74% 0 1 
t-30 minutes (1 if humidity is 
greater than 60%, 0 
otherwise) 

Note: Observed accident occurrence or non-occurrence is in time t. 
a Highway segments with minimum length (0.01 miles) are located on highway ramps, where slight 

differentiations of cross-section elements can be observed, resulting in very short homogeneous segments. 
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5.3 Model Estimation Results 

Table 5.2 presents the model estimation results for the correlated grouped random 

parameters binary logit model and for its two model counterparts (fixed and uncorrelated 

random parameters binary logit models). With regard to the former, Table 5 .3 presents the 

diagonal and off-diagonal elements of the r matrix, whereas Table 5.4 presents the 

estimated correlation matrix, which summarizes all possible correlations among the 

random parameters. 

In line with past research (Anastasopoulos and Mannering, 2009; Anastasopoulos 

and Mannering, 2011 ; Venkataraman et al. , 2013; Coruh et al. , 2015; Anastasopoulos, 

2016; Anastasopoulos and Mannering, 2016; Anastasopoulos et al. , 2017; Nahidi et al. , 

2017), the normal distribution for the parameter density function of the random parameters 

was found to provide a statistically superior fit, both for the uncorrelated random 

parameters and correlated grouped random parameters, as compared to the other 

distributions. 

Table 5.5 provides the distributional effect of the random parameters, in terms of 

positive or negative impact on the accident occurrence probability; while Table 5.6 

provides the averaged - across all observations - marginal effects for the three models. 

It should be noted that although marginal effects are calculated for each highway segment, 

the averaged values over the highway segment population are presented. 
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Table 5.2 Model estimation results of the correlated grouped random parameters binary 
logit model and its fixed and uncorrelated random parameters model counterparts 

Variables 

Constant 
Stationary characteristics 

Horizontal curve length 
indicator ( 1 if a 
horizontal curve is 
present and the curve 
length is less than 1,200 
feet, 0 otherwise) 

Highway segment length 
(miles) 
Standard deviation of 
parameter density 
function 

Median width (feet) 
Standard deviation of 
parameter density 
function 

Shoulder width indicator (1 
if shoulder width is 
greater than 12 feet, 0 
otherwise) 
Standard deviation of 
parameter density 
function 

Annual average daily 
traffic (AADT) per lane 
(in 10,000 vehicles per 
day) 

Access control indicator (1 
if access control, 0 
otherwised 

Time-varying characteristics 
Ice thickness or water 

depth on roadway surface 
in t-60 minutes (mm) 

Fixed 
parameters 
logit model 

Coeff. t-stat 

-0.973 -1 .21 

0.680 2.20b 

3.119 4.673 

0.006 2.833 

0.563 1.18 

0.020 0.30 

2.8832.123 

-0.131 -13.403 

Uncorrelated 
random 

parameters logit 
model 

Coeff. t-stat 

-3 .574 -2.673 

1.445 2.793 

34.617 7.493 

29.917 7.5(/1 

0.022 5.293 

0.018 4.4(/1 

3.842 4.273 

7.570 5.48a 

0.166 2.00b 

3.230 2.53b 

-0.341 -7.663 

Correlated 
grouped random 
parameters logit 

model 

Coeff. t-stat 

-4.436 -2 .543 

1.975 2.783 

47.083 5.923 

55.343 5_7ga 

0.017 3.593 

0.047 121.103 

6.590 4.193 

18.970 271.773 

0.363 2.943 

4.014 2.34b 

-0.491 -5 .923 
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Uncorrelated Correlated
Fixed 

random grouped random 
parameters 

parameters logit parameters logit 
logit model 

model model 

Variables Coeff. t-stat Coeff. t-stat Coeff. t-stat 
Relative humidity indicator 

in t-30 minutes (1 if 
humidity is greater than 
60%, 0 otherwise) 
Standard deviation of 

1.215 4.063 2.292 

2.808 

4.803 

6.06a 

3.346 

4.356 

5.103 

244.97a 
parameter density 
function 

N 1185 1185 1185 
LL(O) 
LL(P) 
McFadden pseudo-R2 

-821.379 
-228.434 

0.722 

-821.379 
-214.088 

0.739 

-821.379 
-188.852 

0.770 
a Statistically significant at 0.99 l.o.c. ; h Statistically significant at 0.95 l.o.c.; 0 Statistically significant at 0.90 
l.o.c. 

d Represents statistically significant variable with low variability. 
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Table 5.3 Diagonal and off-diagonal elements of the r matrix (t-stats in brackets) 

Stationary 
characteristics 

Highway segment length 
(miles) 

Median width 
(feet) 

Shoulder width indicator 
( 1 if shoulder width is 
greater than 12 feet, 0 
otherwise) 

Time-varying characteristic 
Relative humidity 

indicator in t-30 minutes 
(1 if humidity is greater 
than 60%, 0 otherwise) 

Stationary characteristics 
Time-varying 
Characteristic 

Shoulder Relative 
width humidity 

Highway 
segment 
length 
(miles) 

Median 
width 
(feet) 

indicator 
(1 if shoulder 

width is 
greater than 

indicator in t-
30 minutes (1 
if humidity is 
greater than 

12 feet, 60%, 0 
0 otherwise) otherwise) 

55.343 0.044 -7.173 -1.874 
[5 .793 

] [ 4.83 3 
] [-3 .7!3] [-2 .94b] 

0.044 0.015 -11.588 -3 .760 
[ 4.83 3 

] [2.49b] [-4.693 
] [-4.863 

] 

-7.173 -11.588 10.536 
[-3 .7!3] [-4.693 

] [ 4.493 
] 

-3 .760 10.536 2.14179 
[-4.863 

] [ 4.493 
] [5 .173 

] 

a Statistically significant at 0.99 l.o.c. ; h Statistically significant at 0.95 l.o.c.; 0 Statistically significant at 0.90 
l.o.c. 
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Table 5.4 Correlation coefficient matrix for the random parameters 

Stationary characteristics 

Shoulder width 
Highway 
segment 
length 
(miles) 

Median 
width 
(feet) 

indicator (1 if 
shoulder width 
is greater than 

12 feet, 0 
otherwise) 

Stationary characteristics 
Highway segment 

length (miles) 
1.000 0.947 -0.378 

Median width (feet) 0.947 1.000 -0.554 
Shoulder width 

indicator ( 1 if 
shoulder width is -0.378 -0.554 1.000 
greater than 12 
feet, 0 otherwise) 

Time-varying characteristics 
Relative humidity 

indicator in t-30 
minutes ( 1 if 

-0.430 -0.685 0.837
humidity is greater 
than 60%, 0 
otherwise) 

Time-varying 
characteristics 

Relative humidity 
indicator in t-30 

minutes ( 1 if 
humidity is greater 

than 60%, 0 
otherwise) 

-0.430 

-0.685 

0.837 

1.000 
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Table 5.5 Distributional effect of the random parameters across observations 

Stationary characteristics 
Highway segment length 

(miles) 
Median width (feet) 
Shoulder width indicator (1 

if shoulder width 1s 
greater than 12 feet, 0 
otherwise) 

Time-varying characteristics 
Relative humidity indicator 

m t-30 minutes (1 if 
humidity is greater than 
60%, 0 otherwise) 

Uncorrelated random 
parameters logit model 

Below zero Above zero 

12.36% 87.64% 

11.38% 88 .62% 

30.59% 69.41 % 

20.71% 79.29% 

Correlated grouped 
random parameters logit 

model 
Below zero Above zero 

19.75% 80.25% 

35.94% 64.06% 

36.41 % 63 .59% 

22.12% 77.88% 
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Table 5.6 Marginal effects of the explanatory variables for the time-varying logit models 

Stationary characteristics 
Horizontal curve length 

indicator ( 1 if a 
horizontal curve 1s 
present and the curve 
length is less than 1,200 
feet, 0 otherwise) 

Highway segment length 
(miles) 

Median width (feet) 
Shoulder width indicator (1 

if shoulder width 1s 
greater than 12 feet, 0 
otherwise) 

Annual average daily 
traffic (AADT) per lane 
(in 10,000 vehicles per 
day) 

Access control indicator (1 
if access control, 0 
otherwise )b 

Time-varying characteristics 
Ice thickness or water depth 

on roadway surface in t-
60 minutes (mm) 

Relative humidity indicator 
m t-30 minutes (1 if 
humidity is greater than 
60%, 0 otherwise) 

Fixed 
parameters logit 

model 

0.0351 

0.1691 

0.0003 

0.0277 

0.0011 

0.1820 

-0.0071 

0.0801 

Uncorrelated 
random 

parameters 
logit model 

0.0188 

0.0801 

0.0003 

0.0442 

0.0023 

0.0573 

-0.0048 

0.0348 

Correlated 
grouped 
random 

parameters logit 
model 

0.0183 

0.0829 

0.0002 

0.0547 

0.0035 

0.0483 

-0.0049 

0.0357 
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Turning to the specific estimation results, Table 5.2 shows that four independent 

variables are found to yield statistically significant ( and normally distributed) random 

parameters, in both (uncorrelated and correlated) random parameters logit approaches. In 

regard to stationary characteristics, the segment length, the median width, and the wide 

(greater than 12 feet) shoulder indicator are shown to have parameters whose effect varies 

across the highway segments. With respect to the time-varying characteristics, the relative 

humidity indicator in the time interval t-30 - which precedes the moment of the accident 

or no accident occurrence by 30 minutes - produces a statistically significant random 

parameter. 

Specifically, Table 5.5 shows that as the segment length increases, the likelihood 

of the accident occurrence increases for the majority ofthe highway segments -it increases 

for 87.64 and 80.25 percent of the observations for the uncorrelated random parameters 

and correlated grouped random parameters models, respectively, and decreases for the 

remaining 12.36 and 19.75 percent, respectively. Table 5.6 shows that a one-mile increase 

in the segment length (the average highway segment length is 0.38 miles) results in a 

greater increase in the accident occurrence probability when the correlation of the random 

parameters is accounted for (0.0801 and 0.0829 increase in the accident occurrence 

probability for the uncorrelated random parameters and the correlated grouped random 

parameters models, respectively). 

Similarly, the median width variable results in a normally distributed random 

parameter in both the uncorrelated random parameters and correlated grouped random 
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parameters logit models, with the majority of the observations resulting in higher accident 

occurrence probability. This distributional trend is more prominent in the uncorrelated 

random parameters approach, with approximately 11 .3 8 percent of the segments having a 

lower accident occurrence probability, and 88 .62 percent a higher - as opposed to the 

correlated grouped random parameters model, where 35.94 percent of the segments have a 

lower accident occurrence probability and 64.06 percent a higher. In a similar fashion, 

presence of wide shoulders (wider than 12 feet) increases the accident occurrence 

probability for the vast majority of the highway segments, in both the uncorrelated (for 

69.41 percent of the segments) and correlated (for 63 .59 percent of the segments) random 

parameters modeling approaches, and decreases it for the remaining segments (30.59 and 

36.41 percent, respectively). These findings are in line with Chin and Quddus (2003), and 

imply that, for the majority of the highway segments, the accident occurrence probability 

increases - on average - by 0.0002 for a one-foot increase in the median width, and by 

0.0547 for shoulders wider than 12 feet, as indicated by the marginal effects in Table 5.6. 

The fixed parameters reflecting other stationary characteristics are found to have 

similar effects on accident occurrence in both random parameters models.6 Intuitively, 

higher annual average daily traffic per lane, access control, and presence ofrelatively sharp 

(less than 1,200 feet in length) horizontal curves, are all found to increase the accident 

6 Note that several statistically insignificant parameters in the fixed parameters model became statistically 
significant in the random parameters models, with their effect being either fixed or variable across the 
observations. Those were the constant, the speed limit indicator, and the annual average daily traffic per 
lane variables, which resulted in statistically significant fixed parameters in the random parameters models; 
while, the shoulder width indicator and the relative humidity indicator in t-30, resulted in statistically 
significant random parameters in the random parameters models. 
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occurrence probability- by 0.0023 and 0.0035 , 0.0573 and 0.0483 , and 0.0188 and 0.0183 , 

for the uncorrelated random parameters and correlated grouped random parameters models, 

respectively, as indicated by the marginal effects in Table 5.6. These findings are 

consistent with the literature (Vogt and Bared, 1998; Anastasopoulos and Mannering, 

2009, 2011 ; Venkataraman et al. , 2013). 

Turning to the time-varying attributes, the relative humidity indicator resulted in 

normally distributed random parameters in both the uncorrelated random parameters and 

correlated grouped random parameters models. Specifically, for the vast majority of the 

highway segments (79.29 and 77.88 percent of the observations for the uncorrelated 

random parameters and correlated grouped random parameters models, respectively), high 

(greater than 60 percent) humidity during the 30-minute interval prior to t, increases the 

likelihood for an accident to occur at time t; while, for the rest of the segments (20.71 and 

22.12 percent, respectively), the same variable reduces the likelihood for an accident to 

occur at time t. The marginal effects in Table 5.6 show that the accident occurrence 

probability in time t increases (by 0.035 and 0.036, respectively, for the uncorrelated 

random parameters and correlated grouped random parameters models), when the humidity 

measured 30 minutes before t exceeds 60 percent. This variable may be picking up the 

effect of reduced visibility (for the 79.29 and 77.88 percent of the observations for the 

uncorrelated and correlated random parameters models, respectively), both during daylight 

and nighttime driving, due to high humidity - blurry windows and windscreens have the 

potential to significantly obstruct the drivers' visibility, which can consequently result in a 

higher accident occurrence likelihood. At the same time, drivers that experience reduced 
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visibility due to high humidity, may drive more carefully (as far as the remaining 20.71 

and 22.12 percent of the observations are concerned for the uncorrelated and correlated 

random parameters models, respectively), which can consequently result in a lower 

accident occurrence likelihood. 

Interestingly, greater ice thickness or water depth on the roadway surface one hour 

before t, results in lower accident occurrence likelihood in t (by 0.0048 and 0.0049 per 

millimeter, for the uncorrelated random parameters and correlated grouped random 

parameters models, respectively, as indicated by the marginal effects in Table 5.6). This 

variable 's effect is fixed across the highway segments, and may be picking up the residual 

effect of adverse weather and environmental conditions on drivers ' alertness. In words, 

drivers may notice adverse weather conditions (in terms of ice thickness or water depth), 

and drive more cautiously for an amount of time (i.e., up to one hour before t) after the 

increment weather conditions are observed. This is further supported by the statistical 

insignificance of the variable representing the ice thickness or water depth on the roadway 

surface thirty minutes before t. 

5. 4 Interpretation of random parameters correlation 

The underlying correlations - when unrestrictedly accounted for - among the 

random parameters can provide significant insights regarding the combined effects of the 

time-varying and stationary factors on the accident occurrence probability. Focusing on 

the interactions between time-varying and stationary random parameters, Table 5.4 reveals 

a negative correlation (the correlation coefficient is -0.685) between the unobserved factors 
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varying systematically among the segments of the relative humidity and the median width 

indicators, which suggests that these two parameters have mixed effects on the accident 

occurrence mechanism; their interaction (in terms ofunobserved heterogeneity), in tum, is 

found to decrease the relevant probability. Similarly, the negative correlation (the 

correlation coefficient is -0.430) between the unobserved factors varying systematically 

among the segments ofthe relative humidity indicator and the segment length demonstrates 

that high humidity conditions in longer segments are associated with lower accident 

occurrence likelihood. On the contrary, the unobserved heterogeneity interaction between 

highway segments with high humidity conditions, and segments with wide shoulders, is 

associated with higher accident occurrence likelihood, as indicated by the correlation 

coefficients in Table 5.4 (0.837). Such findings may be capturing unobserved aspects of 

driving behavior, in terms ofrisk compensation (Mannering and Bhat, 2014). For example, 

the safety benefits associated with longer homogeneous - in terms of design - segments 

and wider medians (see Knuiman et al. , 1993; Hadi et al. , 1995; Abdel-Aty and Radwan, 

2000) in conjunction with a possible increase in drivers ' alertness due to the presence of 

high humidity (and its adverse visibility-related consequence), may be resulting in safer 

driving behavior. At the same time, a higher risk-taking driving behavior may be likely, 

because driving alertness due to humidity-related factors cannot necessarily 

counterbalance the driving comfort associated with consistent cross-section design. 

Turning to the unobserved heterogeneity interactions between stationary factors, 

the combination ofunobserved factors varying systematically across the segments of wide 

medians and wide shoulders (the correlation coefficient in Table 5.4 is -0.554) is found to 
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considerably reduce the accident occurrence probability; the opposite effect is observed for 

the interaction between the median width and the segment length, which unambiguously 

has positive impact on the accident occurrence probability (the correlation coefficient in 

Table 5.4 is 0.947). For the latter, the observed joint effect of these geometric 

characteristics on the accident occurrence probability is in line with the separate effects of 

the corresponding correlated and uncorrelated random parameters, and may be picking up 

the effect of highway hypnosis on driving behavior (see Winston et al. , 2006). In words, 

driving in highways with geometrically consistent and well-designed cross-section 

elements, may be subsequently decreasing the level of driving attention and alertness. 

Interestingly, when consideration is given to the presence of wide shoulders (wider 

than 12 feet) in longer highway segments, the negative correlation (the correlation 

coefficient in Table 5.4 is -0.378) indicates the counterbalancing impact of these 

parameters on the accident occurrence mechanism; thus, it is less likely for an accident to 

occur in longer segments with wide shoulders. This finding is likely capturing location

specific or roadway-specific heterogeneity (e.g. , congested urban roadways with low 

operating speeds, tangent segments with few conflict points and low speed variation, 

adequate segment-level lighting conditions, etc.). 

5.5 Model Evaluation 

To investigate the relative statistical performance of the proposed approach, the 

correlated grouped random parameters and the uncorrelated random parameters models 

and their fixed parameters counterpart ( which includes the same explanatory variables as 
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the random parameter models), were compared in terms of statistical fit, through the use of 

likelihood ratio tests. The test statistic is computed as (Washington et al. , 2011 ): 

(30) 

where, LL(Pd1) and LL(Pd2 ) are the log-likelihood functions at convergence of the 

competitive models 1 and 2, respectively (i.e., of the uncorrelated random parameters and 

correlated grouped random parameters models, respectively; or of the fixed parameters and 

uncorrelated random parameters models and, respectively; or of the fixed parameters and 

correlated grouped random parameters models, respectively). The test statistic is chi

squared distributed with degrees of freedom equal to the difference in the number of 

explanatory parameters between the competitive models. 

The results of the likelihood ratio tests among the competitive models are presented 

in Table 5. 7. In all, the random parameters models were found to be statistically superior 

(with greater than 0.90 level of confidence) to their fixed parameters counterpart, and the 

correlated grouped random parameters model was found to statistically outperform (with 

greater than 0.90 level of confidence) its uncorrelated random parameters and fixed 

parameters counterparts. The statistical superiority of the correlated grouped random 

parameters model is further supported by the presented (see Table 5.2) goodness-of-fit 

measures (log-likelihood at convergence, McFadden pseudo-R2
).

7 

7 It should be noted that models without time-varying factors were also estimated, with their statistical 
performance being significantly inferior to the presented models. This is in-line with past research (Abdel
Aty and Pemmanaboina, 2006; Sun and Sun, 2015), which supports the benefit of using time-varying 
information in model estimation. 
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Table 5.7 Likelihood ratio test results for the competitive binary logit models 

Uncorrelated 
random 

parameters 
model vs. Fixed 

parameters 
model 

Correlated 
grouped random 

parameters model 
vs. Fixed 

parameters model 

Correlated grouped 
random parameters 

model vs. 
Uncorrelated 

random parameters 
model 

Degrees of freedom 4 10 6 
Level of confidence 0.90 0.90 0.90 
Computedi 
Critical i (at 0.90 

1.o.c.) 

28.69 

7.78 

79.16 

15.99 

50.48 

10.64 

As a next step of the model evaluation, to assess the forecasting accuracy of the 

random parameters models, observed and model-predicted accident occurrence 

probabilities are computed and compared. In the case of the random parameters, a separate 

coefficient (P) for each observation can be computed (Greene, 2007). However, this can 

be computationally cumbersome, and most statistical software typically report one single 

coefficient for each random parameter ( estimated as the average of the individual ps over 

the observations). The mean-P predictor is useful in order to forecast out of sample 

accident occurrence likelihoods. 8 Even though these mean-P predictors reflect consistent 

and efficient parameter estimates (the employed modeling scheme by definition addresses 

unobserved heterogeneity), it has been shown that their use in accident prediction is likely 

to yield inferior forecasts , as compared to the individual-Ps predictors (Anastasopoulos, 

8 This is because it is unlikely to have two observations with the exact same stationary and time-varying 
characteristics, which would be needed in order to use the individual-f3 predictors. In such case, however, 
the individual-f3 predictors (i .e., using the f3s that correspond to each observation to predict a segment with 
the same characteristics as a segment from the data sample that was used for model estimation) will likely 
produce very accurate forecasts . 
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2016). Herein, both approaches are presented, that is, mean and individual ps are used for 

the computation of the accident occurrence probabilities. 

