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ABSTRACT

The sequence of instantaneous driving decisions and its variations, known as driving volatility, prior to in-
volvement in safety critical events can be a leading indicator of safety. This study focuses on the component of
“driving volatility matrix” related to specific normal and safety-critical events, named “event-based volatility.”
The research issue is characterizing volatility in instantaneous driving decisions in the longitudinal and lateral
directions, and how it varies across drivers involved in normal driving, crash, and/or near-crash events. To
explore the issue, a rigorous quasi-experimental study design is adopted to help compare driving behaviors in
normal vs unsafe outcomes. Using a unique real-world naturalistic driving database from the 2" Strategic
Highway Research Program (SHRP), a test set of 9593 driving events featuring 2.2 million temporal samples of
real-world driving are analyzed. This study features a plethora of kinematic sensors, video, and radar spatio-
temporal data about vehicle movement and therefore offers the opportunity to initiate such exploration. By using
information related to longitudinal and lateral accelerations and vehicular jerk, 24 different aggregate and
segmented measures of driving volatility are proposed that captures variations in extreme instantaneous driving
decisions. In doing so, careful attention is given to the issue of intentional vs. unintentional volatility. The
volatility indices, as leading indicators of near-crash and crash events, are then linked with safety critical events,
crash propensity, and other event specific explanatory variables. Owing to the presence of unobserved hetero-
geneity and omitted variable bias, fixed- and random-parameter discrete choice models are developed that relate
crash propensity to unintentional driving volatility and other factors. Statistically significant evidence is found
that driver volatilities in near-crash and crash events are significantly greater than volatility in normal driving
events. After controlling for traffic, roadway, and unobserved factors, the results suggest that greater intentional
volatility increases the likelihood of both crash and near-crash events. A one-unit increase in intentional vola-
tility is associated with positive vehicular jerk in longitudinal direction increases the chance of crash and near-
crash outcome by 15.79 and 12.52 percentage points, respectively. Importantly, intentional volatility in positive
vehicular jerk in lateral direction has more negative consequences than intentional volatility in positive vehi-
cular jerk in longitudinal direction. Compared to acceleration/deceleration, vehicular jerk can better char-
acterize the volatility in microscopic instantaneous driving decisions prior to involvement in safety critical
events. Finally, the magnitudes of correlations exhibit significant heterogeneity, and that accounting for the
heterogeneous effects in the modeling framework can provide more reliable and accurate results. The study
demonstrates the value of quasi-experimental study design and big data analytics for understanding extreme
driving behaviors in safe vs. unsafe driving outcomes.

1. Introduction

approximately 50 million sustain injuries (WHO, 2015). This high toll
of annual RTCs imposes substantial costs on our societies, with annual

The Global Status Report on Road Safety indicates that an estimated crash costs totaling to $240 billion within the United States (NHTSA,
1.25 million people annually die in road traffic crashes (RTCs) and 2015). Among other factors, driving behavior and/or human factors in
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general are considered a leading cause of RTCs (Dingus et al., 2006; Liu
and Khattak, 2016; FHWA, 2017). Recent statistics suggest that a ma-
jority of crashes are influenced in a major way by driver behavior
(FHWA, 2017). Thus, for several decades researchers have focused on
understanding the behavioral correlates of crash risk or crash pro-
pensity. For the most part, the analysis of behavioral factors correlated
with crash propensity mainly builds upon questionnaire surveys and/or
controlled experiments (Schneider et al., 2001, 2004; Machin and
Sankey, 2008; Ivers et al., 2009; Antonopoulos et al., 2011; Qu et al.,
2014; Scott-Parker and Oviedo-Trespalacios, 2017). While analysis of
such a nature is important for identifying driver-related factors asso-
ciated with higher crash risk, it does not shed light on the actual driving
tasks and/or decisions that typically precede drivers’ involvement in a
crash (Kim et al., 2016). As such, it is crucial to gain insights regarding
the sequence of microscopic instantaneous driving decisions (e.g., ac-
celeration/deceleration) preceding drivers’ involvement in a near-crash
or crash situation. However, an analysis of such a nature was not pos-
sible until very recent mainly due to data unavailability.