Tables 5.8 and 5.9 provide an overview and comparison of the observed and 

predicted probabilities, for the uncorrelated random parameters and correlated grouped 

random parameters models, respectively. It is shown that, under the individual ps 

approach, the uncorrelated random parameters model correctly predicts 132 out of 138 

(95.7 percent) segments with no accidents, and 1,046 out of 1,047 (nearly 100 percent) 

segments with accidents; whereas the correlated grouped random parameters approach 

correctly predicts 86 out of 138 (60.9 percent) segments with no accidents, and 1,042 out 

of 1,047 (99.5 percent) segments with accidents. Under the mean ps approach, the 

uncorrelated random parameters model correctly predicts 71 out of 138 ( 51.5 percent) 

segments with no accidents, and 1,026 out of 1,047 (97.9 percent) segments with accidents; 

while the correlated grouped random parameters model correctly predicts 76 out of 138 

(55.1 percent) segments with no accidents, and 1,028 out of 1,047 (98.2 percent) segments 

with accidents. 
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Table 5.8 Observed versus predicted accident and no accident highway segments (with 
individual- and mean-computed ps) for the uncorrelated random parameters approach 

Random parameters model prediction 

Observed 
occurrence 

Number of segments 
(%) 

No 
accident 

138 (11.65%) 

Accident 1047 (88.35%) 

Sum 1185 (100%) 

Correct 

Segments with no 
accidents predicted 
as segments with 
no accidents 

predictions Segments with 
accidents predicted 
as segments with 
accidents 

Incorrect 

Segments with no 
accidents predicted 
as segments with 
accidents 

predictions Segments with 
accidents predicted 
as segments with 
no accidents 

Individual ps approach 
Predicted Predicted 

as "No as 
Accident" "Accident" 

132 6 

1 1046 
133 1052 

(11.22%) (88 .78%) 

132 out of 138 (95 .7%) 

1046 out of 1047 
(99.9%) 

6 out of 138 (4.3%) 

1 outof1047 (0.1%) 

Mean ps approach 
Predicted Predicted 

as "No as 
Accident" "Accident" 

71 67 

21 1026 
92 1093 

(7.76%) (92 .24%) 

71 out of 138 (51.5%) 

1026 out of 1047 
(97.9%) 

67 out of 138 (48 .5%) 

21 outof1047 (2 .1%) 
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Table 5.9 Observed versus predicted accident and no accident highway segments (with 
individual-
approach 

Observed 
occurrence 

No 
accident 
Accident 

Sum 

Correct 
predictions 

Incorrect 
predictions 

and mean-computed ps) for the correlated grouped random parameters 

Random parameters model prediction 

Number of segments 
(%) 

138 (11.65%) 

1047 (88 .35%) 

1185 (100%) 

Segments with no 
accidents predicted 
as segments with 
no accidents 

Segments with 
accidents predicted 
as segments with 
accidents 

Segments with no 
accidents predicted 
as segments with 
accidents 

Segments with 
accidents predicted 
as segments with 
no accidents 

Individual ps approach 
Predicted Predicted 

as "No as 
Accident" "Accident" 

86 52 

5 1042 
91 1094 

(7.68%) (92 .32%) 

86 out of 138 (62.3%) 

1042 out of 1047 
(99.5%) 

52 out of 138 (37.7%) 

5 out of 1047 (0.5%) 

Mean ps approach 
Predicted 

as "No 
Accident" 

Predicted 
as 

"Accident" 

76 62 

19 
95 

(8 .02%) 

1028 
1090 

(91.98%) 

76 out of 138 (55 .1 %) 

1028 out of 1047 
(98.2%) 

62 out of 138 (44.9%) 

19 out of 1047 (1.8%) 

Overall, in terms of forecasting accuracy, the uncorrelated random parameters 

model outperforms its correlated counterpart, under the individual ps approach; the 

opposite is inferred, when consideration is given to the mean ps approach, under which the 

correlated grouped random parameters model outperforms the uncorrelated random 

parameters model. In regard to the performance of the two prediction approaches, even 

though the individual ps approach outperforms the mean ps approach, both approaches 

provide rather accurate forecasts . Factoring in the fact that the mean ps approach may be 
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more useful in terms of out of sample predictability, both approaches have merits and 

limitations. In such manner, the correlated grouped random parameters model may yield 

more accurate forecasts in cases ofout-of-sample implementation, while it accounts for the 

correlation among the random parameters. 
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CHAPTER 6. RESULTS OF ACCIDENT INJURY SEVERITY ANALYSIS 

6.1 Introduction 

The following sections present and discuss the estimation results for the accident 

injury-severity models. To account for various aspects and patterns of unobserved 

heterogeneity within the context of injury-severity analysis, three different methodological 

approaches were employed, on the basis of a common ordered probit framework; two of 

these approaches constitute extensions of the traditional random parameters modeling, 

whereas the third approach focuses on two separate, but supplementary formulations of the 

latent class modeling. Even though the employed methodological frameworks aim to 

primarily address significant misspecification issues (such as, unobserved heterogeneity, 

unobserved heterogeneity interactions, threshold heterogeneity, class heterogeneity and 

grouped effects), it should be noted that, for the estimation of the various injury-severity 

models, all other common misspecification issues were accounted for (such as, 

multicollinearity, endogeneity, omitted and irrelevant variable bias, incorrect functional 

form, spurious correlation, selectivity bias; see Washington et al. , 2011 for a thorough 

analysis of the common misspecification issues in model estimation). 
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6.2 Correlated Random Parameters Ordered Probit Model Estimation Results 

The injury-severity analysis of this section uses stationary (non-time-varying) and 

time-varying data elements, to study the factors that affect injury-severities of single

vehicle accidents. Specifically, a correlated random parameters ordered probit model is 

estimated. Furthermore, its lower-order counterparts (i.e. , fixed parameters, and 

uncorrelated random parameters ordered pro bit modeling approaches) are also estimated, 

in an effort to assess the statistical performance of the employed approach. Using 

goodness-of-fit measures, likelihood ratio tests and forecasting accuracy measures, the 

comparative assessment among the various ordered probit modeling approaches reveals 

the relative benefits and the overall statistical superiority of the correlated random 

parameters ordered probit model. 

G. 2. I Empirical Setting and Descriptive Statistics 

Even though the entire dataset consists of 6,127 single-vehicle accident 

observations, the missing information relating to the time-varying data elements resulted 

in significant reduction of the data sample, by approximately 67%. Thus, 2,039 accident 

observations (with complete time-varying and stationary information) were used in model 

estimation. The accident injury-severity outcomes were reported in four ordinal injury

severity levels: no-injury (72.6% of the observations resulted in no-injury, which included 

property damage only and possible injury accidents); injury (25 .5% of the observations); 

serious injury (1.57% of the observations) and fatal injury (0.33% of the observations). 

Table 6.1 presents the descriptive statistics of the explanatory variables that were included 

in the ordered probit model specifications. 
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Table 6.1 Descriptive statistics of key variables (included Ill the correlated random 
parameters ordered probit model) 

Variable descri~tion 
Stationary Characteristics 

Collision type indicator (1 if the vehicle 
overturned, 0 otherwise) 

Hit and run indicator (1 if hit and run accident, 
0 otherwise) 

Airbag deployment indicator (1 if airbag 
deployed, 0 otherwise) 

Driver' s consciousness indicator (1 if the 
driver was asleep or ill, 0 otherwise) 

Driver age indicator (1 if driver was older than 
60 years old, 0 otherwise) 

Alcohol/drugs indicator (1 if the driver was 
under the influence of alcohol or drugs, 0 
otherwise) 

Restraining system indicator (1 if lap and 
shoulder belts were used, 0 otherwise) 

After crash indicator ( 1 if vehicle was towed 
after the crash, 0 otherwise) 

Driver' s gender indicator (1 if female, 0 
otherwise) 

Shoulder width indicator (1 if shoulder width 
was greater than 7. 5 feet, 0 otherwise) 

Vehicle condition indicator (1 if the vehicle 
had no defects before the accident, 0 
otherwise) 

Time-Varying Characteristics 
Ice thickness or water depth on roadway 

surface in t-30 minutes (1 if ice thickness 
was less than 0. 4 mm, 0 otherwise) 

Sub-surface pavement temperature in t-30 
minutes (1 if the sub-surface temperature was 
0 °C, 0 otherwise) 

Mean 

7.48% 

2.69% 

6.60% 

5.78% 

6.09% 

10.49% 

92.65% 

63 .55% 

59.54% 

50.00% 

91.46% 

95 .86% 

3.80% 

Minimum Maximum 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

(J_.2 _2 Model Estimation Results 

Table 6.2 presents the model estimation results of the fixed parameters, 

uncorrelated random parameters, and correlated random parameters ordered probit models. 

It should be noted that all competitive ordered probit models were estimated with the same 
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explanatory variables, for comparison purposes. Both probit and logit specifications were 

tested, with the probit providing more robust results, in terms of overall statistical fit and 

explanatory power. Table 6.3 provides the diagonal and off-diagonal elements of the r 

matrix along with the correlation coefficients among the random parameters for the 

correlated random parameters ordered pro bit model. Note that the off-diagonal elements 

of the uncorrelated random parameters model are by definition assumed to be zero. To 

assess the relative magnitude of the explanatory parameters across all injury-severity 

levels, Tables 6.4 - 6.6 present the averaged - over the accident observations - marginal 

effects for all competitive ordered probit models. For the computation of the marginal 

effects, the observation-specific coefficients (Ps) were used. In regard to the (uncorrelated 

and correlated) random parameters, an overview of their aggregate effects - in terms of 

positive or negative impact - on the injury-severity outcome probabilities is also provided 

in Table 6.2. 
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Table 6.2 Estimation results of the correlated random parameters ordered pro bit model and 
its lower-order model counterparts 

Fixed 
parameters 

ordered probit 
model 

Coeff. t-stat 
Constant -1.160 -4.83 

Stationary Characteristics 
Collision type indicator (1 0.777 6.83 

if the vehicle 
overturned, 0 
otherwise) 

Hit and run indicator (1 if -1.066 -3 .71 
hit and run accident, 0 
otherwise) 

Airbag deployment 0.588 5.33 
indicator (1 if airbag 
deployed, 0 otherwise) 

Driver's consciousness 0.459 3.81 
indicator (1 if the driver 
was asleep or ill, 0 
otherwise) 

Driver age indicator (1 if 0.087 0.66 
driver was older than 
60 years old, 0 
otherwise) 

Alcohol/drugs indicator (1 0.519 5.49 
if the driver was under 
the influence of alcohol 
or drugs, 0 otherwise) 
Standard deviation of 
parameter density 
function 

Restraining system -0.425 -3 .78 
indicator (1 if lap and 
shoulder belts were 
used, 0 otherwise) 
Standard deviation of 
parameter density 
function 

Uncorrelated 
random 

parameters 
ordered probit 

model 
Coeff. t-stat 
-1.197 -4.82 

0.885 6.27 

-1.240 -4.42 

0.677 5.31 

0.548 4.12 

0.135 0.92 

0.584 5.58 

0.001 0.01 

-0.453 -3 .88 

0.045 1.39 

Correlated 
random 

parameters 
ordered probit 

model 
Coeff. t-stat 
-6.295 -9.13 

5.144 12.25 

-7.197 -8.28 

3.831 10.87 

3.175 9.13 

0.720 2.25 

2.897 9.87 

0.758 354.54 

-3.479 -10.37 

5.540 340.15 
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Fixed 
parameters 

ordered probit 
model 

Uncorrelated 
random 

parameters 
ordered probit 

model 

Correlated 
random 

parameters 
ordered probit 

model 
Coeff. t-stat Coeff. t-stat Coeff. t-stat 

After crash indicator (1 if 0.220 3.45 0.271 3.98 1.728 8.03 
vehicle was towed after 
the crash, 0 otherwise) 
Standard deviation of 0.001 0.03 6.710 397.59 
parameter density 
function 

Driver's gender indicator -0.158 -2 .58 -0.377 -5.48 -2 .372 -9.96 
(1 if female, 0 
otherwise) 
Standard deviation of 0.773 15.61 7.168 332.76 
parameter density 
function 

Shoulder width indicator -0.073 -1.22 -0.093 -1.47 -0.431 -2.99 
(1 if shoulder width 
was greater than 7. 5 
feet, 0 otherwise) 

Vehicle condition 0.197 1.73 0.207 1.67 1.387 4.71 
indicator (1 if the 
vehicle had no defects 
before the accident, 0 
otherwise) 

Time-Varying 
Characteristics 

Ice thickness or water 0.614 3.39 0.648 3.62 3.855 7.55 
depth on roadway 
surface in t-30 minutes 
(1 if ice thickness was 
less than 0.4mm, 0 
otherwise) 

Sub-surface pavement -0.296 -1.74 -0.344 -1.71 -2 .114 -4.62 
temperature in t-30 
minutes (1 if the sub-
surface temperature 
was 0 °C, 0 otherwise) 

Threshold parameters 
µ1 1.580 23 .13 1.819 22 .93 10.75 14.96 

µ2 2.215 17.49 2.586 16.71 15 .60 13.87 

N 2039 2039 2039 
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LL(0) 
LL(P) 

Fixed 
parameters 

ordered probit 
model 

Coeff. t-stat 
-1357.400 
-1266.567 

Uncorrelated 
random 

parameters 
ordered probit 

model 
Coeff t-stat 

-1357.400 
-1262.470 

Correlated 
random 

parameters 
ordered probit 

model 
Coeff t-stat 

-1357.400 
-1253 .300 

Aggregate distributional effect of the random parameters across the observations 

Alcohol/drugs indicator 
(1 if the driver was 
under the influence of 
alcohol or drugs, 0 
otherwise) 

Restraining system 
indicator (1 if lap and 
shoulder belts were 
used, 0 otherwise) 

After crash indicator (1 if 
vehicle was towed after 
the crash, 0 otherwise) 

Driver's gender indicator 
(1 if female, 0 
otherwise) 

Above Below Above Below 
zero zero zero zero 
100% 0% 99.99% 0.01 % 

0% 100% 26.50% 73 .50% 

100% 0% 60.16% 39.84% 

31.3% 68 .7% 37.04% 62.96% 
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Table 6.3 Diagonal and off-diagonal elements of the r matrix [t-stats in brackets] , and 
correlation coefficients (in parentheses) for the correlated random parameters 

Alcohol/ drugs 
indicator ( 1 if the 
driver was under 
the influence of 
alcohol or drugs, 
0 otherwise) 

Restraining system 
indicator ( 1 if lap 
and shoulder 
belts were used, 
0 otherwise) 

After crash 
indicator ( 1 if 
vehicle was 
towed after the 
crash, 0 
otherwise) 

Driver's gender 
indicator ( 1 if 
female, 0 
otherwise) 

Alcohol/drugs 
indicator (1 if 
the driver was 

under the 
influence of 
alcohol or 
drugs, 0 

otherwise) 
0.758 [3 .17] 

(1.000) 

0.555 [3 .83] 
(0.100) 

-3 .183 [-12.91] 
(-0.474) 

6.840 [ 15 .00] 
(0.954) 

Restraining 
system 

indicator ( 1 if 
lap and 

shoulder belts 
were used, 0 
otherwise) 

0.555 [3 .83] 
(0.100) 

5.512 [14.60] 
(1.000) 

4.277 [13 .76] 
(0.587) 

0.770 [5 .22] 
(0.202) 

After crash 
indicator (1 if 
vehicle was 
towed after 
the crash, 0 
otherwise) 

-3.183 [-12.91] 
(-0.474) 

4.277 [13 .76] 
(0.587) 

4.074 [14.29] 
(1.000) 

1.643 [9.28] 
(-0.245) 

Driver' s 
gender 

indicator (1 if 
female, 0 

otherwise) 

6.840 [15 .00] 
(0.954) 

0.770 [5.22] 
(0.202) 

1.643 [9.28] 
(-0.245) 

1.144 [9.30] 
(1.000) 
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Table 6.2 shows that a number offactors result in statistically significant parameters 

(at 0.95 level of confidence): the constant, 11 stationary characteristics, and 2 time-varying 

characteristics. In general, parameters with positive sign increase the likelihood of 

occurrence of the more severe injury-severity outcomes (injury, serious injury, fatality) , 

and subsequently decrease the likelihood of occurrence of the less severe outcome (no

injury). 

Focusing on time-varying characteristics, 4 out ofthe 11 factors have variable effect 

across the accident observations, since they result in normally distributed correlated 

random parameters. Note that the mean and standard deviation of the correlated random 

parameters are both statistically significant at 0.95 level of confidence. Specifically, the 

random parameters are associated with three driver-specific characteristics (alcohol or 

drugs consumption indicator, indicator for the use of restraining systems, and gender 

indicator) and one vehicle-specific characteristic (towed vehicle indicator). Drivers under 

the influence of alcohol or drugs are intuitively associated with more severe injury 

outcomes, for most accident observations (99.99% of the observations; Table 6.2); Table 

6.4 shows that accidents involving impaired drivers are more likely to result in injury, 

serious injury, or fatality (by 0.0107, 0.0007, and 0.0050, respectively), and less likely to 

result in no-injury (by -0.0164). Similarly, the variable reflecting that the vehicle was 

towed after the accident is found to have heterogeneous effects on the injury-severity 

outcomes, with the majority of the accidents (66.43% of the observations; Table 6.2) 

resulting in more severe injury. The marginal effects in Table 6.6 show that this variable 
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increases the probability of injury, serious injury, and fatality (by 0.0889, 0.0055 , and 

0.0005 , respectively), and decreases the probability of no-injury (by -0.0949). 

On the contrary, the variables reflecting the use of lap or shoulder belt, and the 

involvement of a female driver in the single-vehicle accident, are both found to increase 

the probability of no-injury accidents (by 0.0399 and 0.0593 , respectively; Table 6.6) for 

the vast majority of the accident observations (73.50% and 62.96%, respectively). The 

marginal effects in Table 6.6 also show that use of restraining systems increases the 

probability that the accident will result in serious injury by 0.0006, while the female 

indicator increases the probability of serious injury or fatality by 0.0059 and 0.0024, 

respectively. These variables may be capturing driving behavior heterogeneity: some 

drivers are likely to compensate for favorable driving conditions by adopting a higher risk 

driving behavior, which is a common finding in the literature (Savolainen et al. , 2011 ; 

Yasmin et al. , 2014a; Behnood et al. , 2014). 
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Table 6.4 Marginal effects of the explanatory variables for the fixed parameters ordered 
probit model 

Variable description 

Stationary Characteristics 
Collision type indicator (1 if the vehicle 

overturned, 0 otherwise) 
Hit and run indicator (1 if hit and run 

accident, 0 otherwise) 
Airbag deployment indicator (1 if airbag 

deployed, 0 otherwise) 
Driver's consciousness indicator (1 if the 

driver was asleep or ill, 0 otherwise) 
Driver age indicator (1 if driver was older 

than 60 years old, 0 otherwise) 
Alcohol/drugs indicator (1 if the driver was 

under the influence of alcohol or drugs, 0 
otherwise) 

Restraining system indicator (1 if lap and 
shoulder belts were used, 0 otherwise) 

After crash indicator ( 1 if vehicle was towed 
after the crash, 0 otherwise) 

Driver' s gender indicator (1 if female, 0 
otherwise) 

Shoulder width indicator (1 if shoulder 
width was greater than 7.5 feet, 0 
otherwise) 

Vehicle condition indicator (1 if the vehicle 
had no defects before the accident, 0 
otherwise) 

Time-Varying Characteristics 
Ice thickness or water depth on roadway 

surface in t-30 minutes (1 if ice thickness 
is less than 0.4mm, 0 otherwise) 

Sub-surface pavement temperature in t-30 
minutes (1 if the sub-surface temperature 
is 0 °C, 0 otherwise) 

Fixed parameters ordered probit 
model 

No-
lllJUry 

Injury 
Serious 
lllJUry 

Fatality 

-0.2898 0.2340 0.0414 0.0149 

0.2211 -0.2078 -0.0110 -0.0022 

-0.2151 0.1798 0.0267 0.0080 

-0.1649 0.1405 0.0187 0.0057 

-0.0291 0.0259 0.0026 0.0007 

-0.1865 0.1584 0.0215 0.0066 

0.1520 -0.1299 -0.0166 -0.0049 

-0.0699 0.0630 0.0056 0.0014 

0.0516 -0.0461 -0.0044 -0.0020 

0.0235 -0.0210 -0.0020 -0.0010 

-0.0605 0.0549 0.0045 0.0011 

-0.1591 0.1476 0.0095 0.0020 

0.0869 -0.0795 -0.0060 -0.0014 
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Table 6.5 Marginal effects of the explanatory variables for the uncorrelated random 
parameters ordered probit model 

Variable description 

Stationary Characteristics 
Collision type indicator (1 if the vehicle 

overturned, 0 otherwise) 
Hit and run indicator (1 if hit and run 

accident, 0 otherwise) 
Airbag deployment indicator (1 if airbag 

deployed, 0 otherwise) 
Driver's consciousness indicator (1 if the 

driver was asleep or ill, 0 otherwise) 
Driver age indicator (1 if driver was older 

than 60 years old, 0 otherwise) 
Alcohol/drugs indicator (1 if the driver was 

under the influence of alcohol or drugs, 0 
otherwise) 

Restraining system indicator (1 if lap and 
shoulder belts were used, 0 otherwise) 

After crash indicator ( 1 if vehicle was 
towed after the crash, 0 otherwise) 

Driver' s gender indicator (1 if female, 0 
otherwise) 

Shoulder width indicator (1 if shoulder 
width was greater than 7.5 feet, 0 
otherwise) 

Vehicle condition indicator (1 if the 
vehicle had no defects before the 
accident, 0 otherwise) 

Time-Varying Characteristics 
Ice thickness or water depth on roadway 

surface in t-30 minutes (1 if ice thickness 
is less than 0.4mm, 0 otherwise) 

Sub-surface pavement temperature in t-30 
minutes (1 if the sub-surface temperature 
is 0 °C, 0 otherwise) 

Uncorrelated random parameters 
ordered p__robit model 

No- Serious
Injury Fatality

lllJury lllJury 

-0.3221 0.2850 0.0312 0.0059 

0.2095 -0.2041 -0.0040 -0.0014 

-0.2402 0.2181 0.0190 0.0031 

-0.1912 0.1752 0.0140 0.0020 

-0.0424 0.0390 0.0021 0.0013 

-0.2022 0.1859 0.0141 0.0022 

0.1536 -0.1425 -0.0098 -0.0013 

-0.0791 0.0754 0.0033 0.0004 

0.1158 -0.1090 -0.0055 -0.0013 

0.0280 -0.0260 -0.0012 -0.0008 

-0.0582 0.0550 0.0022 0.0010 

-0.1495 0.1445 0.0040 0.0010 

0.0907 -0.0867 -0.0030 -0.0010 
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Table 6.6 Marginal effects of the explanatory variables for the correlated random 
parameters ordered probit model 

Correlated random parameters 
Variable description ordered p__robit model 

No- Serious
Injury Fatality

Injury Injury 
Stationary Characteristics 

Collision type indicator (1 if the vehicle -0.0985 0.0894 -0.0053 0.0144 
overturned, 0 otherwise) 

Hit and run indicator (1 if hit and run 0.2550 -0.2389 -0.0122 -0.0039 
accident, 0 otherwise) 

Airbag deployment indicator (1 if airbag -0.0290 0.0257 -0.0057 0.0090 
deployed, 0 otherwise) 

Driver's consciousness indicator (1 if the -0.0146 0.0121 -0.0036 0.0061 
driver was asleep or ill, 0 otherwise) 

Driver age indicator (1 if driver was older -0.0014 0.0002 0.0010 0.0002 
than 60 years old, 0 otherwise) 

Alcohol/drugs indicator (1 if the driver was -0.0164 0.0107 0.0007 0.0050 
under the influence of alcohol or drugs, 0 
otherwise) 

Restraining system indicator (1 if lap and 0.0399 -0.0385 0.0006 -0.0020 
shoulder belts were used, 0 otherwise) 

After crash indicator ( 1 if vehicle was towed -0.0949 0.0889 0.0055 0.0005 
after the crash, 0 otherwise) 

Driver' s gender indicator (1 if female, 0 0.0593 -0.0676 0.0059 0.0024 
otherwise) 

Shoulder width indicator (1 if shoulder 0.0008 0.0003 -0.0010 -0.0001 
width was greater than 7.5 feet, 0 
otherwise) 

Vehicle condition indicator (1 if the vehicle -0.0069 0.0009 0.0052 0.0008 
had no defects before the accident, 0 
otherwise) 

Time-Varying Characteristics 
Ice thickness or water depth on roadway -0.1456 0.1319 0.0104 0.0033 

surface in t-30 minutes (1 if ice thickness 
is less than 0.4mm, 0 otherwise) 

Sub-surface pavement temperature in t-30 0.0252 -0.0152 -0.0085 -0.0015 
minutes (1 if the sub-surface temperature 
is 0 °C, 0 otherwise) 
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Furthermore, Table 6.2 shows that 7 collision-specific, driver-specific, vehicle

specific and roadway-specific factors result in statistically significant fixed parameters, and 

thus have uniform effects across the accident observations. For example, the variables 

representing overturned vehicles, airbag deployment, asleep or ill drivers at the time of the 

accident, elderly drivers ( older than 60 years old), and vehicles with no defects before the 

crash, are all associated with more severe injury accidents, and all decrease the probability 

of a no-injury accident (by -0.0985 , -0.029, -0.0146, -0.0013 , and -0.0068, respectively; 

Table 6.6). In contrast, hit-and-run accidents, and roadways with wide shoulders (wider 

than 7.5 feet) are found to increase the probability of a no-injury accident (by 0.2550 and 

0.0008, respectively; Table 6.6). These results are consistent with findings of previous 

studies (Yamamoto and Shankar, 2004; Xie et al. , 2012; Russo et al. , 2014). 

Moving to the time-varying characteristics, lower ice thickness or water depth on 

the pavement surface observed 30 minutes before accident occurrence, increases the 

probability of injury, serious injury, and fatal accidents (by 0.1319, 0.0104, and 0.033 , 

respectively; Table 6.6). This finding may be capturing drivers ' risk-taking behavior, in 

cases of non-favorable - but of low-severity - weather conditions; and this effect may be 

more prominent in areas where the drivers anticipate and habitually cope with seasonal 

severe weather phenomena, such as the State of Washington. In contrast, low (0 °C) sub

surface pavement temperature ( typically measured in a depth of 17 inches below the 

pavement surface) observed 30 minutes before accident occurrence, increases the 

probability of no-injury accidents (by 0.0252; Table 6.6), and subsequently decreases the 

probability of injury, serious injury, and fatal accidents (by-0.0151 , -0.0085 , and -0.0015 , 
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respectively; Table 6.6). With the sub-surface pavement temperature reflecting a 

conservative approximation of the pavement surface temperature, the specific variable is 

likely picking up the effect of icy pavement conditions, 30 minutes prior to accident 

occurrence. Such unfavorable driving conditions are likely to cause some drivers to be 

more alert while driving, or to compensate for the poor driving conditions by reducing their 

speed or by driving more carefully. These driving behavioral adjustments may in tum 

result in lower injury-severities, which is a common finding in the literature (Russo et al. , 

2014; Sarwar et al. , 2017c). 

(i.2 .J Interpretation of Random Parameters Correlation 

A direct implication of the employed unrestricted covariance matrix 1s the 

determination ofcoefficients that can capture the magnitude and the sign of the correlations 

among the random parameters. The investigation of the random parameters correlations 

(in terms ofunobserved factors) has the potential to shed more light on the interactive effect 

of accident-specific variations in the resulting injury-severity outcomes. Specifically, the 

negative correlation (the correlation coefficient is -0.474; Table 6.3) between the 

unobserved characteristics associated with impaired drivers and towed vehicles highlights 

their mixed effect on the injury-severity mechanism; even though both parameters vastly 

increase the probability for more severe accidents, their unobserved heterogeneity 

interactions (i.e., the interactions of their unobserved characteristics) are found to decrease 

the probability for more severe accidents . Similarly, the negative correlation between the 

unobserved factors captured by the female indicator and the towed vehicle indicator ( the 
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correlation coefficient is -0.245 ; Table 6.3) indicates that their unobserved heterogeneity 

interactions decrease the probability for more severe accidents. 

In contrast, the positive correlation between the unobserved factors captured by the 

impaired and female driver indicators, between the female driver and lap/shoulder belt 

indicators, and between the lap/shoulder belt and towed vehicle indicators ( the correlation 

coefficients are 0.954, 0.202, and 0.587, respectively, as shown in Table 6.3), indicate that 

their unobserved heterogeneity interactions increase the probability for more severe 

accidents. These findings may be capturing driver-specific and vehicle-specific 

heterogeneity, associated with various aspects of driver alertness and risk-compensating 

behavior (Winston et al. , 2006; Mannering and Bhat, 2014). 

(J.2.4 Model Evaluation 

To assess the relative benefits of the correlated random parameters ordered probit 

approach over its fixed parameters and uncorrelated random parameters counterparts, the 

models are evaluated in terms of their explanatory power, model fit, and forecasting 

accuracy. 

In terms of explanatory power, the proposed correlated random parameters 

approach demonstrates significant potential as compared to its model counterparts, in 

accounting simultaneously for the observation-specific variations in the effect of random 

parameters, and for the underlying correlations between the pairs of random parameters. 

For example, two variables (the driver 's age and shoulder width indicators) are statistically 
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insignificant in the fixed and uncorrelated random parameter models; these variables 

become statistically significant, when the correlation among the random parameters is 

accounted for (i.e. , in the correlated random parameters model). In addition, 3 out of 4 

random parameters (the alcohol/drugs, use of restraining systems, and towed vehicle 

indicators) are statistically insignificant in the uncorrelated random parameters model, but 

are statistically significant in the correlated random parameters model. This is another 

important finding, as it reveals that accounting for unobserved heterogeneity correlation, 

allows capturing the effect of the unobserved characteristics on the injury-severity 

outcomes. It is also a unique finding, considering that in previously employed correlated 

random parameters approaches (Yu et al. , 2015), the statistical significance of the random 

parameters did not differentiate between the uncorrelated and correlated random parameter 

model counterparts: the variables would either be statistically significant in both the 

uncorrelated and correlated random parameter models, or they would be statistically 

insignificant in both the uncorrelated and correlated random parameter models. 

In terms of statistical fit, the three competitive models are evaluated through the 

use of likelihood ratio tests. Specifically, the likelihood ratio test statistic is defined as 

(Washington et al. , 2011) : 

(31) 

where, LL(Pc) is the log-likelihood at convergence of the lower-order model counterpart 

(i.e., fixed parameters, or uncorrelated random parameters ordered probit model), and 

LL(PP) is the log-likelihood at convergence of the correlated random parameters ordered 
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probit model. The test statistic is represented by a chi-square distribution, while the 

corresponding degrees of freedom are computed as the difference in the number of 

estimable parameters between the correlated random parameters model and its model 

counterpart. Table 6.7 presents the results of the likelihood ratio tests, which suggest the 

statistical superiority of the correlated random parameters ordered probit model over its 

fixed parameters and uncorrelated random parameters model counterparts, with a greater 

than 95% level of confidence. 

An alternate evaluation of the proposed approach - in terms of statistical fit - is 

performed through the use of goodness-of-fit measures. To that end, the Akaike 

Information Criterion (AIC) and its corrected - for the sample size - version (AICc) are 

estimated. Note that lower values of these measures signify better statistical fit. Table 6.7 

shows that the proposed approach yields the lowest values for both information criteria, 

thus providing additional evidence regarding the statistical superiority of the correlated 

random parameters ordered probit approach. 
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Table 6.7 Goodness-of-fit measures, forecasting accuracy measures, and likelihood ratio 
tests for the competitive models 

Fixed Uncorrelated Correlated 
parameters random random 

ordered parameters parameters 
probit model ordered probit ordered probit 

model model 
Number of parameters 16 20 26 
Goodness-of-fit measures 

Aica,c 2565 .13 2564.94 2558.60 
AICcb,c 2565.40 2565 .32 2559.25 

Forecasting accuracy measures 
Percentage of correctly 74.39% 77.80% 99.80% 
predicted outcomes 

Average probability of 0.749 0.795 0.997 
correctly predicted outcomes 

Correlated random 
Correlated random 

parameters ordered 
parameters ordered 

probit model vs 
Likelihood ratio tests results probit model vs Fixed 

Uncorrelated random 
parameters ordered 

parameters ordered 
probit model 

probit model 
Degrees of freedom 10 6 
Level of confidence 0.95 0.95 
Resultingr 26.534 18.340 
Criticali 18.307 12.592 

a The Akaike Information Criterion (AIC) is computed as: AJC = 2[K - LL(f3)]; where, K is the number of 
estimable parameters, and LL(f3) is the model ' s log-likelihood at convergence. 

b The Akaike Information Criterion with correction for the number of observations (AICc) is computed as: 
AI Cc = AIC + 2K (K + 1) I (N - K - 1 ), where N denotes the number of observations and all other terms as 
previously defined. 

c Even though the AIC and AICc of the fixed parameters and uncorrelated random parameters models are 
close, it should be noted that the likelihood ratio test between the two models showed that the uncorrelated 
random parameters model statistically outperforms its fixed parameters counterpart at 0.90 level of 
confidence (the resulting x2 was 8.194, while the critical x2 at 0.90 level of confidence is 7. 779). 
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To further evaluate the models, two forecasting accuracy measures are computed: 

the percentage ofcorrectly predicted outcomes, and the average probability of the correctly 

predicted outcomes. With regard to the former, the injury-severity outcome - for each 

accident observation - with the highest model-predicted probability (among the four 

injury-severity levels) is considered as the predicted outcome. In this context, the 

percentage of correctly predicted outcomes is defined as the number of the correctly 

predicted outcomes, divided by the number of observed outcomes. Table 6.7 shows that 

the correlated random parameters approach produces the highest percentage (99.80%) of 

correctly predicted outcomes ( among all injury-severity levels), as compared to those of its 

competitive models (74.39% and 77.80% for the fixed parameters and uncorrelated random 

parameters ordered probit models, respectively). Note that the model-predicted 

probabilities are estimated using the observation-specific coefficients (Ps) for the random 

parameters. 

Moving to the second measure, the average probability of the correctly predicted 

outcomes is defined as the summation of the model-predicted probabilities of the observed 

outcomes (i.e. , probabilities of correct predictions), divided by the number of observations 

with correctly predicted outcomes. Table 6.7 summarizes these probabilities for all the 

competitive models, and the comparative evaluation of the results further supports the 

earlier findings. In other words, the correlated random parameters ordered probit model 

yields the highest average probability of correctly predicted outcomes (0.997), whereas its 

two model counterparts yield significantly lower average probabilities (0.749 and 0.795 , 

for the fixed parameters and uncorrelated random parameters models, respectively). 
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6.3 Random Thresholds Random Parameters Hierarchical Ordered Probit Model 

Estimation Results 

The injury-severity analysis of this section uses highway accident data collected in 

the State of Washington, between 2011 and 2013 , to study the factors that affect accident 

injury-severities. Specifically, a random thresholds hierarchical ordered probit model with 

random parameters is estimated. Furthermore, the traditional hierarchical ordered probit 

and the fixed- and random-parameters ordered probit model counterparts are also 

estimated, in an effort to assess the statistical performance of the employed approach. 

Using goodness-of-fit measures, likelihood ratio tests and forecasting accuracy measures, 

the comparative assessment among the various ordered probit modeling approaches reveals 

the relative benefits and the overall statistical superiority of the random thresholds random 

parameters hierarchical ordered probit model. 

(d . I Empirical Setting and Descriptive Statistics 

Due to the presence of missing values, the final dataset used for model estimation 

consists of4,495 single-vehicle crashes, occurred in 4,320 roadway segments. Out of these 

4,495 crashes, 3,269 resulted in no-injury, 1,150 in injury, 55 in serious injury, and 21 in 

fatality. Note that, due to the consideration of four injury-severity levels, only two ordered 

thresholds can be estimated ( equal to J- 2 , where j is the total number of ordered 

outcomes). Owing to the extensive information provided by the specific dataset, Table 6.8 

summarizes descriptive statistics of key variables ( those found to significantly affect 

injury-severity outcomes are presented in Table 6.8) 
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Table 6.8 Descriptive statistics of key variables (included in the random thresholds 
random parameters hierarchical ordered probit model) 

Variable 

Roadway geometrics 
Vertical curve indicator ( 1 if a vertical curve 

is present and the curve length is greater 
than 400 feet, 0 otherwise) 

Median width indicator (1 if median width is 
greater than 70 feet, 0 otherwise) 

Roadway surface condition indicator (1 if 
wet, snowy or icy surface conditions, 0 
otherwise) 

Traffic characteristics 
Traffic indicator (1 if annual average daily 

traffic - AADT - per lane is greater than 
8,500 vehicles per day per lane, 0 
otherwise) 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the driver was 

under the influence of alcohol or drugs, 0 
otherwise) 

Driver age indicator ( 1 if driver is younger 
than 23 years old, 0 otherwise) 

Vehicle-specific characteristics 
Vehicle type indicator (1 if passenger car, 0 
otherwise) 
Vehicle age indicator (1 if less than 7 years, 
0 otherwise) 

Crash-specific characteristics 
Collision type indicator (1 if the vehicle 

crashed because it went out of control, 0 
otherwise) 

Collision type indicator (1 if the vehicle was 
traveling on a straight ahead direction at 
the time of the accident, 0 otherwise) 

Collision type indicator (1 if the vehicle 
overturned, 0 otherwise) 

Speed indicator (1 if vehicle's speed 
exceeded a reasonable safe level or the 
speed limit, 0 otherwise) 

Pedestrian indicator (1 if a pedestrian was 
involved in the accident, 0 otherwise) 

Mean 
{%} 

57.90% 

28 .70% 

51.85% 

84.04% 

10.50% 

25 .84% 

61.55% 

18.26% 

54.71% 

86.11% 

7.48% 

42 .09% 

0.50% 

Minimum Maximum 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 
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Variable 

Airbag deployment indicator (1 if airbag 
deployed, 0 otherwise) 

After crash indicator (1 if vehicle was towed 
after the crash, 0 otherwise) 

Month of the crash indicator (1 if the 
accident occurred after December 31 st and 
before April 1st 

, 0 otherwise) 

Mean 
(%) 

Minimum Maximum 

23 .60% 0 1 

63 .56% 0 1 

34.36% 0 1 
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(d.2 Model Estimation Results 

Table 6.9 presents the model estimation results for the random thresholds random 

parameters HOPIT model and for its three model counterparts: for the HOPIT, and for the 

fixed and random parameters ordered probit models. Both logit and probit models were 

estimated, and in all cases the probit specification was found to provide statistically 

superior fit (in terms of goodness-of-fit measures, such as log-likelihood functions). To 

better interpret the results, Tables 6.10 - 6.13 present the marginal effects ( averaged over 

all observations) ofthe explanatory parameters for the four estimated models. While, Table 

6.14 gives the distributional split on the effect (positive or negative) of the random 

parameters on the injury-severity outcomes. 

For the random parameters model specification, previous research (Train 2003 , 

Bhat 2003 , Milton et al. , 2008, Sarwar et al. , 2016) has theoretically and empirically shown 

that 200 Halton draws offer adequate numerical integrations for parameter stability and 

accuracy. However, for the random parameter models estimated herein (i.e., random 

thresholds random parameters HO PIT, and random parameters ordered probit), 500 Halton 

draws were required to achieve parameter stability- this is as well in line with past research 

(Anastasopoulos, 2016, Anastasopoulos et al. , 2012d). The random parameter models 

were thus estimated with 500 Halton draws. 



Table 6.9 Estimation results of the random thresholds random parameters HOPIT model and its lower-order counterparts 

Roadway geometrics 
Vertical curve indicator ( 1 if a vertical 

curve is present and the curve length is 
greater than 400 feet, 0 otherwise) 
Standard deviation ofparameter density 
function 

Median width indicator (1 if median width 
is greater than 70 feet, 0 otherwise) 

Traffic characteristics 
Traffic indicator (1 if annual average 

daily traffic - AADT - per lane is 
greater than 8,500 vehicles per day per 
lane, 0 otherwise) 
Standard deviation ofparameter density 
function 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the driver 

was under the influence of alcohol or 
drugs, 0 otherwise) 
Standard deviation ofparameter density 
function 

Driver age indicator (1 if driver is 
younger than 23 years old, 0 otherwise) 

Vehicle-specific characteristics 
Vehicle type indicator (1 if passenger car, 

0 otherwise) 

Fixed 
parameters 

ordered probit 
model 

Coeff. t-stat 

0.037 0.94 

-0.123 -2.71 d 

-0.413 -8.53c 

0.404 6.37c 

-0.103 -2.18d 

-0.163 -3.88c 

Hierarchical 
ordered probit 

(HOPIT) model 

Coeff. t-stat 

0.036 0.90 

-0.121 -2.70d 

-0.415 -8.06c 

0.408 6.62c 

-0.105 -2.23d 

-0.165 -3.87c 

Random 
parameters 

ordered probit 
model 

Coeff. t-stat 

-0.091 -1.64e 

1.113 24.42a 

-0.233 -3.80c 

-0.795 -l 1.64c 

1.006 26.32c 

0.425 4.4SC 

1.835 18.69c 

-0.148 -2.33d 

-0.303 -5.30c 

Random 
thresholds random 

parameters 
HOPITmodel 
Coeff. t-stat 

-0.071 -0.66 

0.468 

-0.176 

2.14d 

-2.24d 

-0.846 -5.92c 

0.948 4_55c 

0.537 3.22c 

0.993 

-0.141 

5_55c 

-1.70e 

-0.196 -2.56d 

...... 
N 
\0 



After crash indicator ( 1 if vehicle was 
towed after the crash, 0 otherwise) 

Vehicle age indicator (1 if less than 7 
years, 0 otherwise) 

Accident-specific characteristics 
Collision type indicator (1 if the vehicle 

crashed because it went out of control, 0 
otherwise) 
Standard deviation ofparameter density 
function 

Speed indicator (1 if vehicle's speed 
exceeded a reasonable safe level or the 
speed limit, 0 otherwise) 
Standard deviation ofparameter density 
function 

Collision type indicator (1 if the vehicle 
was traveling on a straight ahead 
direction at the time of the accident, 0 
otherwise) 
Standard deviation ofparameter density 
function 

Pedestrian indicator (1 if a pedestrian was 
involved in the accident, 0 otherwise? 
Standard deviation ofparameter density 
function 

Collision type indicator (1 if the vehicle 
overturned, 0 otherwise) 

Fixed 
parameters 

ordered probit 
model 

Coeff. t-stat 
0.126 3.01 C 

-0.199 -3.68c 

0.039 0.85 

-0.169 -3.42c 

-0.423 -9.03c 

2.790 11.26c 

0.574 7.27c 

Hierarchical 
ordered probit 

(HOPIT) model 

Coeff. t-stat 
0.126 2.92c 

-0.198 -3.65c 

0.042 0.92 

-0.162 -3.27c 

-0.423 -8.50c 

2.755 12.3SC 

0.575 6.77c 

Random 
parameters 

ordered probit 
model 

Coeff. t-stat 
0.290 4_97c 

-0.384 -5.18c 

0.089 1.47 

0.085 2.24d 

-0.542 -7.71 C 

1.125 19.99c 

-0.780 -11.96c 

0.945 25.09c 

5.834 17.3SC 

2.148 5.98c 

1.208 11.22c 

Random 
thresholds random 

parameters 
HOPITmodel 
Coeff. t-stat 
0.304 3.81 C 

-0.325 -3.38c 

-0.941 -4.14c 

2.601 5.72c 

-0.263 -2.55d 

0.551 3_57c 

-0.680 -5.4SC 

0.312 l.76e 

5.987 5.4SC 

1.793 2.68d 

1.067 5.61 C 

...... 
(.;.) 