The rapid technological advancements in recent years have enabled
collection of huge amounts of spatiotemporal data about vehicle and
human movement. With recent innovations ranging from realization of
vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) technolo-
gies such as Dedicated Short Range Communication (DSRC) and WI-FI,
to continuous video and radar surveillance, the collection of countless
terabytes of real-world driving data is now a reality (Campbell, 2012;
Henclewood, 2014). The generated large-scale empirical data by such
technologies has significant potential in facilitating deeper under-
standing of instantaneous driving decisions prior to occurrence of un-
safe outcomes, such as crashes (Kamrani et al., 2017). Relevant in this
regard is the concept of “driving volatility” that captures the extent of
variations in driving, especially hard accelerations/braking and jerky
maneuvers and can serve as a leading indicator of near-crash and crash
events (Khattak et al., 2015; Liu et al., 2015a; Wang et al., 2015; Liu
and Khattak, 2016). Broadly, through monitoring and analysis of real-
world driving data, proactive safety approaches can be formulated by
giving warnings and alerts to drivers and which can reduce such vo-
latility potentially improving safety.

With these forethoughts in mind, the main objective of this study is
to investigate correlations between driving volatility and crash pro-
pensity. Crash propensity is usually defined as the tendency of a driver
to get involve in an unsafe outcome, and which is mostly defined as a
crash (Abdel-Aty and Pande, 2005; Christoforou et al., 2011). However,
an important goal within this broader unsafe outcome perspective is to
identify and analyze situations resulting in near-crashes (or near
misses), as such “close calls” may foreshadow actual future crashes.
Thus, in this study an unsafe outcome is defined as a crash or near-crash
event. To explore the issue, a rigorous observational study design is
adopted to help compare driving behaviors in normal vs unsafe out-
comes. Such a study design is crucial to understanding the microscopic
extreme driving behaviors in unsafe events and normal driving events.
As such, the study builds upon a unique Naturalistic Driving Study
(NDS) database of thousands of driving events in which a driver was
involved in a safe driving event (baseline or normal event), crash event,
or a near-crash event. For all such driving events, large-scale micro-
scopic instantaneous driving decision data prior to involvement in both
safe and unsafe outcomes are analyzed, and volatility indices created
based on different driving performance measures. The volatility indices
are then linked with crash propensity, event specific variables such as
drivers’ pre-event maneuvers and behaviors, secondary tasks, roadway
and traffic flow related factors. Both simple and advanced statistical
methods are employed to generate new knowledge critical to for-
mulation of proactive warnings and alerts in case an unsafe outcome is
anticipated. From a methodological perspective, discrete choice models
are estimated for modeling crash propensity as a function of several
variables including driving volatility, and which accounts for important
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issues of unobserved heterogeneity (Mannering et al., 2016) and
omitted variable bias (discussed later in detail).

2. Literature Review
2.1. Crash frequency, crash rate and associated factors

At an aggregate level, a broad spectrum of studies have established
relationships between crash frequency (or crash rates) and traffic re-
lated factors (Ivan et al., 2000; Martin, 2002; Qin et al., 2004;
Anastasopoulos et al., 2008; Ma et al., 2017; Sarker et al., 2017),
roadway factors (Qin et al., 2004; Anastasopoulos et al., 2008; Dong
et al., 2014; Ma et al., 2017), built-environment factors (Ivan et al.,
2000; Lee et al.,, 2014; Chen, 2015), weather related factors
(Anastasopoulos et al., 2008; Dong et al., 2014; Hassan et al., 2017),
and driver behavior (Lee et al., 2014; Hassan et al., 2017). Among other
factors, driver behavior (or risky driving) is concluded to be the main
contributing factor for crashes (Neyens and Boyle, 2007; Boyle et al.,
2008; Lee and Abdel-Aty, 2008; Yan et al., 2008; Lee et al., 2014;
Hassan et al., 2017). As a surrogate of driving behavior, aggregate
measures such as residence characteristics of drivers, socio-economic
and age-related factors, and/or ticket violations are usually used to
relate driving behavior with crash frequency (Ivan et al., 2000; Weng
and Meng, 2012; Lee et al., 2014; Mitchell et al., 2014; Liu et al., 2015b;
Hassan et al., 2017). Traditional police crash report forms do not ty-
pically include detailed information about driving behavior related
factors. As such, studies have also used self-reported questionnaire
surveys to investigate (or infer) links between driving behavior and
crash risk (Mannering, 2009; Tronsmoen, 2010; Smorti and Guarnieri,
2014; Hassan et al., 2017; Scott-Parker and Oviedo-Trespalacios, 2017).
Different driver related factors (age, gender, nationality), vehicle types,
mobile-phone use, drink driving, risk perception, and safety attitudes
are found correlated with crash involvement (Tronsmoen, 2010; Hassan
et al., 2017; Scott-Parker and Oviedo-Trespalacios, 2017).