0 



Airbag deployment indicator (1 if airbag 
deployed, 0 otherwise) 

Thresholds parameters 
µ1 
µ2 
Intercept forµ, 

Standard deviation ofparameter density 
function 
Intercept for µ2 

Standard deviation ofparameter density 
function 

Thresholds parameters decomposition 
Month indicator (1 if the accident 

occurred after December 31 st and before 
April 1st, 0 otherwise) 

Roadway surface condition indicator (1 if 
wet, snowy or icy surface conditions, 0 
otherwise) 

N 
LL(0) 
LL(I}) 

Fixed Random
Hierarchical 

parameters parameters
ordered probit 

ordered probit ordered probit 
(HOPIT) model 

model model 
Coeff. t-stat Coeff. t-stat Coeff. t-stat 
0.706 15.67c 0.705 15.83c 1.445 21.89c 

1.753 33.63c 3.634 30.92c 
2.335 26.64c 4.960 26.93c 

0.482 11.86c 

0.777 17.22c 

0.067 1.11 

0.142 2.45d 

4495 4495 4495 
-2963.677 -2963.677 -2963.677 
-2721.726 -2717.438 -2693.529 

Random 
thresholds random 

parameters 
HOPITmodel 
Coeff. t-stat 
1.241 9.17c 

1.327 10.68c 
0.439 3.71 C 

0.815 1.52 
1.662 2.03d 

0.113 2.0ld 

0.188 3.58c 

4495 
-2963.677 
-2671.694 

"The inclusion of the constant in the random thresholds random parameters HOPIT model specification resulted either on the non-convergence of the model 
or in extremely volatile parameter estimates. This modeling limitation may be attributed to data-specific issues. 

b Represents statistically significant variable with low variability. The inclusion of this variable in models' specifications was found to improve significantly 
the statistical fit of the estimated models. 

c: Statistically Significant at 0.99 l.o.c.; d: Statistically Significant at 0.95 l.o.c.; 0
: Statistically Significant at 0.90 l.o.c. 

...... 
(.;.) ...... 
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Table 6.10 Marginal effects of the fixed parameters ordered probit model 

Roadway geometrics 
Vertical curve indicator (1 if a 

vertical curve is present and the 
curve length is greater than 400 
feet, 0 otherwise) 

Median width indicator ( 1 if median 
width is greater than 70 feet, 0 
otherwise) 

Traffic characteristics 
Traffic indicator (1 if annual 

average daily traffic - AADT - per 
lane is greater than 8,500 vehicles 
per day per lane, 0 otherwise) 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the 

driver was under the influence of 
alcohol or drugs, 0 otherwise)* 

Driver age indicator (1 if driver is 
younger than 23 years old, 0 
otherwise) 

Vehicle-specific characteristics 
Vehicle type indicator (1 if 

passenger car, 0 otherwise) 
After crash indicator ( 1 if vehicle 

was towed after the crash, 0 
otherwise) 

Vehicle age indicator (1 if less than 
7 years, 0 otherwise) 

Accident-specific characteristics 
Collision type indicator (1 if the 

vehicle crashed because it went out 
of control, 0 otherwise) 

Speed indicator (1 if vehicle's speed 
exceeded a reasonable safe level or 
the speed limit, 0 otherwise) 

Collision type indicator (1 if the 
vehicle was traveling on a straight 
ahead direction at the time of the 
accident, 0 otherwise) 

Fixed parameters ordered probit model 
Nia INJb SINJC FINJd 

-0.012 0.011 0.001 0.000 

0.040 -0.037 -0.002 -0.001 

0.147 -0.133 -0.011 -0.003 

-0.145 0.130 0.011 0.003 

0.034 -0.031 -0.002 -0.001 

0.055 -0.050 -0.003 -0.001 

-0.041 0.038 0.002 0.001 

0.063 -0.059 -0.003 -0.001 

-0.013 0.012 0.001 0.000 

0.055 -0.051 -0.003 -0.001 

0.151 -0.136 -0.012 -0.004 
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Pedestrian indicator (1 if a pedestrian 
was involved in the accident, 0 
otherwise) 

Collision type indicator (1 if the 
vehicle overturned, 0 otherwise) 

Airbag deployment indicator (1 if 
airbag deployed, 0 otherwise) 

Thresholds parameters 
Month indicator (1 if the accident 

occurred after December 31 st and 
before April 1st 

, 0 otherwise) 
Roadway surface condition indicator 

(1 if wet, snowy or icy surface 
conditions, 0 otherwise) 

Fixed parameters ordered probit model 

-0.718 0.066 0.220 0.432 

-0.212 0.186 0.019 0.007 

-0.253 0.225 0.021 0.007 

a NI: No injury; b INJ: Injury; 0 SINJ: Serious injury; d FINJ: Fatality (fatal injury). 



134 

Table 6.11 Marginal effects of the hierarchical ordered probit model 

Roadway geometrics 
Vertical curve indicator (1 if a vertical curve 

is present and the curve length is greater 
than 400 feet, 0 otherwise) 

Median width indicator ( 1 if median width is 
greater than 70 feet, 0 otherwise) 

Traffic characteristics 
Traffic indicator (1 if annual average daily 

traffic - AADT - per lane is greater than 
8,500 vehicles per day per lane, 0 otherwise) 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the driver was 

under the influence of alcohol or drugs, 0 
otherwise) 

Driver age indicator (1 if driver is younger 
than 23 years old, 0 otherwise) 

Vehicle-specific characteristics 
Vehicle type indicator (1 if passenger car, 0 

otherwise) 
After crash indicator ( 1 if vehicle was towed 

after the crash, 0 otherwise) 
Vehicle age indicator (1 if less than 7 years, 0 

otherwise) 
Accident-specific characteristics 

Collision type indicator (1 if the vehicle 
crashed because it went out of control, 0 
otherwise) 

Speed indicator (1 if vehicle's speed exceeded 
a reasonable safe level or the speed limit, 0 
otherwise) 

Collision type indicator (1 if the vehicle was 
traveling on a straight ahead direction at the 
time of the accident, 0 otherwise) 

Pedestrian indicator (1 if a pedestrian was 
involved in the accident, 0 otherwise) 

Collision type indicator (1 if the vehicle 
overturned, 0 otherwise) 

Airbag deployment indicator (1 if airbag 
deployed, 0 otherwise) 

Thresholds parameters 

Hierarchical ordered probit 
[HOPIT) model 

Nia INJb SINJC FINJd 

-0.012 0.011 0.001 0.000 

0.040 -0.037 -0.002 -0.001 

0.148 -0.134 -0.011 -0.003 

-0.146 0.132 0.011 0.003 

0.034 -0.032 -0.002 0.000 

0.055 -0.051 -0.003 -0.001 

-0.041 0.039 0.002 0.001 

0.063 -0.059 -0.003 -0.001 

-0.014 0.013 0.001 0.000 

0.053 -0.049 -0.003 -0.001 

0.151 -0.137 -0.011 -0.003 

-0.717 0.085 0.233 0.399 

-0.213 0.188 0.019 0.006 

-0.253 0.226 0.021 0.006 
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Hierarchical ordered probit 
(HOPIT) model 

Nia 

Month indicator (1 if the accident occurred 
after December 31 st and before April 151, 0 
otherwise) 

Roadway surface condition indicator (1 if wet, 
snowy or icy surface conditions, 0 
otherwise) 

0.000 

0.000 

0.004 

0.008 

-0.004 

-0.008 

0.000 

0.000 

a NI: No injury; b INJ: Injury; 0 SINJ: Serious injury; d FINJ: Fatality (fatal injury). 
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Table 6.12 Marginal effects of the random parameters ordered probit model (asterisks 
denote average effects of random parameters). 

Roadway geometrics 
Vertical curve indicator (1 if a vertical curve is 

present and the curve length is greater than 400 
feet, 0 otherwise)* 

Median width indicator ( 1 if median width is 
greater than 70 feet, 0 otherwise) 

Traffic characteristics 
Traffic indicator (1 if annual average daily 

traffic -AADT-per lane is greater than 8,500 
vehicles per day per lane, 0 otherwise)* 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the driver was 

under the influence of alcohol or drugs, 0 
otherwise)* 

Driver age indicator (1 if driver is younger than 
23 years old, 0 otherwise) 

Vehicle-specific characteristics 
Vehicle type indicator (1 if passenger car, 0 

otherwise) 
After crash indicator ( 1 if vehicle was towed 

after the crash, 0 otherwise) 
Vehicle age indicator (1 if less than 7 years, 0 

otherwise) 
Accident-specific characteristics 

Collision type indicator (1 if the vehicle crashed 
because it went out of control, 0 otherwise)* 

Speed indicator (1 if vehicle's speed exceeded a 
reasonable safe level or the speed limit, 0 
otherwise)* 

Collision type indicator (1 if the vehicle was 
traveling on a straight ahead direction at the 
time of the accident, 0 otherwise)* 

Pedestrian indicator (1 if a pedestrian was 
involved in the accident, 0 otherwise)* 

Collision type indicator (1 if the vehicle 
overturned, 0 otherwise) 

Airbag deployment indicator (1 if airbag 
deployed, 0 otherwise) 

Thresholds ~arameters 

Random parameters ordered 
p__robit model 

Nia INJb SINJC FINJd 

0.016 -0.016 0.000 0.000 

0.039 -0.039 0.000 0.000 

0.196 -0.196 0.000 0.000 

-0.092 0.092 0.000 0.000 

0.025 -0.025 0.000 0.000 

0.056 -0.056 0.000 0.000 

-0.049 0.049 0.000 0.000 

0.058 -0.058 0.000 0.000 

-0.016 0.016 0.000 0.000 

0.088 -0.088 0.000 0.000 

0.190 -0.190 0.000 0.000 

-0.904 0.088 0.481 0.334 

-0.356 0.356 0.000 0.000 

-0.378 0.378 0.000 0.000 
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Random parameters ordered 
probit model 

Month indicator (1 if the accident occurred after 
December 31 st and before April 151, 0 
otherwise) 

Roadway surface condition indicator (1 if wet, 
snowy or icy surface conditions, 0 otherwise) 

a NI: No injury; b INJ: Injury; c SINJ: Serious injury; d FINJ: Fatality (fatal injury). 
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Table 6.13 Marginal effects of the random thresholds random parameters HO PIT model 
( asterisks denote average effects of random parameters). 

Roadway geometrics 
Vertical curve indicator (1 if a vertical curve 

is present and the curve length is greater 
than 400 feet, 0 otherwise)* 

Median width indicator ( 1 if median width is 
greater than 70 feet, 0 otherwise) 

Traffic characteristics 
Traffic indicator (1 if annual average daily 

traffic - AADT - per lane is greater than 
8,500 vehicles per day per lane, 0 
otherwise)* 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the driver was 

under the influence of alcohol or drugs, 0 
otherwise)* 

Driver age indicator (1 if driver is younger 
than 23 years old, 0 otherwise) 

Vehicle-specific characteristics 
Vehicle type indicator (1 if passenger car, 0 

otherwise) 
After crash indicator ( 1 if vehicle was towed 

after the crash, 0 otherwise) 
Vehicle age indicator (1 if less than 7 years, 0 

otherwise) 
Accident-specific characteristics 

Collision type indicator (1 if the vehicle 
crashed because it went out of control, 0 
otherwise)* 

Speed indicator (1 if vehicle's speed exceeded 
a reasonable safe level or the speed limit, 0 
otherwise)* 

Collision type indicator (1 if the vehicle was 
traveling on a straight ahead direction at the 
time of the accident, 0 otherwise)* 

Pedestrian indicator (1 if a pedestrian was 
involved in the accident, 0 otherwise)* 

Collision type indicator (1 if the vehicle 
overturned, 0 otherwise) 

Random thresholds random 
p__arameters HOPIT model 

Nia INJb SINJC FINJd 

0.012 -0.011 -0.001 0.000 

0.030 -0.026 -0.002 -0.001 

0.143 -0.126 -0.011 -0.006 

-0.091 0.080 0.007 0.004 

0.024 -0.021 -0.002 -0.001 

0.033 -0.029 -0.003 -0.001 

-0.051 0.045 0.004 0.002 

0.055 -0.048 -0.004 -0.002 

0.159 -0.140 -0.012 -0.006 

0.044 -0.039 -0.003 -0.002 

0.115 -0.101 -0.009 -0.005 

-1.011 0.893 0.077 0.041 

-0.180 0.159 0.014 0.007 
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Random thresholds random 
parameters HOPIT model 

Airbag deployment indicator (1 if airbag -0.210 0.185 0.016 0.009 
deployed, 0 otherwise) 

Thresholds parameters 
Month indicator (1 if the accident occurred 0.000 0.006 -0.004 -0.002 

after December 31 st and before April 151, 0 
otherwise) 

Roadway surface condition indicator (1 if wet, 0.000 0.010 -0.006 -0.004 
snowy or icy surface conditions, 0 
otherwise) 

a NI: No injury; b INJ: Injury; c SINJ: Serious injury; d FINJ: Fatality (fatal injury). 
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Table 6.14 Distributional effect of the random parameters and random thresholds across 
observations 

Roadway geometrics 
Vertical curve indicator (1 if a vertical 

curve is present and the curve length 
is greater than 400 feet, 0 otherwise) 

Traffic characteristics 
Traffic indicator (1 if annual average 

daily traffic - AADT - per lane is 
greater than 8,500 vehicles per day 
per lane, 0 otherwise) 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the 

driver was under the influence of 
alcohol or drugs, 0 otherwise) 

Accident-specific characteristics 
Collision type indicator (1 if the 

vehicle crashed because it went out 
of control, 0 otherwise) 

Speed indicator (1 if vehicle's speed 
exceeded a reasonable safe level or 
the speed limit, 0 otherwise) 

Collision type indicator (1 if the 
vehicle was traveling on a straight 
ahead direction at the time of the 
accident, 0 otherwise) 

Pedestrian indicator (1 if a pedestrian 
was involved in the accident, 0 
otherwise) 

Thresholds parameters 
Intercept for µ1 
Intercept for µ2 

Random parameters 
random thresholds 

HOPITmodel 

Below Above 
zero zero 

56.10% 43 .90% 

81.40% 18.60% 

29.50% 70.50% 

64.10% 35 .90% 

68 .30% 31.70% 

98 .50% 1.50% 

0.10% 99.90% 

0.02% 99.80% 
31.20% 69.80% 

Random 
parameters 

ordered probit 
model 

Below Above 
zero zero 

53 .30% 46.70% 

78 .50% 21.50% 

40.90% 59.10% 

14.70% 85 .30% 

68 .50% 31 .50% 

79.50% 20.50% 

0.10% 99.90% 



141 

With regard to the functional form of the parameter density function of the random 

parameters, the normal distribution was specified, in order to maintain consistency with 

the a priori normally distributed intercept terms of the random thresholds ( as Equation 13 

shows, the latter are by definition normally distributed) . For the parameter density function 

of the non-threshold-specific random parameters (i.e. , of the random parameters affecting 

the ordered probability outcomes), several distributions were explored, including normal, 

uniform, triangular, Weibull, and lognormal. In accordance with the distribution of the 

thresholds intercept terms and in line with past research (Coruh et al. , 2015; 

Anastasopoulos, 2016), the normal distribution was found to provide the best statistical fit. 

Turning to the model estimation results of the random thresholds random 

parameters HOPIT model, Table 6.9 shows that 14 variables produce statistically 

significant parameters that affect the injury-severity outcome probabilities; while two 

statistically significant parameters are found to determine the thresholds. A positive sign 

ofa parameter in the ordered pro bit models indicates that the probability of the most severe 

outcome (i.e., fatality) increases, while the probability of the least severe outcome (i.e., no

injury) decreases. In total, 7 out of the 14 variables are random parameters and thus have 

a variable effect on the injury-severity outcome probabilities9
. These random parameters 

9 Note that a parameter is considered as random, when the mean and the standard deviation of the parameter 
density function are both statistically significant at a 0.90 level of confidence (Anastasopoulos and 
Mannering, 2016, Anastasopoulos, 2016). In the case that the standard deviation is statistically significant 
but the mean is not statistically different from zero (as indicated by the I-statistic), a likelihood ratio test is 
conducted in order to compare the model treating the specific variable as random parameter, with the model 
treating the same variable as fixed parameter. Herein, the relevant likelihood ratio tests (specifically, for 
the vertical curve length indicator in the random thresholds random parameters HO PIT model, and for the 
out-of-control vehicle indicator in the random parameters ordered probit model) resulted in the statistical 
superiority of the models treating the variables of interest as random parameters. 
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include geometric characteristics (vertical curve length indicator); traffic characteristics 

(annual average daily traffic - AADT - per lane indicator); driver-specific characteristics 

(use of alcohol/drugs indicator); and accident-specific characteristics (indicator for out of 

control vehicle, speed indicator, indicator for vehicle going straight ahead at the moment 

of the accident, and pedestrian involvement indicator). 

More specifically, the variables reflecting alcohol or drug use and involvement of 

a pedestrian in the accident are associated with higher injury-severity outcomes for the vast 

majority (70.5% and 99.9%, respectively, as shown in Table 6.14) of the observations

they increase the probability for injury, serious injury, and fatality, and decrease the 

probability for a no-injury accident, as indicated by the marginal effects in Table 6.13. 

These findings are in line with past research (Quddus et al. , 2002, Christoforou et al. , 2010, 

Russo et al. , 2014). On the contrary, and consistent with past work (Anastasopoulos et al. , 

2011 ; Abegaz et al. , 2014; and Behnood and Mannering, 2015), the variables reflecting 

long vertical curves, high AADT per lane, vehicle speeding, out-of-control vehicles, and 

vehicles traveling on a straight ahead direction at the time of the accident, all increase the 

likelihood of no-injury outcome (and decrease the probability for injury, serious injury, 

and fatality, as indicated by the marginal effects in Table 6.13), for the majority of the 

observations (56.1%, 81.4%, 68.3%, 64.1%, and 98.5%, respectively, as shown in Table 

6.14). 

Table 6.9 shows that a number of variables result in statistically significant fixed 

parameters (i.e. , their effect remains constant across the observations). For example, the 
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variables reflecting wide (greater than 70 feet) medians, young (23 years old or younger) 

drivers, passenger cars, and new (less than 7 years old) vehicles, all result in injury 

outcomes of lower severity. Similar results - in terms of sign and magnitude - were also 

obtained by Russo et al. (2014), Behnood and Mannering (2015), and Anastasopoulos 

(2016). On the contrary, the variables reflecting airbag deployment, overturned vehicles, 

and vehicles that were towed after the crash, all result in more severe injury outcomes. 

These findings are generally consistent with Gray et al. (2008), Awadzi et al. (2008), and 

Chen et al. (2016), and are likely capturing accident-specific heterogeneity, stemming from 

driving behavior- or collision-related unobserved effects likely occurring at the time of the 

accident (for further details, see Mannering and Bhat, 2014, and Behnood et al. , 2014). 

Turning to the random thresholds (µ iJ in Equation 13), their values vary across the 

observations both as a function of fixed explanatory parameters (as in the traditional 

hierarchical ordered pro bit model), and as a function ofrandom parameters, thus capturing 

threshold-specific unobserved heterogeneity. For example, the intercept terms for both 

thresholds result in statistically significant random parameters. The intercepts for µ1 and 

µ2 generally increase the threshold values for the majority of the observations (for 99.8% 

and 69.8%, respectively, as indicated in Table 6.14), and reduce them for the rest (0.02% 

and 31.2%, respectively) . The variables reflecting winter months (January through March) 

- which are possibly associated with adverse weather conditions - and poor (wet, snowy, 

or icy) roadway surface conditions, are both found to increase the threshold values, and 

subsequently to decrease the likelihood for more severe accidents . These findings are 

likely picking up the effect of increased drivers ' alertness or risk compensation (Russo et 
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al. , 2014), especially in areas frequently experiencing adverse weather conditions (as in the 

State of Washington, where the study data were collected). 10 

For model comparison, all models presented in Table 6.9 were estimated with the 

same explanatory parameters. 11 Table 6.9 shows that a number of variables that were 

statistically significant in the random thresholds random parameters HOPIT model, were 

statistically insignificant in the other modeling approaches. These variables can be 

distinguished in two categories: the first category is associated with variables that became 

statistically significant when random parameters were introduced in the model; whereas, 

the second category refers to variables which became statistically significant when 

threshold-specific heterogeneity was accounted for. Specifically, the curve length and the 

out-of-control vehicle indicators resulted in statistically insignificant parameters in the 

HO PIT and in the fixed parameters ordered probit models; however, these variables yielded 

statistically significant random parameters in the random parameters ordered probit and in 

the random thresholds random parameters HOPIT models. The second category includes 

the winter months indicator, which is found to be statistically insignificant as a threshold 

parameter in the HOPIT model. At the same time, the variable produces a statistically 

10 It is important to note that changes in the threshold values result in subsequent changes in the determination 
of the ordered injury-severity outcomes (defined by the thresholds) . As shown in Washington et al. (2011), 
the threshold µo is set to O without loss of generality; thus, any change in threshold values affects the three 
more severe outcomes (injury, serious injury, and fatality). For this reason, the no-injury-related indirect 
marginal effects for both threshold-specific variables (i.e., winter months, and poor roadway surface 
condition) are equal to zero. 

11 Note that the hierarchical ordered models include as well the parameters affecting the thresholds, and the 
same explanatory variables were also used for the determination of the latter. 
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significant threshold parameter m the random thresholds random parameters HOPIT 

model. 12 

Moving to the effect of the explanatory variables on injury-severity outcome 

probabilities, Tables 6.10 - 6.13 shows that the marginal effects of the random thresholds 

random parameters HOPIT model bear some differences - in sign and magnitude - when 

compared with those of its model counterparts. For example, the out-of-control vehicle 

indicator in the random thresholds random parameters HOPIT model is found to increase 

(by 0.159, as indicated by the marginal effect) the no-injury outcome probability, and to 

decrease the injury, serious injury, and fatality outcome probabilities (by -0.140, -0.012, 

and -0.006, respectively). The same variable is found to have the opposite effect for the 

other three models - it decreases the no-injury outcome probability, and increases the 

injury and serious injury outcome probabilities (the effect on the fatal injury probability is 

practically zero). The variable also results in a statistically significant random parameter 

in the random thresholds random parameters HOPIT model. This is important, as the effect 

ofout-of-control vehicles on injury-severity outcomes is not assumed to be the same across 

observations, and likely explains the difference in sign between the random thresholds 

random parameters HOPIT model and its three model counterparts. Furthermore, the 

pedestrian involvement indicator mostly increases the fatality outcome probability in the 

fixed-parameters ordered probit and in the HOPIT models (by 0.432 and 0.399, 

12 To further evaluate the random thresholds random parameters HOPIT model, it should be noted that best 
model specifications for each of its model counterparts were also explored. No significant model fit 
improvements were noted, and none of the best specified model counterparts was found to statistically 
outperform the random thresholds random parameters HOPIT model. 
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respectively), and it mostly increases (by 0.481) the serious injury outcome probability in 

the random parameters model; whereas, it mostly increases (by 0.893 the injury outcome 

probability in the random thresholds random parameters HOPIT model. 

In regard to the threshold parameters, Tables 6.11 and 6.13 shows that the random 

thresholds random parameters HOPIT model provides indirect marginal effects of 

substantial magnitude for the three higher injury-severity levels ( with µo set to zero), as 

opposed to the conventional HOPIT model providing non-zero marginal effects only for 

the injury and serious injury outcomes. For example, the thresholds parameters (winter 

months and poor surface conditions indicators) decrease the fatality outcome probability 

in the random thresholds random parameters HOPIT model (by -0.002 and -0.004, 

respectively), whereas the corresponding marginal effects for the fatality outcome in the 

conventional HO PIT model are practically zero. These findings can possibly be attributed 

to the random thresholds feature (through the intercepts ofµ1 andµ 2 that operate as random 

parameters) of the random thresholds random parameters HOPIT model. 

(d ,J Model Evaluation 

The four model specifications are compared in terms of overall statistical fit, 

through the use of likelihood ratio tests. The likelihood ratio test statistic is as follows 

(Washington et al. , 2011): 

z 2 =-2[LL(P,. )-LL(PJ] (32) 

where, LL(Pu) is the log-likelihood at convergence of the unrestricted model (i.e., the 

random thresholds random parameters HOPIT model), and LL(~r) is the log-likelihood at 
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convergence of the restricted model (i.e., the HO PIT, or the fixed or random parameters 

ordered prob it models) . The test statistic is chi-squared distributed with degrees offreedom 

equal to the difference in the number ofparameters between the unrestricted and restricted 

models . The likelihood ratio test results are presented in Table 6.15 , and show the 

statistical superiority ( at a 99% or greater level of confidence) of the random thresholds 

random parameters HOPIT, as compared to its three model counterparts. 

Table 6.15 Results of the likelihood ratio tests for the competitive ordered pro bit models 

Degrees of 
freedom 

Level of 
confidence (1.o .c.) 

Computed ( from 
Eq. 31)r 

Criticali (at 0.99 
1.o.c.) 

Statistically 
superior model: 

Random 
thresholds 

random 
parameters 

HOPIT model vs. 
HOPITmodel 

9 

0.99 

91.487 

21.666 

Random 
parameters random 
thresholds HOPIT 

model 

Random thresholds 
random parameters 
HOPIT model vs. 

Random parameters 
ordered probit model 

4 

0.99 

43 .669 

13.277 

Random parameters 
random thresholds 

HOPITmodel 

Random 
thresholds random 
parameters HOPIT 

model vs. Fixed 
parameters 

ordered probit 
model 

11 

0.99 

100.064 

24.725 

Random 
parameters random 
thresholds HOPIT 

model 

Table 6.16 shows that the random thresholds random parameters HOPIT model is 

also found to provide the best overall statistical fit (in comparison to its model 

counterparts), as indicated by the McFadden pseudo-R2
, the corrected McFadden pseudo-
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R2 (which is adjusted for the number of explanatory parameters), the Akaike Information 

Criterion (AIC), and the Bayesian Information Criterion (BIC). 13 

Table 6.16 Goodness-of-fit measures of the competitive ordered probit models 

Fixed Hierarchic Random Random 
parameters al ordered parameters thresholds 

ordered probit ordered random 
probit (HOPIT) probit parameters 
model model model HOPITmodel 

Number of parameters 16 18 23 27 
McFadden pseudo-R2 0.082 0.083 0.091 0.099 
Corrected McFadden 

pseudo-R2 0.076 0.077 0.083 0.089 

Akaike information 
criterion (AIC) 

5475.500 5470.900 5433.100 5397.400 

Bayesian information 
criterion (BIC) 

5578.023 5586.269 5580.504 5570.478 

To assess the forecasting accuracy of the competitive models, the model-predicted 

injury-severity outcomes are computed and counter-imposed against the observed 

outcomes. For each observation, the predicted outcome is derived on the basis of the 

highest resulting probability among the four injury-severity outcomes. Note that for the 

computation of the predicted probabilities under the two random parameter approaches, 

the averaged - across all observations - ps of the random parameters were used, including 

the intercept terms ( also random parameters) for the observation-specific thresholds. 14 

13 The McFadden pseudo-R2 = 1 - [LL(f3) I LL(O)], whereas the corrected (for the number of the model 
parameters) McFadden pseudo-R2 = 1 - [(LL(f3) - K) I LL(O)] , where, LL(f3) is the log-likelihood at 
convergence, LL(O) is the restricted log likelihood, and K is the number of estimable parameters. The 
Akaike Information Criterion, AIC = 2K - 2LL(f3), and the Bayesian Information Criterion, BIC = - 2LL(f3) 
+ Kln(N), where N is the number of observations, and all other terms as previously defined. Note that 
lower values of the AIC and BIC indicate better statistical fit. 

14 Due to a limitation of the statistical package used for model estimation, the individual f3s of the random 
parameters and the individual-specific thresholds could not be acquired for the random thresholds random 

https://thresholds.14
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Table 6.17 provides a comparison of the observed and predicted outcomes by 

injury-severity level, along with the percentage of correct predictions ( defined as the 

number ofcorrectly predicted outcomes for each injury-severity outcome, divided with the 

number of observed outcomes). 15 The Table shows that the random thresholds random 

parameters HO PIT model yields the highest percentages of correct predictions for the no

injury and serious injury outcomes (96.85% and 12.73%, respectively), whereas it provides 

similar results with its model counterparts for the injury and fatality outcomes ( 17.20% and 

0%, respectively, by the random thresholds random parameters HOP IT model; 15. 7 4 % and 

0%, respectively for the HOPIT model; and 17.91 % and 0%, respectively, for the other two 

models). It should be noted that none of the estimated models produces accurate forecasts 

( as defined above) for the fatality outcome, which is likely due to the small number of 

fatalities in the dataset (only 21 cases among 4,495 observations). 

parameters HOPIT model. In fact, past research (Anastasopoulos, 2016; Fountas et al. , 2018a) has shown 
that using the individual f3s will significantly improve forecasting accuracy. To that end, the evaluation of 
the forecasting accuracy of the random thresholds random parameters HO PIT model, on the basis of the 
individual f3s and the individual-specific threshold parameters, constitutes a possible direction for further 
work. 

15 Note that the predicted outcomes are derived in terms of the highest computed probability among the four 
injury severity outcomes. In words, the injury-severity outcome that yields the highest probability is 
considered as the predicted outcome (the other predicted injury-severity outcomes are thus considered to 
have a zero probability). 



Table 6.17 Observed vs. model-predicted outcomes (in terms of the highest computed injury-severity outcome probability) for the 
four competitive models. 

Random thresholds 
Fixed parameters Hierarchical ordered Random parameters 

random parameters 
ordered probit model probit (HOPIT) model ordered probit model 

HOPITmodel 
Observed Predicted Correct Predicted Correct Predicted Correct Predicted Correct 

Injury- outcomes outcomes predictions outcomes predictions outcomes predictions outcomes predictions 
severity (% of (% of (% of (% of 

outcomes correct correct correct correct 
predictions) predictions) predictions) predictions) 

No injury 3269 4016 3048 4100 3088 4045 3058 4161 3166 
(93.24%) (94.46%) (93.55%) (96.85%) 

Injury 1150 386 206 379 181 436 206 319 198 
(17.91%) (15.74%) (17.91%) (17.20%) 

Serious 55 0 0 16 5 14 5 15 7 
IIlJUry (0.00%) (9.09%) (9.09%) (12.73%) 

Fatality 21 l 0 0 0 0 0 0 0 
(0.00%) (0.00%) (0.00%) (0.00%) 

...... 
v-, 
0 
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To shed more light on the prediction performance of the competitive models, the 

average predicted probabilities of the observed outcomes are also computed ( defined as the 

summation of the computed outcome probabilities for each specific injury-severity 

outcome, divided by the number of observed outcomes within the corresponding injury

severity outcome ). 16 Table 6.18 presents the computed probabilities for the four competitive 

models, and shows that the inferences are consistent with the previous forecasting accuracy 

approach. Specifically, the random thresholds random parameters HO PIT model yields the 

greatest odds of correct predictions - in terms of the average predicted probability of the 

observed outcomes within each injury-severity outcome - for nearly all injury-severity 

outcomes: no-injury, injury, serious injury, and fatality (0.904, 0.323 , 0.101 , and 0.078, 

respectively, by the random thresholds random parameters HOPIT model; 0.870, 0.263 , 

0.081 , and 0.069, respectively, for the random parameters ordered probit model; 0.756, 

0.318, 0.095 , and 0.063 , respectively, for the HOPIT model; and 0.744, 0.331 , 0.050, and 

0.085 , respectively, for the fixed parameters ordered probit model). 

The forecasting accuracy results are further supported by the models ' prediction 

deviations, presented in Figure 6.1. Specifically, the prediction deviations are illustrated in 

terms of the number of under- or over-estimated injury-severity levels predicted with each 

model and compared with the observed outcomes. 

16 For example, the computed outcome probabilities for no-injury are aggregated, and then divided by the 
number of no-injury crashes. 
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Table 6.18 Odds of correct predictions (in terms of the average computed probability for 
each injury-severity outcome) for the four competitive models. 

Injury-
severity 

outcomes 

Fixed 
parameters 

ordered 
probit model 

(Odds of 

Hierarchical 
ordered probit 

(HOPIT) 
model 

(Odds of 

Random 
parameters 

ordered probit 
model 

(Odds of 

Random 
thresholds 

random 
parameters 

HOPITmodel 
(Odds of 

correct correct correct correct 
predictions3 

) predictions3 
) predictions3 

) predictions3 
) 

No injury 0.744 0.756 0.870 0.904 
Injury 0.331 0.318 0.263 0.323 

Serious injury 0.050 0.095 0.081 0.101 
Fatality 0.085 0.063 0.069 0.078 

a Computed as the summation of outcome probabilities for a specific injury-severity outcome, divided with 
the number of observations for that injury-severity outcome. 

■ Correctly predicted outcomes ■ Deviation by 1 level ■ Deviation by 2 or more levels 

80.00 74.99 
72.75 

70.00 

,,...._ 1111 
~ 60.00 
'-' 

"' = 0 
'.C 50.00 I... ~ 
I-, 
Q; 

"' -g 40.00 
.... 
0 
Q; Igf 30.00-= Q; 
CJ 

~ 20.00 
~ 

10.00 
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RTRPHOPIT HOPIT RPOP FPOP 

RTRPHOPIT: Random thresholds random parameters HOPIT; HOPIT: Hierarchical ordered probit; RPOP: 
Random parameters ordered probit; FPOP: Fixed parameters ordered probit. 

Figure 6.1 Prediction deviations by number of under- or over-estimated severity levels. 
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For example, Figure 6.1 shows that the random thresholds random parameters 

HOPIT model correctly predicts 74.99% of the observed injury-severity outcomes, as 

compared to its model counterparts that have a lower forecasting accuracy. At the same 

time, the random thresholds random parameters HOPIT model under- or over-estimates 

the predicted outcomes by one injury-severity level by 23.74%, which is the lowest 

deviation as compared to its model counterparts (25.96% by the HOPIT, 26.03% by the 

random parameters ordered probit, and 25.96% by the fixed parameters ordered probit). In 

addition, the random thresholds random parameters HO PIT model under- or over-estimates 

the predicted outcomes by two or more injury-severity levels by 1.18%, which is also the 

lowest deviation as compared to its model counterparts (1.20% by the HOPIT, 1.22% by 

the random parameters ordered probit, and 1.25% by the fixed parameters ordered probit). 

The models ' forecasting accuracy is further assessed on the basis of measured 

errors, defined by the numerical difference between the observed and the model-predicted 

outcomes (provided that each outcome is represented by a numerical value). This 

procedure differs from the conventional measured error approach (for example, see 

Anastasopoulos et al. , 2011), since the former considers outcomes instead ofprobabilities; 

however, this approach can still provide significant insights, particularly with respect to 

the magnitude of the prediction error. In this context, five measures are employed: mean 

absolute deviation (MAD); sum of squared errors (SSE); mean squared errors (MSE); root 

mean squared errors (RMSE); and standard deviation oferrors (SDE). Table 6.19 provides 

the definitions for these measures, along with their computed values for the competitive 

models. Table supports the previous findings regarding the statistical superiority (in terms 
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of model fit, explanatory power, and forecasting accuracy) of the random thresholds 

random parameters HO PIT model, as compared to its model counterparts - it produces the 

lowest values (note that lower values in the accuracy measures reflect more accurate 

forecasts) for all measures, as compared to its model counterparts, reflecting an average of 

8% error reduction ( computed across all measures). 

It is worth mentioning that all accuracy measures result in values of approximately 

the same magnitude for the three model counterparts of the random thresholds random 

parameters HO PIT model. This is an indication of the benefits - in terms of model fit and 

forecasting accuracy - of the latter, due to its threshold features (i.e. , thresholds that vary 

across observations, and are simultaneously determined by explanatory parameters), and 

further supports the findings from Figure 6.1 . 
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Table 6.19 Measures of accuracy for the competitive ordered probit models . 

Fixed 
parameters 

ordered 
probit 
model 

Mean absolute deviation 
(MAD)3'b 

n 0.287 Ilsil 
MAD=.i::.!....__ 

n 
Sum of squared error (SSE)3 

2 1446 
SSE =I ~=l G; 

Mean squared error (MSE)3· b I n i=l E 2 
0.322 MSE= I 

n 

Root mean squared error 
(RMSE)3'b 

0.567 
RMSE ~ JL:~, r.,' 

Standard deviation of errors 
(SDE)3' b 

,L ,, 2 0.567 
SDE= i=l B' 

' n-l 
a£; = (observed outcome) - (model-predicted outcome) 
b n = number of observations. 

Hierarchical 
ordered 
probit 

(HOPIT) 
model 

0.287 

1448 

0.322 

0.568 

0.568 

Random 
parameters 

ordered 
probit 
model 

0.287 

1445 

0.321 

0.567 

0.567 

Random 
thresholds 

random 
parameters 

HOPIT 
model 

0.264 

1330 

0.296 

0.514 

0.544 
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6.4 Segment-Based and Accident-Based Latent Class Ordered Probit Model Estimation 

Results 

The injury-severity analysis of this section uses stationary (non-time-varying) and 

time-varying data elements, to study the factors that affect injury-severities of single

vehicle accidents. Specifically, segment- and accident-based latent class ordered probit 

models with class probability functions are estimated. Furthermore, their lower-order 

model counterparts (i.e. , segment- and accident-based latent class latent class ordered 

probit models with fixed class probabilities) are also estimated. Using goodness-of-fit and 

forecasting accuracy measures, the segment- and accident-based approaches are compared. 

The comparative evaluation between the two modeling approaches shows that the segment

based approach provides better overall statistical fit. Furthermore, the forecasting accuracy 

ofboth approaches is explored demonstrating forecasting accuracy benefits ofthe segment

based approach. 

(J.4_ I Empirical Setting and Descriptive Statistics 

The presence of missing information, especially with regard to the time-varying 

weather and pavement condition variables, led to a reduction in the size of the initial 

database for the injury-severity analysis. With this, a total of 824 homogeneous highway 

segments (with one or more accident occurrences during the study period) of varying 

lengths ranging from 0.02 miles to 2.79 miles (with mean segment length equal to 0.44 

miles and standard deviation equal to 0.49 miles) are included in the final sample dataset. 

Of the accident observations considered for the estimation of both models (1 ,988 for the 

segment-based model and 1,990 for the accident-based model), the most severely injured 
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vehicle occupant resulted in 72.5% of accident observations with no-injury (including 

property-damage-only and possible injury outcomes), 25.4% with injury, 1.6% with 

serious injury, and 0.5% with fatality. Due to the large-scale nature of the available dataset, 

Table 6.20 presents descriptive statistics of key variables (those that were found to be 

statistically significant determinants of the injury-severity outcomes in the empirical 

analysis) . 
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Table 6.20 Descriptive statistics of key variables (included in the segment- and accident-
based latent class ordered probit models) 

Variable descri~tion 
Roadway geometry characteristics 

Vertical curve length indicator (1 if a 
vertical curve is present and the curve 
length is more than 600 feet, 0 
otherwise) 

Shoulder width indicator (1 if shoulder 
width is greater than 7. 5 feet, 0 
otherwise) 

Traffic characteristics 
Annual Average daily traffic (AADT) 

per lane Indicator ( 1 if AADT per lane 
is less than 7,920 vehicles per day, 0 
otherwise) 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the driver 

was under the influence of alcohol or 
drugs, 0 otherwise) 

Restraints use indicator (1 if the driver 
does not use any restraint, 0 otherwise) 

Driver's consciousness indicator (1 if the 
driver was apparently asleep, ill or 
fatigued, 0 otherwise) 

Age and gender indicator (1 if the driver 
is male, younger than 38 years old, 0 
otherwise) 

Vehicle-specific characteristics 
Vehicle type and age indicator (1 if 

passenger car less than 15 years old, 0 
otherwise) 

Vehicle condition indicator (1 if the 
vehicle had not any defect before the 
accident, 0 otherwise) 

Accident-specific characteristics 
Speed excess indicator (1 if vehicle's 

speed exceeds a reasonable safe level 
or the speed limit, 0 otherwise) 

Animal indicator (1 if an animal was 
involved in the accident, 0 otherwise) 

Towed Vehicle Indicator (1 if towed, 0 
otherwise) 

Mean or% 

42 .71% 

51.00% 

15 .10% 

9.66% 

2.36% 

6.37% 

37.00% 

42 .05% 

90.54% 

40.14% 

4.13% 

64.44% 

Minimum Maximum 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 

0 1 
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Variable descri~tion Mean or% Minimum Maximum 
Airbag Deployment Indicator (1 if airbag 

22 .59% 0 1
deployed, 0 otherwise) 

Month of the crash indicator (1 if the 
accident occurred after December 31st 39.24% 0 1 
and before April 1st, 0 otherwise) 

Location-Specific characteristics 
Pierce county indicator ( 1 if the accident 

occurred in the Pierce county, 0 21.08% 0 1 
otherwise) 

Environmental characteristics 
Relative humidity indicator in t-30 

minutes (1 if humidity is greater than 80.28% 0 1 
70%, 0 otherwise) 

Ice thickness or water depth indicator in 
t-30 minutes (1 if the ice thickness or 

13.23% 0 1
water depth is greater than 0.3 mm, 0 
otherwise) 

Lighting conditions indicator (1 if the 
accident occurred in dark conditions, 

30.10% 0 1
with the street lights in operation, 0 
otherwise) 

Latent class probability variables 
Access control indicator (1 if access 

control is enforced in the highway 91.65% 0 1 
segment, 0 otherwise) 

Segment length indicator (1 if segment 
length is greater than 0.6 miles, 0 20.91 % 0 1 
otherwise) 

Intersection indicator ( 1 if the accident 
9.56% 0 1

occurred at intersection, 0 otherwise) 
Vehicle type indicator ( 1 if truck, 0 

35 .17% 0 1
otherwise) 
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(J-4.2 Model Estimation Results 

To assess the statistical performance of the estimated latent class ordered probit 

model with class-probability functions , conventional latent class ordered probit models 

with fixed classed probabilities are also estimated and assessed for both segment- and 

accident-based modeling approaches. Tables 6.21 and 6.22 present the model estimation 

results for the segment- and accident- based latent class ordered probit models with their 

fully specified class-probability functions, and for their conventional latent class ordered 

probit counterpart, respectively. Note that the presented latent class approaches reflect 

hierarchical structures in accordance with the extent of heterogeneity being captured; for 

the segment-based model, the first approach combines group effects and unobserved 

heterogeneity, and the grouped latent class ordered probit model with class-probability 

functions simultaneously accounts for group effects, unobserved heterogeneity, and class 

assignment heterogeneity. The difference between the two sets of models is that the 

accident-based models do not account for group effects ( that is, although accidents may be 

from the same highway segment, they are viewed as independent). In line with past 

research (Shaheed and Gkritza, 2014; Behnood et al. , 2014, Behnood and Mannering, 

2016), for all models, two latent classes were found to be statistically significant and were 

thus used for model estimation. 17 

17 Note that latent class models with more than two latent classes were also estimated. However, the use of 
more than two latent classes resulted in statistically insignificant parameters and in inferior statistical fit 
(in terms of goodness-of fit measures and likelihood ratio tests) . 



Table 6.21 Estimation results of the segment-based latent class ordered pro bit models. 

Segment-based grouped latent 
Segment-based grouped 

class ordered probit model 
latent class ordered probit 

with class-probability 
model 

functions 
Latent class 1 Latent class 2 Latent class 1 Latent class 2 
Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat 

Constant 0.058 0.2 -2.507 -4.95 -0.178 -0.76 -3.037 -4.30 
Roadway geometry characteristics 

Vertical curve length indicator ( 1 if a vertical curve is 
present and the curve length is more than 600 feet, 0 0.188 1.39 0.217 1.62 0.291 2.54 0.086 0.52 
otherwise? 