As opposed to using crashes as a safety tool, near-crash traffic events
are usually acknowledged but not used as safety tools. This is primarily
due to the degree of subjectivity involved in identification of such
events (Hayward, 1972). However, for drawing a complete picture, it is
important to analyze situations that may result in near-crashes as such
events are typically precursors to actual crashes. Collectively, while the
previous studies provided information about important variables re-
lated to crash occurrence and/or crash rates, crucial information is
missing regarding pre-crash critical vehicle maneuvers or operation. An
understanding of the actual driving mechanism related with occurrence
of crash or near-crash event is crucial for designing actionable proactive
behavioral countermeasures.

2.2. Crash surrogates

There has been an extensive body of literature accumulated over the
last 40 years or more concerning identification and development of
measures related to “crash proximity”, typically termed as crash sur-
rogates. The idea is to identify situations that can potentially result in a
traffic crash. As traffic crashes itself are rare events, the primary goal of
developing crash surrogates has been to identify road sites with po-
tential for safety improvement, or to identify sites where crashes may
not have historically happened but perhaps are waiting to happen.
Traditionally, the traffic conflict technique has been widely used to
develop crash surrogates at intersections (Perkins and Harris, 1968;
Salman and Al-Maita, 1995). Once, conflicts are identified, prediction
models are then developed to relate traffic conflicts to traffic volumes
and total accidents (Salman and Al-Maita, 1995). While useful, the
traditional traffic conflict technique usually does not rely on real-world
microscopic driving data, rather it relies on police-reported crashes and
conflict data obtained at specific intersections. Usually, tight
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experimental or operational protocols are followed typically in a si-
mulator or test track environments (Wu and Jovanis, 2013). As such,
observability of unsafe events and its generalization to other driving
contexts (not captured in the experiment design) is challenging. The
emergence of naturalistic driving data in recent years offers the in-
valuable opportunity to observe both crash and near-crash events in a
real-world setup (Shrestha et al., 2017). Among many other unique
features, vehicles in a naturalistic driving or a connected vehicles
context are instrumented with a plethora of sensing, radar, and video
technologies that provide second-by-second data on vehicle kinematics
and biometrics over a course of a trip (McDonald, 2017). Thus, the raw
high resolution vehicle kinematics data can be processed and analyzed
to detect “unusual” or “unsafe” driving events, and which can be
termed as crash surrogates (Wu and Jovanis, 2013). Also, drivers in a
naturalistic driving or connected vehicles setup are supposed to drive as
they normally would, i.e., without specific operational and experi-
mental protocols, and not in a simulator or test track environments.
Typically, kinematic search criteria, based on longitudinal acceleration,
lateral acceleration, yaw rate (to name a few), are developed and em-
ployed to detect such unsafe events. For an exhaustive overview of
developing crash surrogates via naturalistic driving data, see (Jovanis
et al., 2011; Wu and Jovanis, 2012, 2013), and the references therein.
As a new type of crash surrogate, the present study presents the new
concept of event-based volatility in a naturalistic or connected vehicles
environment. In doing so, the overall concept of driving volatility is
presented first (see below).