Shoulder width indicator (1 if shoulder width is 
-0.608 -3.98 0.195 1.45 -0.472 -3.82 0.268 1.60

greater than 7 .5 feet, 0 otherwise) 
Traffic characteristics 

Annual Average Daily Traffic (AADT) per lane 
Indicator (1 if AADT per lane is less than 7,920 -0.128 -0.62 0.419 2.27 -0.075 -0.47 0.560 2.41 
vehicles per day, 0 otherwise? 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the driver was under the 

0.195 0.99 0.638 2.66 0.239 1.39 0.657 2.20
influence of alcohol or drugs, 0 otherwise) 

Restraints use indicator (1 if the driver does not use 
0.608 1.93 1.340 4.12 0.637 2.26 1.444 3.45

any restraint, 0 otherwise) 
Vehicle-specific characteristics 

Vehicle type and age indicator (1 if passenger car less 
0.186 1.39 -0.107 -0.85 0.231 1.97 -0.256 -1.65

than 15 years old, 0 otherwise) 
Vehicle condition indicator (1 if the vehicle had not 

-0.129 -0.57 1.089 2.58 -0.122 -0.66 1.517 2.51
any defect before the accident, 0 otherwise) 

Accident-specific characteristics 
Speed excess indicator (1 if vehicle's speed exceeds a 

-0.831 -3.89 0.399 2.66 -0.548 -3.61 0.353 2.07
reasonable safe level or the speed limit, 0 otherwise) 

Animal indicator (1 if an animal was involved in the 
-1.410 -2.39 -0.729 -2.01 -1.085 -2.52 -0.950 -2.11

accident, 0 otherwise) 
...... 
...... °' 



Segment-based grouped latent 
Segment-based grouped 

class ordered probit model 
latent class ordered probit 

with class-probability 
model 

functions 
Latent class 1 Latent class 2 Latent class 1 Latent class 2 
Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat 

Towed Vehicle Indicator (1 if towed, 0 otherwise) -0.049 -0.36 0.511 3.47 -0.048 -0.42 0.697 3.87 
Airbag Deployment Indicator ( 1 if airbag deployed, 0 

0.339 2.05 1.081 6.77 0.488 3.5 1.040 5.53
otherwise) 

Month of the crash indicator (1 if the accident 
occurred after December 31st and before April 1st, 0 0.242 1.51 -0.538 -3.98 0.110 0.88 -0.544 -3.45 
otherwise) 

Location-Specific characteristics 
Pierce county indicator (1 if the accident occurred in 

-0.615 -3.02 0.183 1.12 -0.388 -2.57 0.097 0.49
the Pierce county, 0 otherwise) 

Environmental characteristics 
Relative humidity indicator in t-30 minutes (1 if 

-0.398 -2.19 0.161 0.93 -0.398 -2.78 0.321 1.39
humidity is greater than 70%, 0 otherwise) 

Ice thickness or water depth indicator in t-30 minutes 
(1 if the ice thickness or water depth is greater than 0.256 1.34 -0.766 -3.17 0.088 0.56 -0.795 -2.72 
0.3 mm, 0 otherwise) 

Threshold parameters 
µ] 1.482 10.95 2.138 12.3 1.439 13.22 2.275 10.34 
µ2 2.002 11.48 2.889 10.3 1.892 12.95 3.388 5.24 

Class probability function explanatory variables 
Constant -- -- -- -- 3.124 1.79 
Access control indicator (1 if access control is 

-- -- -- -- -2.760 -1.66
enforced in the highway segment, 0 otherwise) 

Segment length indicator (1 if segment length is 
-- -- -- -- -0.999 -2.18

greater than 0.6 miles, 0 otherwise) 
Average class probabilityc 

Latent class 1 0.479 0.593 
Latent class 2 0.521 0.407 

...... 
0\ 
N 



Segment-based grouped 
latent class ordered probit 

model 

Segment-based grouped latent 
class ordered probit model 

with class-probability 
functions 

Latent class 1 Latent class 2 Latent class 1 Latent class 2 
Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat 

Number of observations 1988 1988 
Log-Likelihood at zero, LL(0) -1340.821 -1340.821 
Log-Likelihood at convergence, LL(I}) -1188.093 -1183.863 
McFadden pseudo-R2 0.114 0.117 
AICd 2450.200 2445.700 
AICce 2451.642 2447.302 

a The specific value represents an approximation of the median of the variable's distribution. 

b The specific value represents approximation of the 15th percentile of the variable's distribution. 
c For the grouped latent class ordered probit model, the average class probabilities constitute model's estimable parameters, whereas for the grouped latent 
ordered probit model with class-probability functions, the average class probabilities are derived as the average of the segment-specific class probabilities, on 
the basis of the estimable class probabilities parameters. 
d The Ak:aike Information Criterion (AIC) is computed as: AIC = 2[K - LL(P)], where, K is the number of estimable parameters. 
e The Akaike Information Criterion with correction for the number of observations (AICc) used in model estimation is defined as: AICc=AIC+2K(K + 1 )/(N

K-1 ), where N denotes the number of observations and all other terms as previously defined. 

...... 
0\ 
\.;..) 



Table 6.22 Estimation results for the accident-based latent class ordered probit models 

Constant 
Roadway geometry characteristics 

Vertical curve length indicator (1 if a vertical 
curve is present and the curve length is 
more than 600 feet, 0 otherwise? 

Shoulder width indicator (1 if shoulder width 
is greater than 7.5 feet, 0 otherwise) 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the driver was 

under the influence of alcohol or drugs, 0 
otherwise) 

Restraints use indicator (1 if the driver does 
not use any restraint, 0 otherwise) 

Driver's consciousness indicator (1 if the 
driver was apparently asleep, ill or 
fatigued, 0 otherwise) 

Age and gender indicator (1 if the driver is 
male, younger than 38 years old, 0 
otherwise) 

Accident-specific characteristics 
Towed Vehicle Indicator (1 if towed, 0 

otherwise) 
Airbag Deployment Indicator (1 if airbag 

deployed, 0 otherwise) 
Month of the crash indicator (1 if the 

accident occurred after December 31st and 
before April 1st, 0 otherwise) 

Accident-based latent class 
ordered probit model 

Latent class 1 Latent class 2 
Coeff. t-stat Coeff. t-stat 
-0.926 -9.74 -0.245 -0.15 

0.172 2.44 4.251 2.08 

-0.154 -2.24 -2.743 -1.94 

0.534 4.65 2.939 2.28 

1.088 4.86 6.761 1.4 

0.509 3.81 -6.959 -0.61 

-0.164 -2.24 2.512 1.3 

0.267 3.52 -0.959 -1.34 

0.890 10.26 -13.222 -1.17 

-0.123 -1.7 -1.890 -2.21 

Accident-based latent class 
ordered probit model with class-

~robabilit~ functions 
Latent class 1 Latent class 2 

Coeff. t-stat Coeff. t-stat 
-0.962 -10.06 0.244 0.20 

0.170 2.34 3.782 2.15 

-0.145 -2.06 -2.559 -2.03 

0.552 4.78 2.751 2.38 

1.081 4.89 6.071 1.51 

0.541 3.98 -7.185 -0.57 

-0.169 -2.25 2.528 1.59 

0.273 3.52 -0.838 -1.22 

0.916 10.31 -10.746 -1.08 

-0.126 -1.71 -1.582 -2.07 

...... 
0\ 
.+::,. 



Location-Specific Characteristics 
Pierce county indicator ( 1 if the accident 

occurred in the Pierce county, 0 otherwise) 
Environmental Characteristics 

Ice thickness or water depth indicator in t-30 
minutes (1 if the ice thickness or water 
depth is greater than 0.3 mm, 0 otherwise) 

Lighting conditions indicator (1 if the 
accident occurred in dark conditions, with 
the street lights in operation, 0 otherwise) 

Threshold parameters 
µl 
µ2 

Class probability function explanatory 
variables 

Constant 
Intersection indicator (1 if the accident 

occurred at intersection, 0 otherwise) 
Vehicle type indicator ( 1 if truck, 0 

otherwise} 
Average class probabilityb 

Latent class 1 
Latent class 2 
Number of observations 
Log-Likelihood at zero, LL(0) 
Log-Likelihood at convergence, LL(P) 
McFadden pseudo-R2 

AICc 

Accident-based latent class 
ordered probit model 

Latent class 1 Latent class 2 
Coeff. t-stat Coeff. t-stat 

-0.209 -2.29 1.361 1.61 

-0.322 -2.78 3.629 1.31 

-0.220 -2.69 1.083 1.33 

2.010 18.37 2.847 1.51 
2.710 13.54 5.532 1.83 

0.946 
0.054 
1990 

-1341.463 
-1193.996 

0.110 
2449.992 

Accident-based latent class 
ordered probit model with class

probability functions 
Latent class 1 Latent class 2 

Coeff. t-stat Coeff. t-stat 

-0.203 -2.18 1.301 1.73 

-0.321 -2.69 3.296 1.44 

-0.227 -2.71 1.123 1.56 

1.996 18.29 3.537 2.04 
2.703 13.53 5.761 2.12 

3.196 9.15 

-1.036 -1.88 

-0.759 -1.79 

0.944 
0.056 
1990 

-1341.463 
-1190.941 

0.112 
2447.882 

...... 
0\ 
v-, 



Accident-based latent class 
ordered probit model 

Accident-based latent class 
ordered probit model with class

probability functions 
Latent class 1 Latent class 2 Latent class 1 Latent class 2 
Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat 

AICcd 2451.005 2449.029 
a The specific value represents an approximation of the median of the variable's distribution. 
b For the latent class ordered probit model, the average class probabilities constitute model's estimable parameters, whereas for the latent class ordered probit 
model with class-probability functions, the average class probabilities are derived as the average of the class probabilities, on the basis of the estimable class 
probabilities parameters. 
c The Akaike Information Criterion (AIC) is computed as: AIC = 2[K - LL(P)], where, K is the number of estimable parameters. 
d The Akaike Information Criterion with correction for the number of observations (AICc) used in model estimation is defined as: AICc=AIC+2K(K + 1 )/(N
K-1 ), where N denotes the number of observations and all other terms as previously defined. 

...... 
°' °' 



167 

6.4.2.1 Evaluation oflatent class models: Fixed versus class-probability functions 

Prior to the comparison between the segment- and accident-based models, the latent 

class model with class-probability functions is compared to its latent class counterpart with 

fixed class probabilities, in terms of explanatory power and statistical fit. Note that, for 

both modeling approaches (segment- and accident-based), the two competitive latent class 

models are estimated with exactly the same parameters and number of latent classes. 

Table 6.21 shows that, under the segment-based approach, the grouped latent class 

model with class-probability functions has the potential to unmask effects that remain 

unobserved in its lower-order counterpart. Specifically two variables, the vertical curve 

length indicator, and the indicator reflecting passenger cars with age less than 15 years, 

result in statistically significant parameters (in either one or both latent classes) only in the 

grouped latent class with class-probability-function model. Their corresponding effect in 

the conventional latent class model is found to be statistically insignificant. Special 

consideration should be given to the variable representing passenger cars with age less than 

15 years old. This is because the introduction of class-probability functions not only result 

in statistically significant parameters, but also the effect of the latter varies considerably 

across the latent classes. 

Furthermore, allowing for class probabilities to vary as a function of highway 

segment-specific variables, results in notable fluctuations in the average class probabilities. 

More specifically, under the grouped latent class model with class-probability functions in 
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the segment-based approach, a highway segment is more likely to belong in the first latent 

class (the average class probability is 0.593 , as shown in Table 6.21 ). In contrast, with the 

conventional latent class counterpart, the first latent class is the less likely to occur ( the 

average class probability is 0.479). Such fluctuations in the average class probabilities are 

not observed in the accident-based approach, because the latent class model with class

probability functions and its model counterpart yield similar average class probabilities, 

with the first latent class being identified as the most likely (the average class probability 

is 0.946 and 0.944, respectively, as shown in Table 6.22). 

To assess the statistical performance of the two competing latent class models, 

likelihood ratio tests were conducted, within each modeling approach. Specifically, the 

likelihood ratio test statistic 1s defined as (Washington et al. , 2011): 

(33) 

where, LL(f3zc1 ) and LL(f3,c
2

) are the log-likelihood functions at convergence of the latent 

class models with fixed and class-probability functions, respectively. The test statistic 

follows a chi-square distribution, and is defined by degrees of freedom equal to the 

difference in the number of estimable parameters between the competitive models . The 

results of the likelihood ratio tests are presented in Table 6.23 , and support the statistical 

superiority of the latent class models that relax the fixed class probabilities restriction. In 

fact, the grouped latent class ordered probit model is found to statistically outperform its 

model counterpart, with greater than 95% level of confidence, for both modeling 

approaches. 
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Table 6.23 Likelihood ratio test results among the alternate latent class models 

Segment-based approach Accident-based approach 
Grouped latent class ordered 

probit model with class-
probability functions vs. 

grouped latent class ordered 
probit model with fixed class 

~robabilities 

Latent class ordered probit 
model with class-probability 

functions vs. Latent class 
ordered probit model with 

fixed class probabilities 

Degrees of 
Freedom 

2 2 

Level of 
confidence 

0.95 0.95 

Resultingr 8.460 6.110 
Criticali 5.992 5.992 

Statistically 
Superior Model 

Grouped latent class ordered 
probit model with class-

probability functions 

Latent class ordered probit 
model with class-probability 

functions 

To further investigate the statistical performance of the latent class ordered probit 

model with class-probability functions relative to its conventional counterpart, a number 

of goodness-of-fit measures are computed: the McFadden pseudo-R2
, the Akaike 

Information Criterion (AIC), and the corrected Akaike Information Criterion (AICc) that 

jointly accounts for the number of estimable parameters and the sample size. Note that 

higher values of the McFadden pseudo-R2
, and lower values of the Akaike Information 

Criteria imply better statistical fit. The computed values of these measures (presented in 

Tables 6.21 and 6.22 , for the segment- and accident-based models, respectively) support 

the results of the likelihood ratio tests and demonstrate the statistical superiority of the 

latent class ordered probit model with class-probability functions . With the latent class 

model with class-probability functions shown to be statistically superior to its lower-order 

counterpart, Table 6.24 provides the averaged ( over all observations) marginal effects of 

the variables included in the former model, for both segment- and accident-based 
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approaches. Table 6.25 presents the distributional effect of the explanatory variables 

across the two latent classes, based on the use of the post-estimation individual ps (see 

relevant discussion in section 6.4.4), for both modeling approaches. 

6.4.2.2 Evaluation of Segment-Based Versus Accident-Based Models 

On the basis that the latent class models with unrestricted class probabilities are 

statistically superior to their latent class counterparts with fixed class probabilities, the 

comparative evaluation of the segment- and accident-based approaches will be conducted 

using the findings from the former model specifications only. 

Turning to the specific estimation results, the injury-severity outcome probabilities, 

in the segment- and accident-based models, are found to be determined by highway 

segment-specific characteristics (roadway geometrics, traffic characteristics, location

specific characteristics), accident-specific characteristics ( driver-specific, vehicle-specific, 

and collision-specific characteristics), and weather and pavement surface conditions. Note 

that all the aforementioned characteristics yield statistically significant parameters - either 

in one or both latent classes - at 0.90 level of confidence. On the other hand, the class 

probabilities are found to be determined by a constant term and segment-specific (for the 

segment-based model) or accident-specific (for the accident-based model) variables. 
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Table 6.24 Marginal effects of the explanatory variables for the segment- and accident-based latent class ordered pro bit models with 
class-probability functions . 

Roadway geometrics 
Vertical curve length indicator ( 1 if a 
vertical curve is present and the curve 
length is more than 600 feet, 0 otherwise) 
Shoulder width indicator (1 if shoulder 
width is greater than 7.5 feet, 0 otherwise) 

Traffic characteristics 
Annual Average daily traffic (AADT) per 
lane Indicator (1 if AADT per lane is less 
than 7,920 vehicles per day, 0 otherwise) 

Driver-specific characteristics 
Alcohol/Drugs indicator (1 if the driver was 
under the influence of alcohol or drugs, 0 
otherwise) 
Restraints use indicator (1 if the driver does 
not use any restraint, 0 otherwise) 
Driver's consciousness indicator (1 if the 
driver was apparently asleep, ill or fatigued, 
0 otherwise) 
Age and gender indicator (if the driver is 
male, younger than 38 years old, 0 
otherwise) 

Vehicle-specific characteristics 
Vehicle type and age indicator (1 if 
passenger car less than 15 years old, 0 
otherwise) 

Segment-based grouped latent class 
ordered probit model with class-

~robabilitr functions 
NP INJb SJNJC FINJd 

-0.0630 0.0561 0.0059 0.0010 

0.0425 -0.0363 -0.0038 -0.0024 

-0.0553 0.0472 0.0067 0.0014 

-0.1220 0.1040 0.0143 0.0044 

-0.3172 0.2384 0.0563 0.0225 

-0.0065 0.0049 0.0006 0.0010 

Accident-based latent class ordered 
probit model with class-probability 

functions 
NP INJb SJNJC FINJd 

0.0948 -0.0806 -0.0046 -0.0096 

0.0771 -0.0739 -0.0027 -0.0005 

-0.2198 0.2064 0.0114 0.0020 

-0.4741 0.4069 0.0540 0.0132 

-0.0308 0.0294 0.0012 0.0002 

0.0048 -0.0046 -0.0002 0.0000 

...... 
---..) ...... 
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Segment-based grouped latent class Accident-based latent class ordered 
ordered probit model with class probit model with class-probability 

probability functions functions 

Vehicle condition indicator ( 1 if the vehicle 
had not any defect before the accident, 0 
otherwise) 

Accident-specific characteristics 
Speed excess indicator (1 if vehicle's speed 
exceeds a reasonable safe level or the speed 
limit, 0 otherwise) 
Animal indicator (1 if an animal was 
involved in the accident, 0 otherwise) 
Towed Vehicle Indicator (1 if towed, 0 
otherwise) 
Airbag Deployment Indicator ( 1 if airbag 
deployed, 0 otherwise) 
Month of the crash indicator ( 1 if the 
accident occurred after December 31st and 
before April 1st, 0 otherwise) 

Location-specific characteristics 
Pierce county indicator ( 1 if the accident 
occurred in the Pierce county, 0 otherwise) 

Environmental characteristics 
Relative humidity indicator in t-30 minutes 
(1 if humidity is greater than 70%, 0 
otherwise) 
Ice thickness or water depth indicator in t-
30 minutes (1 if the ice thickness or water 
depth is greater than 0.3 mm, 0 otherwise) 
Lighting conditions indicator (1 if the 
accident occurred in dark conditions, with 
the street lights in operation, 0 otherwise) 

NP INJb SJNJC FINJd NP INJb SJNJC FINJd 

-0.1239 0.1153 0.0075 0.0011 

0.0438 -0.0379 -0.0035 -0.0024 

0.1971 -0.1807 -0.0126 -0.0038 

-0.0715 0.0646 0.0058 0.0011 -0.0566 0.0544 0.0019 0.0003 

-0.2220 0.1897 0.0238 0.0080 -0.2139 0.2054 0.0118 -0.0033 

0.0450 -0.0403 -0.0042 -0.0010 0.0559 -0.0537 -0.0019 -0.0003 

0.0460 -0.0396 -0.0038 -0.0019 0.0317 -0.0305 -0.0011 -0.0002 

0.0271 -0.0218 -0.0029 -0.0024 

0.0711 -0.0648 -0.0055 -0.0008 0.0313 -0.0301 -0.0011 -0.0002 

0.0403 -0.0387 -0.0014 -0.0003 

...... 
---..) 
N 
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Segment-based grouped latent class Accident-based latent class ordered 
ordered probit model with class probit model with class-probability 

probability functions functions 
NP INJb SJNJC FINJd NP INJb SJNJC FINJd 

Latent class probability parameters 
Access control indicator ( 1 if access control 
is enforced in the highway segment, 0 -0.4067 
otherwise) 
Segment length indicator ( 1 if segment 
length is greater than 0.6 miles, 0 otherwise) 

-0.2286 

Intersection indicator (1 if the accident 
occurred at intersection, 0 otherwise) 

-0.0836 

Vehicle type indicator (1 if passenger car, 0 
otherwise} 

-0.0454 

"NI: No injury, blNJ: Injury, csINJ: Serious injury, dFINJ: Fatality (fatal injury) 

...... 
---..) 
(.;.) 
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Table 6.25 Distributional effect ofthe explanatory parameters across the highway segments 
for the segment- and accident-based latent class models 

Segment-based 
grouped latent class 

ordered probit 
model with class

probability functions 
Below Above 
zero zero 

Roadway geometry characteristics 
Vertical curve length indicator ( 1 if a 
vertical curve is present and the curve 
length is more than 600 feet, 0 

0.00% 100.00% 

otherwise) 
Shoulder width indicator (1 if 
shoulder width is greater than 70 feet, 83 .98% 16.02% 
0 otherwise) 

Traffic characteristics 
Annual Average daily traffic 
(AADT) per lane Indicator (1 if 
AADT per lane is more than 7,920 

80.46% 19.54% 

vehicles per day, 0 otherwise) 
Driver-specific characteristics 

Alcohol/Drugs indicator (1 if the 
driver was under the influence of 0.00% 100.00% 
alcohol or drugs, 0 otherwise) 
Restraints use indicator (1 if the 
driver does not use any restraint, 0 0.00% 100.00% 
otherwise) 
Driver's consciousness indicator (1 if 
the driver was apparently asleep, ill 
or fatigued, 0 otherwise) 
Age and gender indicator (if the 
driver is male, younger than 38 years 
old, 0 otherwise) 

Vehicle-specific characteristics 
Vehicle type indicator ( 1 if passenger 
car, 0 otherwise) 

35 .07% 64.93% 

Vehicle condition indicator (1 if the 
vehicle had not any defect before the 16.38% 83 .62% 
accident, 0 otherwise) 

Accident-specific characteristics 

Accident-based 
latent class ordered 
probit model with 
class-pro ha bility 

functions 
Below Above 
zero zero 

0.00% 100.00% 

100.00% 0.00% 

0.00% 100.00% 

0.00% 100.00% 

27.59% 72.41 % 

70.60% 29.40% 
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Segment-based Accident-based 
grouped latent class latent class ordered 

ordered probit probit model with 
model with class- class-pro ha bility 

~robabilitI functions functions 
Below Above Below Above 
zero zero zero zero 

Speed excess indicator (1 if vehicle's 
speed exceeds a reasonable safe level 81.80% 18.20% 
or the speed limit, 0 otherwise) 
Animal indicator (1 if an animal was 

100.00% 0.00%
involved in the accident, 0 otherwise) 
Towed Vehicle Indicator (1 if towed, 

15.29% 84.71% 3.97% 96.03% 
0 otherwise) 
Airbag Deployment Indicator (1 if 

0.00% 100.00% 24.82% 75 .18% 
airbag deployed, 0 otherwise) 
Month of the crash indicator (1 if the 
accident occurred after December 

75 .61% 24.39% 100.00% 0.00%
31st and before April 1st, 0 
otherwise) 

Location-Specific Characteristics 
Pierce county indicator ( 1 if the 
accident occurred in the Pierce 91.87% 8.13% 89.15% 10.85% 
county, 0 otherwise) 

Environmental Characteristics 
Relative humidity indicator in t-30 
minutes (1 if humidity is greater than 75 .73% 24.27% 
70%, 0 otherwise) 
Ice thickness or water depth indicator 
in t-30 minutes (1 if the ice thickness 

81.67% 18.33% 78.04% 21.96% 
or water depth is greater than 0.3 
mm, 0 otherwise) 
Lighting conditions indicator (1 if the 
accident occurred in dark conditions, 

92.21% 7.79%
with the street lights in operation, 0 
otherwise) 
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Focusing on the effect of the segment-specific factors , two roadway characteristics 

are found to increase the likelihood ofmore severe injury outcomes (injury, serious injury, 

fatality). Highway segments with long vertical curves (with length greater than the median 

of the corresponding vertical curve length distribution), and highway segments with wide 

shoulders (wider than 7.5 feet) are associated with injury-severity outcomes of higher 

severity, for the higher-probability latent class; however, for the lower-probability latent 

class, such characteristics appear to have statistically insignificant effect on the injury

severity outcome probabilities. These findings may be capturing segment-specific 

heterogeneity and are in line with previous work (Anastasopoulos and Mannering, 2011 ; 

Behnood et al. , 2014). Under the accident-based approach, this variable has a uniform 

effect across the two latent classes, since it increases the probability of more severe injury 

outcomes, for both classes. In a similar fashion, Table 6.21 shows that low-volume (with 

average annual daily traffic lower than the median of the relevant traffic volume 

distribution) highway segments belonging to the lower-probability latent class, are found 

to increase the likelihood ofmore severe injury outcomes (for the higher-probability latent 

class, as well as for both classes of the accident-based model, the corresponding variable 

resulted in a statistically insignificant parameter). This is in line with Milton et al. (2008), 

Quddus et al. (2009), and Christoforou et al. (2012), and may reflect risk-taking behavior 

of drivers in roadways with low traffic volume. On the contrary, Tables 6.21 and 6.22 

show that accidents that occurred on highway segments located at the Pierce County 

network are more likely to result in no-injury, for both modeling approaches ( segment- and 

accident-based). This finding is likely capturing location-specific heterogeneity, possibly 
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stemming from geometric, functional and maintenance attributes of the specific highway 

network. 