2.3. Real-world driving data and concept of driving volatility

Emerging technologies such as vehicle-to-vehicle and vehicle-to-
infrastructure communication, and naturalistic driving studies facilitate
the collection of high frequency real-world driving data. Towards this
end, recent studies utilized real-world driving data integrated with
sensor and radar technologies to propose the concept of “driving vo-
latility”, which is a measure of driving practice for characterizing in-
stantaneous driving decisions, importantly extreme driving behaviors,
and the dynamics of regimes in a typical driving profile (Liu et al.,
2015a; Wang et al., 2015; Khattak and Wali, 2017). Specifically, such
sensing captures the extent of variations in driving, especially hard
accelerations/braking and jerky maneuvers (Khattak et al., 2015; Liu
et al., 2015a; Wang et al., 2015; Liu and Khattak, 2016; Khattak and
Wali, 2017; Murphey, 2008). The fundamental idea is to capture the
magnitudes and amount of variations in driving decisions as larger
variations (or heterogeneity) in microscopic decisions by the driver
cannot only influence their own safety but also the operations of sor-
rounding traffic. For instance, a recent study developed a fundamental
understanding of instantaneous driving decisions, and to distinguish
normal from anomalous driving (Khattak and Wali, 2017). By con-
ceptualizing microscopic driving decisions into distinct yet unobserved
regimes, the focus was to quantify volatility in each regime and how
driving regime allocation can be probabilistically mapped to the sor-
rounding traffic contexts (Khattak and Wali, 2017). A dynamic Markov
regime switching methodology was presented to predict what a driver
will do in short term in a connected vehicles environment, and which is
fundamental to the development of driving feedback devices and con-
trol assist systems (Khattak and Wali, 2017). Compared to traditional
behavioral measures (such as age, education, gender, socio-economics),
the concept of individual level driving volatility provides personalized
and actionable information for developing driving feedback devices,
warning and control assists systems (Wang et al., 2015; Liu and
Khattak, 2016; Khattak and Wali, 2017). The next section presents a
brief synthesis of the new concept of “driving volatility matrix” that
characterizes volatility in microscopic driving decisions at several
hierarchies of the driving ecosystem.
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2.4. Driving volatility and unsafe outcomes

While the afore-mentioned studies characterized driving practices
by using rigorous data analytic methodologies (Liu et al., 2015a; Wang
et al., 2015; Liu and Khattak, 2016; Khattak and Wali, 2017), the vo-
latility was not linked with unsafe outcomes such as crashes. In this
regard, recent studies by Kamrani et al. (2017) and Wali et al. (2018)
extended the concept of driving volatility to specific locations (location-
based volatility) and demonstrated how high resolution connected ve-
hicles based driving data can be linked with historical crashes for de-
signing proactive safety management tools (Kamrani et al., 2017; Wali
et al., 2018b). Furthermore, in simulation-assisted frequentist as well as
in Full-Bayesian setup, the studies demonstrated that the relationship
between driving volatility and crashes vary across different locations
(unobserved heterogeneity), and that it is necessary to control for
omitted variables while establishing relationships between driving vo-
latility and crash outcomes (Kamrani et al., 2017; Wali et al., 2018b).
Furthermore, different statistical measures of location (intersection)
specific volatilities were proposed to quantify location-based volatilities
in connected (instrumented) vehicles environment (Wali et al., 2018b).
In similar work, Kim et al. (2016) conducted an exploratory study to
analyze the association between rear-end crash propensity and micro-
scale driving behavior (Kim et al., 2016). Correlational statistics were
computed and spatial distributions explored (Kim et al., 2016). All the
three studies concluded that hard deceleration rates are associated with
rear-end crashes on freeway ramps (Kim et al., 2016) and total crashes
at signalized intersection (Kamrani et al., 2017; Wali et al., 2018b), and
innovative proactive safety strategies were discussed (Kim et al., 2016;
Kamrani et al., 2017; Wali et al., 2018b).

2.5. Research gap

The aforementioned studies contributed by providing data analytic
and Bayesian statistical methodologies to link large-scale driving be-
havior data with historical crashes. However, important research gaps
exist. First, these studies were aggregated level in the sense that loca-
tion specific (intersections or freeway on/off ramps) driving behavior
data were used to explain historical crashes at such locations (Kim
et al., 2016; Kamrani et al., 2017; Wali et al., 2018b). Thus, insights
regarding how individual driver’s instantaneous driving decisions can
be related to his/her crash involvement cannot be obtained. Second,
due to data unavailability, short duration of high frequency driving
data (two months’ data in (Kamrani et al., 2017; Wali et al., 2018b) and
three months’ data in (Kim et al., 2016)) were used to explain multi-
year crashes. Third, only crashes were used as tools for characterizing
safety and near-crashes were not considered (Kim et al., 2016; Kamrani
et al., 2017; Wali et al., 2018b). Given these research gaps, this study
extends the concept of driving volatility to specific normal and safety-
critical events, thus named “event-based volatility.” Finally, we believe
that methodological issues related to unobserved heterogeneity and
omitted variable bias should be properly accounted for in analyses of
such a nature. That is, it is important to control for unobserved factors
that may influence unsafe outcomes but are not observed in data. If
such unobserved factors could be included in a model, the correlations
between driving volatility and unsafe outcomes can change, e.g., the
magnitude or statistical significance of the relationship can change. The
study by (Kim et al., 2016) was descriptive in nature and did not ac-
count for unobserved heterogeneity.