With regard to the driver-specific characteristics, Tables 6.21 and 6.22 show that 

the variable reflecting driving under the influence of alcohol or drug consumption has 

consistent effect across the two modeling approaches. Specifically, the variable results in 

a parameter estimate that increases the likelihood of higher-severity injuries in the higher

probability latent class, for the segment-based model, and in both latent classes, for the 

accident-based model. In a similar fashion, not using restraining systems (such as lap belt, 

shoulder belt, etc.) during the driving task is found to increase the probability of more 

severe injury outcomes, in both latent classes, under the segment-based approach; whereas, 

unrestrained drivers, under the accident-based approach, are associated with more severe 

injury outcomes, only for the most probable latent class. These findings are largely 

supported by a number of studies (Abdel-Aty, 2003; Xie et al. , 2012; Behnood et al. , 2014). 

In addition, under the accident-based approach, drivers with impaired consciousness during 

the driving task (asleep, ill or fatigued drivers) and relatively young male drivers (younger 

than 38 years old) are found to be associated with more severe injury outcomes, since the 

relevant variables result in statistically significant parameters for the higher-probability 

latent class. 

Moving to the vehicle-specific characteristics, Tables 6.21 and 6.22 demonstrate 

that the latter significantly affect the injury-severity outcome probabilities, only under the 

segment-based approach. Interestingly, vehicles in good pre-crash conditions, (i.e. , 
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without any defect before the crash occurrence) are found to increase the probability of 

more severe injury outcomes for the lower-probability latent class; whereas the same 

variable is statistically insignificant in the higher-probability latent class. Major 

contributing factors to this finding may include higher risk driving behavior as a result of 

the vehicle's good condition (Winston et al. , 2006; Behnood et al. , 2014) in conjunction 

with vehicle-specific heterogeneity. In contrast, passenger cars aged less than 15 years 

have heterogeneous effect across the latent classes ofhighway segments. Interestingly, the 

specific variable results in statistically significant parameters in both latent classes, and 

increases the probability of more severe injury outcomes for the majority of segments 

(64.93% of the segment population, as shown in Table 6.25), and decrease it for the 

remaining portion (35.07%). Such variable effect may be attributed either to risk-taking 

behavior of drivers relating to the use of newer ( and possibly with more advanced safety 

features or driver assistance systems) vehicles, or to non-favorable roadway-specific 

conditions that lead drivers to exercise considerable caution in their driving tasks ( to name 

a few: inadequate pavement surface maintenance, inconsistent geometric design, 

ineffective lighting infrastructure). 

A number of collision-specific characteristics are also found to affect accident 

injury-severity outcome, under both modeling approaches. For example, the indicator for 

vehicles exceeding the speed limit or exceeding a reasonable safe margin of speed is found 

to have statistically significant, yet variable, effect across the two latent classes of the 

segment-based model - it increases the probability of a no-injury outcome for the vast 

majority of the roadway segments (81.80%, as shown in Table 6.25) and decreases it for 



179 

the remaining portion (18.20% ). This finding may be capturing unobserved effects relating 

to the specific conditions of the single-vehicle accident occurrence and the effectiveness of 

the roadway-specific safety features (guardrails, longitudinal barriers, crash cushion 

attenuators, etc.) . Similarly, animal involvement in the accident is associated with higher 

probability for no-injury in both latent classes of the segment-based model; this result is 

intuitive, considering that drivers typically tend to slow down or brake abruptly in the 

presence of an animal in the highway, with the possible collision being, hence, less severe 

due to the reduced speed. On the opposite, the airbag deployment indicator is found to 

result in statistically significant parameters that unambiguously increase the probability of 

more severe injury outcomes, in both modeling approaches 18 
. In similar fashion, the towed 

vehicle indicator results in injury outcomes of higher severity for the higher-probability 

latent class, in both modeling approaches; whereas, the winter month indicator (reflecting 

accidents that occurred from January 1st to March 31 st
) is found to increase the probability 

ofno-injury outcome for the lower-probability latent class of the segment-based model and 

for both latent classes of the accident-based model. This finding possibly captures the 

effect of cautious driving habits within an area frequently experiencing poor weather 

conditions, and is in line with past research (Sarwar et al. , 2017b; Sarwar et al. , 2017c). 

Pertaining to the weather-specific and pavement surface-specific attributes, high 

relative humidity in the 30-minute interval preceding the accident occurrence is associated 

18 Caution should be exercised in the interpretation of the airbag deployment indicator, due to its possible 
high correlation with the injury-severity outcome of the accident (for further discussion see Neyens and 
Boyle, 2012). However, in this study, the correlation coefficient between the specific variable and the 
injury-severity outcome was significantly low. 
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with lower injury-severity, especially when the highway segments are treated in a grouped 

manner (segment-based model). A similar effect is identified in the lower- and higher

probability latent classes of the segment- and accident-based models, respectively, when 

consideration is given to the ice thickness or water depth on the pavement surface 30 

minutes before accident occurrence. Specifically, greater ice thickness is more likely to 

result in lower injury-severity. Both findings may be picking up the residual effect of 

increased driving cautiousness during unfavorable weather conditions, or the effect of 

timely snow removal response, especially in high traffic volume highways. Taking into 

account the methodological features of the segment-based latent class framework 

(homogeneous treatment of highway segments and use of unrestricted class probabilities), 

it is very likely that these parameters capture the interaction of the aforementioned weather 

characteristics with the segment-specific unobserved factors. Pertaining to the effect of the 

lighting conditions, accidents occurred in dark conditions while the street lights were in 

operation are associated with more severe injury-severity outcomes, only for the accident

based model. 

Turning to the latent class probabilities, their values vary as a function of two 

explanatory variables (excluding constant), for both modeling approaches. For the 

segment-based model, the access control indicator, and the long segment indicator are 

found to decrease the probability of the first latent class (by-0.407 and-0.229, respectively, 

as shown by the marginal effects in Table 6.24), and thus increase the probability of the 

second latent class. In other words, highway segments with access control, or highway 

segments whose geometric characteristics do not vary along substantial lengths are more 
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likely to be associated with the lower-probability latent class. For the accident-based 

model, the intersection indicator and the truck indicator are also found to decrease the 

probability of the first (and most probable) latent class (by-0.084 and-0.045 , respectively, 

as shown by the marginal effects in Table 6.24). Even though these parameters do not have 

direct impact on the injury-severity outcomes, their importance is significant as they offer 

information with respect to the underlying mechanism determining the allocation of 

highway segments or accident observations across the latent classes. 

Furthermore, the comparative evaluation ofthe marginal effects (Table 6.24) across 

the segment- and accident-based models sheds more light on the magnitude of the effect of 

the explanatory variables. As previously discussed, each explanatory variable may be not 

included in both model specifications. As far as the common variables of the segment- and 

accident-based models are concerned, two diverse marginal effect patterns can be 

observed: (i) variables with greater - in magnitude - effect (for the majority of the injury

severity levels) when the group of the segment-specific accident observations constitutes 

the unit of the analysis (segment-based model); and (ii) variables with greater- in 

magnitude - effect when each accident observation constitutes the unit of the analysis 

(accident-based model). Variables associated with the first pattern include (see Table 6.24 

for the numerical values of the marginal effects): the towed vehicle indicator; the winter 

month indicator; the Pierce County indicator; the airbag deployment indicator; and the ice 

thickness or water depth indicator. Variables associated with the second pattern include: 

the vertical length indicator; the shoulder width indicator; the restraints use indicator; and 

the alcohol/drugs indicator. 
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(J.4 ,J Model Evaluation 

In terms of statistical performance, Tables 6.21 and 6.22 show that the segment

and accident-based latent class models with class probability functions have comparable 

overall statistical fit, with the segment-based model marginally outperforming the 

accident-based counterpart, as indicated by the corresponding McFadden pseudo-R2 values 

(0.117 and 0.112, respectively). 

To compare the segment- and accident-based models on a more robust basis, their 

forecasting accuracy and relative prediction precision are examined. For this purpose, two 

prediction approaches are implemented: comparison between the observed and model

predicted injury-severity outcome probabilities; and computation ofprediction error-based 

precision measures. A challenge -relating to the computation and accuracy of the model

predicted values - arises from the nature of the parameter estimates, ps. For each latent 

class, the estimation results (as presented in Tables 6.21 and 6.22) provide the mean 

parameter estimates (mean ps). For both modeling approaches, these mean ps are assumed 

to be fixed across the class-specific accident observations (regardless of the highway 

segment where the accident occurred). Thus, each explanatory variable is represented by 

two mean ps that correspond to the two latent classes. Because it is uncertain in which 

latent class each highway segment (for the segment-based model) or accident observation 

(for the accident-based model) belongs to, the average of the class-specific mean ps 

weighted by the corresponding class probabilities, are used for estimation of the model 

predictors : 
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M 

/Jn = L/JmP,,(m) , (34) 
m=l 

M 

fi ;=L/Jm~(m) , (35) 
m=l 

where, /Jnand /J; are the weighted average of the class-specific mean ps for the segment-

and accident-based models, respectively, and all other terms are as previously defined. 

Since, under the segment-based approach, the employed latent class framework 

accounts for panel effects, all accidents that occurred on the same highway segment are 

treated as a group of segment-specific observations sharing similar unobserved 

characteristics. In this context, we allow for the computation of a single, post-estimation 

parameter estimate (P) for each highway segment. Specifically, on the basis of the 

estimated class probabilities and the conditional injury-severity outcome probabilities, 

post-estimation class probabilities n nm are computed, according to the Bayes theorem, as 

follows (Greene, 2016): 

Pn(m)P;_n(k Im) 
M (36) 

LPn(m)P;_n(k Im) 
m=I 

Using the computed post-estimation class probabilities, each vector ofthe segment-specific 

parameter estimates (individual ps) can be computed as (Greene, 2016): 

(37) 
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In similar fashion, under the accident-based approach, the post-estimation class 

probabilities and the post-estimation parameter estimates (individual ps) are computed for 

each accident observation, as follows (Greene, 2016): 

nim = :Jm)P;,n (k Im) ' and (38) 

LPi(m)P;,n(k Im) 
m=I 

/3;= I
M 

nimPm , (39) 
m=I 

Table 6,26 presents an overview of the observed and predicted probabilities, by injury

severity level, using the two previously defined approaches for the parameter estimates 

(mean ps and individual Ps), 

Table 6,26 Observed versus model-predicted probabilities for segment- and accident-based 
latent class models, 

Segment-based grouped Accident-based latent 
latent class ordered probit class ordered probit 

Injury
severity 
outcome 

Observed 
Probability 

model with unrestricted 
class ~robabilities 

Predicted probability 

model with unrestricted 
class ~robabilities 

Predicted probability 
With With With With 

mean ~s individual ~s mean ~s individual ~s 
No injury 0,725 0,745 0,737 0,757 0,755 
Injury 0,254 0,241 0,245 0,237 0,226 
Serious 

lllJUry 
0,016 0,012 0,014 0,005 0,008 

Fatality 0,006 0,003 0,004 0,001 0,011 

Under the mean ps approach, the segment-based latent class ordered probit model 

with unrestricted class probabilities outperforms its accident-based counterpart, in terms of 

prediction performance, Interestingly, the segment-based model yields predicted injury-
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severity outcome probabilities significantly closer to the observed probabilities (the 

predicted and observed probabilities are 0.745 and 0.725 , respectively for no-injury; 0.241 

and 0.254, respectively, for injury; 0.012 and 0.016, respectively, for serious injury; and 

0.003 and 0.006, respectively, for fatal injury), as opposed to the accident-based model (the 

predicted and observed probabilities are 0.757 and 0.725 , respectively, for no-injury; 0.237 

and 0.254, respectively, for injury; 0.005 and 0.016,, respectively, for serious injury; and 

0.002 and 0.006, , respectively, for fatal injury). 

Similarly, under the individual ps approach, the segment-based grouped latent class 

ordered pro bit model with unrestricted probabilities yields predictors ( the predicted and 

observed probabilities are 0.737 and 0.725 , , respectively, for no-injury; 0.245 and 0.254, 

, respectively, for injury; 0.014 and 0.016,, respectively, for serious injury; and 0.004 and 

0.006, , respectively, for fatal injury) that significantly outperform the predictors of the 

accident-based model, when compared with the corresponding observed probabilities (the 

predicted and observed probabilities are 0.755 and 0.725 , respectively, for no-injury; 0.226 

and 0.254, respectively, for injury; 0.008 and 0.016, respectively, for serious injury; and 

0.011 and 0.006, , respectively, for fatal injury). 

With respect to the forecasting performance of the two forecasting approaches 

(mean ps and individual ps), the use of the post-estimation individual ps is shown to 

provide considerably more accurate predictors, as compared to the mean ps approach. This 

is because the posterior estimators, in essence, calibrate the discrete distribution of the 

parameter vector elements to disaggregate, segment-specific or accident-specific 



186 

characteristics, depending on the modeling approach. The forecasting accuracy 

improvement obtained with the use of individual ps is thus intuitive, and is in line with 

inferences of relevant studies in random parameters modeling (Anastasopoulos, 2016). A 

practical limitation of such approach, however, arises; in order for the individual ps 

approach to be effectively implemented, the availability ofhighway segments and accident 

observations with effectively the same characteristics as those of the used sample data is 

required. To that end, the mean ps approach may alternatively be used for out-of-sample 

data. 

In order to gain insights regarding the precision of the predicted injury-severity 

outcome probabilities, the forecasting accuracy of the segment- and accident-based latent 

class models is also examined from a prediction error-based viewpoint. In this context, the 

prediction error is defined as the difference between the observed injury-severity outcome 

and the model-predicted probability for the observed injury-severity outcome. In line with 

previous research (Anastasopoulos and Mannering, 2011 ; Sarwar et al. , 2017b), several 

error-based measures are employed and estimated for the forecasting accuracy evaluation 

of the latent class models: sum of squared error (SSE); mean squared error (MSE); root 

mean squared errors (RMSE); and standard deviation of error (SDE). Table 6.27 provides 

the relevant mathematical formulations and corresponding results of these measures ( with 

lower values signifying lower prediction error, and thus higher prediction precision) using 

both the mean and the individual ps prediction approaches. 
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Table 6.27 Error-based precision measures for segment- and accident-based latent class 
models. 

Segment-based grouped 
Accident-based latent 

latent class ordered 
class ordered probit 

probit model with 
model with unrestricted 

unrestricted class 
class probabilities 

probabilities 
Mean /Js Individual /Js Mean/Js Individual 
approach approach approach /Js approach 

Sum of squared error (SSE) 3 81.109 319.020 389.478 309.912 
Mean squared error (MSE) 0.192 0.160 0.196 0.156 
Root mean squared error (RMSE) 0.438 0.400 0.442 0.395 
Standard deviation of errors (SDE) 0.438 0.400 0.443 0.395 

Under the mean ps approach, the segment-based latent class ordered probit model 

with unrestricted class probabilities provides more accurate forecasts , since it consistently 

yields lower prediction error compared to the accident-based model (see Table 6.27 for the 

exact values of the error-based measures). In contrast, the latter provides slightly lower 

prediction error compared to the segment-based model, under the individual ps approach. 

Interestingly, the combined use ofthe accident-based model and the individual ps approach 

leads to the computation of a separate predictor for each accident observation, thus 

allowing for the effect of driver-specific or accident-specific characteristics to be captured 

on an individual basis. The latter cannot be easily undertaken with the combined use of 

the segment-based model and the individual ps approach, especially in cases of highway 

segments with multiple accident observations. However, the relative forecasting benefits 

of the accident-based model using the individual ps approach are likely limited to in

sample forecasting, as the same - as those used in the in-sample predictors - independent 

variables and their corresponding values are needed for out-of-sample outcome probability 
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estimation. As a last point, the significant decrease of the prediction error (ranging 

approximately from 8% to 20%) from the use of the individual ps approach, as compared 

to the mean ps approach, further supports the statistical superiority of the former, in terms 

of evaluating the error-based forecasting accuracy. 
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CHAPTER 7. CONCLUSIONS 

7.1 Summary of Findings and Lessons Learned 

This dissertation involved intensive data alignment and collation processes and 

mainly, extensive statistical and econometric modeling. Statistical models were developed 

to identify the influential factors affecting accident occurrence and accident injury-severity 

probabilities. In detail, the main outcome of the accident occurrence models was the 

likelihood that an accident will occur on a specific highway segment in a specific time 

interval, whereas the main outcome of the injury-severity models was the likelihood that 

an accident will result in a specific injury-severity outcome, conditional on the accident 

having occurred. The major research findings can significantly assist researches and public 

Agencies towards reliable accident risk assessment ofhighway segments and identification 

of high accident-risk locations, and are summarized below. 

The results of the accident occurrence analysis suggested that a number of time

varying (high humidity) and stationary ( segment length, median width, and shoulder width) 

factors have mixed effects on accident occurrence likelihood. Such mixed effects were 

further supported by the unobserved heterogeneity interactions, which were represented by 

the correlations among the grouped random parameters. At the same time, a number of 

key factors were found to have fixed effects on accident occurrence probabilities. Such 
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factors included stationary highway geometric and traffic characteristics ( annual average 

daily traffic per lane, access control, and horizontal curve presence), and weather-related 

time-varying attributes (ice thickness or water depth on the roadway surface). Note that 

all empirical findings were in line with the results of the recent safety literature. 

For the comparative evaluation of the uncorrelated and correlated grouped random 

parameters models in terms of forecasting accuracy, two approaches were employed: one 

that used the software generated ps (averaged across all observations); and a second that 

used the individual ps. The comparative evaluation of the results showed that the 

individual ps approach favored the uncorrelated random parameters model, whereas the 

mean ps approach favored the correlated grouped random parameters model. Even though 

this finding may be data-specific, it does offer an indication for the potential of correlated 

grouped random parameters modeling to more accurately predict out of sample 

observations, as compared to its uncorrelated random parameters counterpart. This is an 

interesting finding, which warrants further investigation. 

Turning to the findings of the accident injury-severity analysis, the results of the 

correlated random parameters ordered probit model suggested that two sets of time-varying 

(ice thickness or water depth on pavement surface, sub-surface temperature) and stationary 

characteristics (roadway geometrics, and vehicle-specific, driver-specific, and collision

specific characteristics) play a significant role in determining accident injury-severity 

outcomes. In addition, three driver-specific characteristics (the alcohol/drugs 

consumption, use ofrestraining systems, and driver's gender indicators), and one vehicle-
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specific characteristic (the towed vehicle after crash indicator) were found to have mixed 

effects across the accident observations - they resulted in correlated random parameters -

as well as statistically significant unobserved heterogeneity interactions on the accident 

injury-severity outcomes (as inferred by the statistically significant diagonal and off

diagonal elements of the r matrix). 

The random thresholds random parameters hierarchical ordered probit approach 

resulted in 14 statistically significant parameters, relating to roadway geometrics, and 

traffic-specific, driver-specific, and accident-specific characteristics, with 7 of them having 

mixed effects (across the data population) on the injury-severity outcome probabilities. 