2.5.1. Research objective and contribution

Given the prevalent gaps in the literature, the objectives of this
study are, (1) to characterize volatility in instantaneous driving deci-
sions in normal driving events, crash events, and near-crash events, (2)
to examine how volatility in instantaneous driving decision vary across
drivers involved in normal, crash, and/or near-crash events, and (3) to
understand correlations between driving volatility (intentional and
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unintentional) and crash propensity after controlling for other factors,
unobserved heterogeneity and omitted variable bias.

These objectives seek to gain a fundamental understanding of in-
stantaneous short-term driving decisions prior to involvement in unsafe
outcomes, and therefore reveal how we can map driving volatility to
drivers’ involvement in unsafe outcomes, i.e., concept of “event-based
volatility” is introduced. Crash propensity is defined as likelihood of
drivers’ involvement in crash- or near-crash events, compared to
normal (baseline) driving events. Such an analysis is critical for de-
signing proactive behavioral countermeasures as it can highlight mo-
ments of volatile (potentially unsafe) instantaneous driving decisions
prior to involvement in an unsafe outcome.

For thousands of driving events in naturalistic driving studies, large-
scale microscopic instantaneous driving decision data prior to in-
volvement in both safe and unsafe outcomes are analyzed and volatility
indices created based on different driving performance measures.
Careful attention is given to the issue of intentional vs. unintentional
volatility (discussed later in detail). Advanced statistical analysis is
conducted to relate different intentional and unintentional driving vo-
latility measures to crash propensity, generating new knowledge critical
to formulation of proactive warnings and alerts. Given the important
methodological concerns of unobserved heterogeneity and omitted
variable bias, fixed- and random-parameter discrete choice models are
developed to reach reliable conclusions.

3. Methodology
3.1. Conceptual framework

To understand driving volatility prior to involvement in safety cri-
tical events, detailed microscopic data on instantaneous driving deci-
sions are needed (Liu and Khattak, 2016). The recently concluded
SHRP2 Naturalistic Driving Study provides relevant data (TRB, 2013).
Fig. 1 presents a conceptual framework that describes the overall study
structure. The “Event Detail Table” in the framework consists of a table
of critical safety events and baseline events, ranging from 20 s long to
30 s long. Specifically, 20 s of microscopic driving data are available for
baseline events, whereas, 30s data are available for safety-critical
events (such as near-crashes and crashes). These events have been
manually reviewed and categorized into a set of 74 descriptive vari-
ables (VTTI Insight Web Site). Each event is also accompanied by a set
of measurements from the NDS sensors, sampled at 10 frames / second.
The EDT used in this work was obtained in September 2014.

By using large-scale data analytic techniques, a unique aspect of the
current study is to combine traditional and emerging data sources in a
meaningful way critical to development of proactive safety tools and
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behavioral countermeasures. In this study, both safety critical events
(crash/near-crash) and baseline events (normal driving) are considered
(defined later). This is important because understanding driving beha-
vior in safety critical events vis-a-vis normal driving events can help
determine meaningful behavioral differences. By using several perfor-
mance measures, the magnitudes and extent of variations (termed as
driving volatility) in driver’s performance prior to involvement in safety
critical and/or baseline events are quantified (Fig. 1). As a next step, the
microscopic driving volatility information is then linked with data in
the event detail table that provides event specific data such as pre-crash
maneuvers, road inventory, weather factors, and traffic factors. By
using advanced statistical methods, correlations between driving vola-
tility and crash propensity are then explored. We hypothesis a positive
correlation between driving volatility and crash propensity. Any cor-
relation, if exists, can shed light on microscopic driving decisions, and
how such decisions influence roadway safety (Fig. 1).

3.2. The concept of driving volatility matrix

The emerging data streams from connected vehicles, naturalistic
driving sensor and telematics, and traditional transportation data can
be combined to prospect opportunities for engineering smart and
proactive transportation systems. Following upon the discussion pre-
sented in section 2.2, the key motivation behind analyzing driving
volatility is to help predict what drivers will do in the short term.
Consequently, Wali (2018) developed the new concept of “driving vo-
latility matrix” which takes a systems approach to operationalizing
driving volatility at different levels (Wali, 2018). In particular, the focus
is to conceptualize and model the extent of variations in driving at
several hierarchies of the real-world traffic ecosystem, i.e., 1) trip-based
volatility, 2) event-based volatility, 3) location-based volatility, and 4)
driver-based volatility, thus termed as driving volatility matrix. For
completeness, we present a brief overview of the concept of driving
volatility matrix in Fig. 2 and how it relates to the present study. For
details, see (Wali, 2018).

The different elements of volatility matrix are illustrated at a very
basic level in Fig. 2 in space-time dimension. The x-axis is space di-
mension (e.g., a road facility containing road segments and intersec-
tions) and y-axis is time dimension. Trip-based volatility relates to the
extent of variations in microscopic driving decisions at an individual
trip level. Referring to the first block in Fig. 2 (indicated by “A”), as-
sume three persons initiate a trip from reference point (home) in Fig. 2
to a grocery store. The hypothetical speed profiles (in space-time di-
mension) are shown in Fig. 2. If we have microscopic driving behavior
and telematics data (high-resolution speed, acceleration/deceleration,
etc.) at our disposal for these three trips, then we can develop and apply
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rigorous data analytic methodologies to quantify the extent of varia-
tions in microscopic driving decisions, and eventually develop volatility
indices for each of the three trips (Fig. 2). At a very basic level, this is
referred to as “trip-based volatility” where the volatility indices will
quantify variations in driving decisions at individual trip level (Khattak
and Wali, 2017).

At the next level, the idea of “event-based volatility” (as is presented
in this study) introduces the notion that volatility in longitudinal and
lateral directions prior to involvement in safety critical events (crashes/
near-crashes) can be a leading and proactive indicator of safety (Wali
et al., 2018c). For example, referring to the second block in Fig. 2
(indicated by “B”), the three persons now leave the grocery store(s),
and start moving to restaurant(s). On their way, one of the persons
(indicated by the red trajectory) gets into a crash, while the second
person (indicated by the orange trajectory) gets into a near-crash event
(Fig. 2). The third person (as is shown by green trajectory) does not get
into any safety-critical event (crash or near-crash) on their way from
grocery store to restaurant. Assuming that we have observed the two
safety-critical events as well as the baseline event, we can now analyze
the driving trajectories for the three trips to understand how volatility
in microscopic driving decisions relate to the safety-critical (in this case
a crash and near-crash) and baseline events, and whether such in-
formation can be used to predict occurrence of a crash and/or near-
crash event, or subsequent injury outcomes given an unsafe event
(Fig. 2) (Wali et al., 2018c).

Continuing analysis of high resolution connected and/or naturalistic
driving data, another new idea relates to extending driving volatility to
specific network locations, termed as “location-based volatility” (see the
third block in Fig. 2) (Kamrani et al., 2017; Wali et al., 2018b). For
illustration, continuing in the space-time dimension, the three persons
now decide to individually leave the restaurant and go to some other
place (see the third block in Fig. 2 indicated by “C”). As they move from
the restaurant, they happen to pass through an intersection (see Fig. 2).
In this case, assuming that we have microscopic driving trajectories, we
can quantify volatility in instantaneous driving decisions for each of the
three trips (or vehicle passings) and average the volatility indices for
the three trips to generate “location-specific” volatility indices
(Kamrani et al., 2017; Wali et al., 2018b). Thus, the idea of “location-
based volatility” introduces the notion that high volatility and varia-
bility in microscopic driving decisions at a specific location can be

related to the safety performance of that location, such as historical
crashes (Kamrani et al., 2017; Wali et al., 2018b). Finally, the last
element of volatility matrix is “driver-based volatility” (indicated by
“D” in Fig. 2). As the name implies, driver-based volatility is person/
driver specific and incorporates the volatility in driving decisions as-
sociated with each individual person. In this regard, the event-based
volatility can also be deemed of as driver-based because we have
person-specific individual vehicle passing trajectories before involve-
ment into a baseline or safety-critical event. However, another equally
important element of “driver-based volatility” can be the utilization of
information on driver’s biometrics and health data. For instance, how
the heart rate, head movement, blood pressure, and pulse rate of a
driver fluctuates as s(he) undertakes a specific trip (in a trip-based
volatility domain), passes through a particular location (location-based
volatility domain) or gets into a safety-critical event (event-based vo-
latility domain).