The model 's thresholds were also determined by two statistically significant variables 

(winter months and poor roadway surface condition), while the thresholds resulted in 

statistically significant and normally distributed random parameters, thus varying ( their 

effect) across the observations. Comparing the four competitive models, the parameter 

estimates and the marginal effects of several explanatory variables were found to 

significantly differ (in terms of magnitude and sign), especially when the two layers of 

heterogeneity were introduced by the random thresholds random parameters hierarchical 

ordered probit model. Interestingly, a set of statistically insignificant parameters in the 

model counterparts of the proposed approach, became statistically significant in the latter, 

thus supporting the statistical superiority of the random thresholds random parameters 

hierarchical ordered probit model, in terms of explaining more with the same amount of 

information. 



192 

In regard to the latent class models of accident injury severities, the results of both 

segment-based and accident-based approaches suggested that a set of segment-specific, 

driver-specific, vehicle-specific, collision-specific, and environment-specific 

characteristics constitute significant determinants of the ordered accident injury-severity 

outcomes, with the resulting parameter estimates varying across the two latent classes. The 

class-probability functions were also determined by a constant term and two segment

specific indicators (segment length, and access control indicators) for the segment-based 

approach, and a constant term and two accident-specific attributes (intersection-related 

accident, and truck indicators) for the accident-based approach. The findings of the 

empirical analysis provided insights relating to the impact of driving behavior-specific or 

accident-specific variations on the injury-severity outcomes, under the moderating effect 

of the segment- or accident-based unobserved factors . 

As presented in Chapter 6.4.3 , the forecasting accuracy of the latent class models 

was evaluated on the basis ofnewly developed approaches using the weighted mean ps and 

the post-estimation individual ps. Under the mean ps approach, several probability-based 

and error-based forecasting accuracy measures consistently supported the statistical 

superiority of the segment-based model; whereas, under the individual ps approach, the 

accident-based model was shown to provide slightly lower prediction error. The latter 

finding is insightful for identifying the potential application areas of the proposed 

forecasting accuracy approaches; the mean ps may be more appropriate for out-of-sample 

implementation, whereas the individual ps approach may be more effective for in-sample 
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prediction. Further investigation on the effectiveness of such approaches could shed more 

light on their relative merits and limitations. 

7.2 Contributions of this Research 

This dissertation developed and presented advanced methodological approaches in 

order to address various aspects of unobserved heterogeneity in statistical modeling of 

accident occurrence and injury-severity data. Despite the emergence and wide application 

of various statistical and econometric methods, the complex nature of unobserved 

heterogeneity in combination with inherent limitations of high-dimensional accident 

datasets, still let aspects of unobserved heterogeneity unaccounted for. Accounting for 

unobserved heterogeneity with rigor is particularly important for the validity of the 

statistical analysis - because not accounting for it can lead to biased parameter estimates, 

inaccurate inferences, and unreliable predictions (Washington et al. , 2011 ; Mannering et 

al. , 2016). From a practical perspective, such erroneous statistical inferences may result in 

ineffective safety countermeasures and deficient safety policies and strategies (Savolainen 

et al. , 2011 ; Mannering and Bhat, 2014; Mannering et al. , 2016). In this context, the 

contributions of this research effort can be viewed from three different, but supplementary, 

perspectives: (i) methodological contribution; (ii) empirical contribution; and (iii) 

contribution in accident risk assessment and prediction. 
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7.2.1 Methodological Contributions 

From a data structure viewpoint, this dissertation presented a straightforward 

approach for combining disaggregate time-varying and stationary information. 

Heterogeneous data from highly disparate sources were collated, and a rich dataset with 

accident and non-accident observations was leveraged in order to identify pre-crash time

varying factors. Variations in the effect of the time-varying characteristics on accident 

occurrences were effectively captured through the specification of short time-intervals 

(preceding the time of accident occurrence). This data structure allowed the identification 

of pre-crash time-varying factors as determinants of accident occurrence probability on a 

specific highway segment and at a specific time interval. Similarly, the accident injury

severity models led to the identification of pre-crash time-varying factors as determinants 

of the probability that an accident will result in a specific injury-severity outcome, given 

that the accident has occurred. Overall, the results ofthe analysis demonstrated the benefits 

of the proposed approach in terms of identifying pre-crash time-varying characteristics, 

while controlling for traditional stationary elements. 

From a statistical perspective, the review of the traditional statistical approaches for 

addressing unobserved heterogeneity revealed that there exist important limitations and 

restrictions, in terms of capturing unobserved effects. This in tum demonstrated the need 

for methodological extensions that have the potential to address complex aspects of 

unobserved heterogeneity. 
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To account for various patterns of unobserved heterogeneity, several unrestricted 

forms of the random parameters modeling scheme were developed and implemented. 

Specifically, one of the basic limitations of the traditional random parameters approach 

stems from the uncorrelated nature of the random parameters. Possible unobserved 

heterogeneity correlation among the explanatory parameters, as well as unobserved 

heterogeneity within each group of segment-specific observations - if left unaccounted for 

- may result in significant misspecification issues. To relax these restrictions within the 

context of accident occurrence analysis, a correlated grouped random parameters binary 

logit model was estimated. The comparative advantage of the correlated random 

parameters approach arises from the unrestricted form of the variance-covariance matrix 

for the random parameters, which considers the off-diagonal elements as non-zero values. 

In addition, for the first time - to the author 's knowledge - an empirical methodology was 

presented to identify the statistical significance of the standard deviation of the correlated 

random parameters ' density function. The comparison among the fixed, uncorrelated 

random parameters, and correlated grouped random parameters modeling approaches 

demonstrated the statistical superiority of the correlated grouped random parameters 

model. 

To capture possible correlation effects among various sources ofheterogeneity, the 

correlated random parameters framework was also employed for investigating the 

determinants of the accident injury-severity outcomes. Specifically, a correlated random 

parameters ordered probit approach was developed, as an integrated modeling framework 

to jointly address unobserved heterogeneity (in terms of unobserved factors varying 
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systematically across the observations), unobserved heterogeneity interactions (in terms of 

the interactive effect among the unobserved characteristics or among observed 

characteristics, with variable effects across the observations), and variations in the effect 

of time-varying characteristics. The mechanism of capturing unobserved heterogeneity 

interactions among the random parameters is identical to the mechanism of the correlated 

grouped random parameters binary logit approach, since the off-diagonal elements of the 

random parameters' covariance matrix were specified as non-zero estimable parameters. 

The assessment of the correlated random parameters approach supported its statistical 

superiority as compared to its model counterparts, and demonstrated its potential to explain 

more (in terms of statistical significance of explanatory parameters), and to provide more 

accurate and efficient predictors (in terms oflikelihood ratio tests, and goodness-of-fit and 

forecasting accuracy measures) using the same quality and quantity of information (as 

provided by the same data sample used for all model specifications). 

The ordered probability framework is one of the popular approaches for analyzing 

accident injury-severity data. One of the fundamental limitations of the traditional ordered 

pro bit and logit models arises from the fixed nature of the estimable threshold parameters. 

The hierarchical ordered probit (HO PIT) model relaxes - to some extent - this restriction, 

by allowing the thresholds to be estimated as a function ofexplanatory variables. However, 

such consideration accounts for neither unobserved heterogeneity underlying in the 

explanatory parameters, nor for threshold-specific heterogeneity (because the parameters 

determining the thresholds are restricted to be fixed across the observations). To account 

simultaneously for threshold heterogeneity and unobserved heterogeneity, a random 
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thresholds random parameters hierarchical ordered pro bit model was estimated. The latter 

simultaneously allows for the thresholds and for the parameters affecting ordered 

probability outcomes to vary across the observations, while the thresholds are further 

determined by explanatory parameters. Note that the developed probit modeling approach 

- to the author ' s knowledge - has not been previously employed in accident analysis 

(Mannering and Bhat, 2014; Mannering et al. , 2016). Similarly with the previous random 

parameters modeling approaches, the comparison among the proposed random thresholds 

random parameters hierarchical ordered probit model and its lower-order counterparts 

(random parameters ordered probit, hierarchical ordered probit and fixed parameters 

ordered probit) demonstrated its capability to provide significant statistical improvements, 

in terms of explanatory power, model fit, and forecasting accuracy. 

A substantial portion of the recent accident injury-severity research has employed 

latent class modeling approaches in an effort to capture unobserved heterogeneity within 

grouped sub-samples of the population. Within this framework, an unaddressed challenge 

relates to contemporary accident datasets data grouping, where specific highway segments 

are associated with more than one accident observation over a finite period of time. 

Therefore, to account for the unobserved characteristics commonly shared among segment

specific observations (data-grouping effects), a grouped latent class ordered probit 

modeling framework with class-probability functions was employed. The proposed model 

captures heterogeneity arising from unobserved groups of the highway segment population 

with homogeneous attributes, and it also captures class-assignment heterogeneity ( as an 

additional dimension ofthe class-specific heterogeneity) by allowing the class probabilities 
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to be estimated as a function of segment-specific explanatory variables. Such a modeling 

structure demonstrates substantial differences from the traditional accident-based 

approach, under which each accident observation is considered independent from the 

others. To understand how the patterns of unobserved heterogeneity differentiate across 

these two modeling approaches, the latent class methodological framework was also 

implemented using ungrouped accident data. The latter analysis captures heterogeneity 

from unobserved groups of the ungrouped accident population, while at the same time 

accounts for class-assignment heterogeneity. The comparative statistical assessment of 

these two modeling approaches demonstrated modest but statistically significant model fit 

improvements gained by the segment-based grouped latent class ordered probit approach 

with class-probability functions . 

As a last point, to assess the prediction performance of the segment-based and 

accident-based models, two novel latent class-specific forecasting accuracy approaches 

were proposed: the weighted (by the class probabilities) mean ps approach, and the post

estimation segment-specific or accident-specific (individual) ps approach. From the 

comparative assessment between the two approaches, the statistical superiority of the 

individual ps approach was demonstrated. 

7.2.2 Empirical Contributions 

From an empirical perspective, the estimation results of the accident occurrence 

models suggested that the weather-related time-varying characteristics can be associated 

either with fixed, or with mixed effects on the accident occurrence likelihood. This is 
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important, because the inclusion of time-varying data elements in combination with the 

consideration of random variations in parameters across observations ( through random 

parameters modeling) can more accurately illustrate the variations of weather effects, 

especially moments before the accident occurrence. In this context, the empirical findings 

showed that similar factors can affect in different ways the likelihood of accident 

occurrence. 

Most importantly, the identification ofexplanatory parameters with varying effects 

across the observations, resulted in significant insights with regard to their distributional 

effects on the accident occurrence or injury-severity outcome probabilities. This is in 

contrast to the traditional fixed parameters approach, where the explanatory parameters 

have uniform effects across the observations. Herein, the parametric functional form of 

the random parameters allowed the identification of specific patterns in the effect of 

explanatory parameters. This in tum enabled a more rigorous interpretation of the sources 

of unobserved characteristics. 

In addition, the correlated random parameters framework allowed for the 

identification ofpossible correlations among the random parameters. Such correlations, in 

tum, illustrated the combined effect of (positively or negatively) correlated unobserved 

characteristics that were captured by the random parameters. Interestingly, the results of 

the accident occurrence analysis showed that interactions between only stationary, or 

between stationary and time-varying factors were associated with mixed effects on accident 

occurrence probabilities. And frequently, the combined effect of the correlated random 
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parameters significantly differed from the equivalent separate effects. The results of the 

correlated random parameters ordered probit model demonstrated that driver-specific and 

vehicle-specific characteristics also had mixed interactive effects on the injury-severity 

outcome probabilities. Overall, the estimated correlation coefficients of the random 

parameters provided insights with regard to the underlying correlations among the 

unobserved factors , the possible sources of correlations, and the anticipated impact of such 

unobserved interactions on the accident occurrence and injury-severity outcome 

probabilities. 

Furthermore, the unrestricted formulation of the thresholds in the random 

thresholds random parameters hierarchical ordered probit approach allowed for the 

identification of threshold-specific explanatory variables that indirectly affected the injury

severity outcome probabilities. The results of the corresponding injury-severity analysis 

suggested that accident occurrence during winter months and poor roadway surface 

conditions resulted in greater threshold values, and thus in lower probability for more 

severe injury outcomes. In addition, the consideration of the threshold-specific intercept 

as a random parameter resulted in random variations of the threshold values across the 

observations. This allowed for an accident-specific estimation of the thresholds, and 

subsequently for a more disaggregate estimation of the injury-severity outcome 

probabilities. 

Finally, the consideration of the class probability functions in the unrestricted latent 

class ordered probit frameworks , assisted in identifying variables affecting the probabilistic 
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assignment of the highway segments or accident observations in the latent classes. The 

class-probability functions were specified in terms of segment-specific attributes, for the 

segment-based approach, and accident-specific attributes, for the accident-based approach. 

This specification allowed for insights with regard to the specific characteristics of the 

highway segments or of the accident observations (included in each unobserved class), 

which cannot be known a priori. 

7.2.3 Contributions in Accident Risk Assessment and Prediction 

The findings of the accident occurrence and injury-severity analyses can be 

effectively leveraged for the assessment of highway accident risk, or the assessment of the 

risk in terms of injury-severity outcomes. The high-dimensional nature of the studied 

accident dataset, in conjunction with the consideration of stationary and time-varying data 

elements, allow for the development of an informatics-based framework for safety 

assessment. Such framework may include platforms and tools aiming to analyze complex 

and massive transportation data and enable researchers for a straightforward assessment of 

the multi-dimensional accident risk. A representative example of such innovative tools, 

within which the model specifications and empirical findings of the presented analysis 

could serve as primary input, is the Transportation Research Informatics Platform (Majka 

et al. , 2017). The Transportation Research Informatics Platform, which was developed by 

CUBRC and UB, is a "Big Data" application designed to handle a broad range of 

transportation-related information, from large, but highly heterogeneous datasets (SHRP2 

NDS datasets, HSIS, RID, Clarus/Madis). The TRIP platform aims at allowing researchers 
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to easily use the tools for analyzing safety data. More specifically, the main goal of the 

platform is to provide unique capabilities and necessary computational tools to: 

• Identify potential high-crash (hazardous) locations (hot spots) in time and space, in 

terms of accident occurrence probability and accident injury-severity outcome 

probability; 

• Predict the probability of a transportation network user (i.e. , driver, passenger, 

pedestrian, public transportation mode user) to be associated with a highway 

accident; 

• Assess the risk of a vehicle (i.e. , passenger car, motorcycle, mini-van, truck, bus, 

etc.) to be involved in a highway accident; and 

• Predict the probability of a highway accident to result in more severe injury

severity outcomes. 

To achieve this goal, the results from the statistical models of this dissertation were 

integrated in the TRIP platform as algorithmic modules. Specifically, the computed 

accident occurrence probabilities of the highway segments were compared with empirical 

probability thresholds, in order to identify the accident risk level ofeach highway segment. 

For the accident risk assessment, a three-level scale was employed, on the basis of three 

hierarchical accident occurrence risks levels: low, moderate, and high. The risk level 

assessment demonstrated that 480 out of 594 roadway segments considered in the accident 

occurrence analysis were likely to have high accident occurrence risk, 45 segments were 

likely to have moderate accident occurrence risk, and 69 segments were likely to have low 

accident occurrence risk. One output of the TRIP platform includes an accident risk 
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assessment in a spatial visualization form, and is based on GIS-related mapping layers. 

Figure 7 .1 provides an example of this output. 



Figure 7.1 Assignment of the accident occurrence risk using the TRIP platform 

N 

.+::,. 
0 



205 

In a similar fashion, the estimated accident injury-severity models and their 

empirical findings have been incorporated in the TRIP platform for the assessment of the 

accident risk, in terms of injury-severity outcome. The proposed random thresholds 

random parameters ordered probit, correlated random parameters ordered probit, and 

accident-based latent class ordered probit approaches have the potential to provide a 

thorough risk assessment using only the historical accident observations as units for the 

analysis. In contrast, under the segment-based latent class ordered probit approach, the 

risk level assessment can be undertaken by considering the grouped accident observations 

per each highway segment, as the units for the analysis. 

As innovative data from emergmg in-vehicle, vehicle-to-vehicle, vehicle-to

infrastructure and infrastructure-to-vehicle technologies become available in the TRIP 

platform, the highly disaggregate and time-varying nature of the new data will make the 

presented statistical approaches more relevant and applicable. It is expected that the novel 

sources of transportation data will be accompanied by new sources ofheterogeneity. Thus 

the implementation of the developed approaches - which by definition address complex 

aspects ofunobserved heterogeneity- are anticipated to continue offering reliable accident 

risk prediction. The latter is particularly important, in terms of identification of possible 

high-crash locations (hotspots) and determination of effective safety countermeasures for 

the aforementioned locations. Such countermeasures may include driver 's awareness 

systems (such as warning messages or signs), safety enforcement programs (such as 

increased police enforcement or speed limit enforcement through cameras) or roadway 

cross-section elements ( such as traffic barriers or impact attenuators). 
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7.3 Limitations and Directions for Future Work 

The proposed methodological frameworks are subject to some limitations inherent 

either in the model structures, or in the data composition and availability. Addressing such 

limitations within the context of examining alternate aspects of unobserved heterogeneity 

has the potential to highlight emerging areas of opportunity for future research. 

In terms of data composition and availability, the time-varying data elements 

considered in this dissertation included time-varying weather and pavement surface 

condition characteristics. Traffic information was available only as a stationary variable, 

and was thus used in the analysis without accounting for its dynamic character. To that 

end, further investigation of the dynamic nature of the traffic characteristics - with the use 

of disaggregate traffic information (traffic counts) observed in short time intervals - has 

the potential to provide valuable extensions of the proposed prediction framework. The 

inclusion of disaggregate traffic counts in combination with extensive consideration of the 

spatial distribution of accidents and traffic counts throughout the study area has the 

potential to shed more light on two fundamental dimensions of unobserved heterogeneity: 

the traffic and spatial variations. 

In addition, the time-varying data elements in the accident dataset have been 

aggregated over 30-minute intervals from the time that the accident occurred, spanning to 

a one-hour period preceding the accident occurrence. The selection of 30-minute intervals 

was in accordance with the frequency of weather sensor readings used for the data 

collection. In this context, the duration of the time-interval period was the shortest (in 
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terms of duration) possible that can be drawn from the Clams database. However, the 

aggregation of the time-varying information in 30-minute intervals may be relatively long 

for capturing the variation, intensity, and duration of some instantaneous time-varying 

phenomena. The latter, though very few in terms of anticipated frequency, may have 

critical effect on the underlying accident generation mechanism. Thus, the consideration 

of shorter time intervals ( e.g. , 5-minute intervals or shorter) for the time-varying data 

elements has the potential to effectively enhance the time-varying nature of the analysis 

and provide new insights into the underlying mechanism of time-varying heterogeneity. 

Irrespective of the consideration of time-varying factors as possible explanatory 

variables, the use of a three-year period for the estimation of the accident occurrence and 

injury-severity models a priori implies the stability of the model parameters over time. 

However, a growing body of previous research efforts (Malyshkina et al. , 2009; Behnood 

and Mannering, 2015 , 2016, Mannering, 2018) has shown that there is strong possibility 

for temporal instability ofparameters, especially when accident data relating to a long time 

period are aggregated. Such temporal variations may primarily stem from the variations 

over time relating to the human elements that define driving behavior (Mannering, 2018). 

Not accounting for possible temporal variations of the model parameters may result in 

inaccurate predictions and erroneous statistical inferences. To address this possibility, 

future work could include the development of random parameters approaches with 

heterogeneity in means and variances, where the temporal variations could possibly be 

captured through temporal heterogeneity terms incorporated in the means and variances of 

the random parameters. In this context, an important estimation challenge arises, since 
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such complex model formulations may result in considerable computational complexities 

and various estimation issues (Mannering, 2018). 

Another source of time-varying heterogeneity, which is particularly important for 

the injury-severity analysis, arises from the behavioral characteristics and reactions of the 

drivers during the driving task. The latter elements constitute significant determinants of 

the injury-severity outcomes and were accounted for in the statistical analysis through a set 

of driver-specific variables drawn from a small portion of the post-accident reported 

information (e.g. , driver's sobriety status; driver's level of consciousness; driver's 

secondary task; major contributing factor of the accident, etc.). To further investigate the 

effect of driver's behavior, before and at the time of the accident, SHRP2 Naturalistic 

Driving Study (NDS) data could also be included in the accident dataset. Time series and 

video data constitute the fundamental outputs of the naturalistic driving studies, which can 

provide a wide range of information, not only about drivers' reactions and habits, but also 

about the prevailing in-vehicle ( e.g. , presence of other passengers, presence of sources of 

internal distraction, etc.) and out-of-vehicle (e.g. , weather, environmental, lighting, 

roadside, traffic, etc.) conditions. The consideration of such highly disaggregate 

information could decisively assist in exploring alternate and critical patterns of 

unobserved heterogeneity. It should be also noted that the inclusion of SHRP2 Naturalistic 

Driving Study data will enable the identification of the effect of pre-crash driver ' s 

behavioral characteristics on accident occurrence probability. This constitutes an 

additional source of dynamic variations, which is expected to significantly enhance the 

explanatory power of the accident occurrence analysis. 
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As a final point, the proposed methodological frameworks may be moderately 

computationally cumbersome, as they require the estimation of additional parameters : the 

estimable parameters that correspond to the off-diagonal elements of the covariance matrix 

for the correlated random parameters approaches; the estimable parameters that correspond 

to the threshold-specific variables for the random threshold random parameters ordered 

probit approach; and the estimable parameters associated with the class probability 

functions for the latent class approaches. To identify more flexible estimation structures 

that could be associated with less computationally intensive requirements for the necessary 

numerical integrations, alternate likelihood estimation techniques may be examined. Such 

techniques could include maximum likelihood estimation-based methods, as for example 

gradient-based simulation optimization (Peng et al. , 2014), quasi-random simulated 

maximum likelihood estimation (Bhat, 2001), non-parametric simulated maximum 

likelihood estimation methods (Fermanian and Salanie, 2004), or composite marginal 

likelihood estimation techniques (Paleti and Bhat, 2013), to name a few. 
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