As is evident, the concept of driving volatility matrix helps us un-
derstand the extent of variations in microscopic driving decisions at
several hierarchies of the traffic ecosystem (Wali, 2018). The concept of
driving volatility matrix provides a systems framework for character-
izing the health of three fundamental elements of a transportation
system: health of driver, environment, and the vehicle (Wali, 2018). By
altering volatility in real-world microscopic driving decisions, vehicle
kinematics, and roadway environment, the outcomes help improve
transportation safety by proactively predicting crash occurrence and its
severity given a crash. This paper and the rest of analysis presented
relates to the new concept of “event-based volatility”.

3.3. Data

Data from an on-going national Naturalistic Driving Study con-
ducted as part of the 2" Strategic Highway Research Program (SHRP)
were used in this study (TRB, 2013). In this largest naturalistic driving
study performed to date, the driving behaviors of approximately 3400
participant drivers were recorded with over 4300 years of naturalistic
driving data collected between 2010 and 2013 (Hankey et al., 2016).
The study data was collected from six naturalistic driving sites around
the United States, with largest data collection sites in New York, Tampa,
Seattle, Washington, Florida, and Buffalo (Hankey et al., 2016). The
study used approximately 3300 participant vehicles (TRB, 2013;
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Table 1
Different Volatility Measures Considered In this Study.
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Direction Performance Measure

Scheme 1 (K = 1):
Entire 30-seconds data’

Scheme 2 (K = 2):
First 20-seconds data®

Scheme 3 (K = 3):
First 25-seconds data®

Longitudinal Direction Positive vehicular jerk, Longitudinal Vol _jer x

Negative vehicular jerk, Longitudinal Volyegative—jerk &
Acceleration, Longitudinal Volycceeration,k
Deceleration, Longitudinal Volgeceleration, k
Lateral Direction Positive vehicular jerk, Lateral Volpos—jerk,k
Negative vehicular jerk, Lateral Volyeg—jerk,k
Acceleration, Lateral Volacceleration,k

Deceleration, Lateral Volgeceleration, k

SSSXSXSXSX XX

SSSXSXSXS X
SSSXSXXSX XXX

Notes: (1) Entire time series data, i.e., 20-seconds for baseline and 30-seconds for crash/near-crash events; (2) Of the 30-seconds data, the initial 20 s data are used
while the 10 s data immediately prior to crash/near-crash are not used; (3) The initial 25 s data are used while the 5s data immediately prior to crash/near-crash are
not used; The three different data schemes, entire 30-seconds data, first 20-seconds data, first 25-seconds data, used in calculation of volatility indices are indexed by

K =1, K =2, and K = 3 respectively (see text for explanation).

Hankey et al., 2016), using a data acquisition system (DAS) that col-
lected four video views (driver’s face, driver’s hand, forward roadway,
and rear roadway), vehicle network and status information (speed,
brake, acceleration), and information from additional sensors net-
worked with the DAS (e.g., accelerometers) (TRB, 2013).

Out of the many data categories collected in the SHRP 2 project, the
data used in this study are “event data” and “continuous data”. Event
data provides detailed information regarding the different safety events
in which a participant driver was involved. A notable feature of the
SHRP 2 NDS data is the inclusion of three categories designated as
events: crash, near-crash, and baseline events. Information about crash
and near-crash events can provide richer estimates of prevalence and
risk from different driver behaviors, roadway characteristics, and en-
vironmental conditions, whereas, baseline events are necessary for
comparison purposes (TRB, 2013). For definitions of the three event
severities, see (Hankey et al., 2016).

A case-cohort type sampling design is used for selection of baseline
events where a random sampling scheme was conducted stratified by
participant and proportion of time vehicle was driven. Proportion of
time driven is defined as to include only vehicle speeds above 5 mph so
as to eliminate the effect of long stopping times, and to focus on time
periods where the vehicle was actually at risk of a crash or near-crash
(Hankey et al., 2016). Regardless of whether involved in a crash or
near-crash, all participants are included in the sample for baseline
events to ensure that a minimum of one baseline event is included for
each driver. Further details regarding the sampling design can be found
in Hankey et al. (2016) (Hankey et al., 2016). The combination of
crashes and near-crashes are referred to as safety-critical events (SCEs).
Regarding identification of SCEs, SHRP 2 NDS used multiple methods
such as, 1) Data collection site report, 2) Automatic Crash Notification
(ACN), 3) Critical Incident (CI) button, 4) Analyst identified, and 5)
Trigger execution. For example, the most systematic approaching to
identifying an SCE was the method of trigger execution, which included
post hoc processing of incoming data via custom algorithms called
“triggers.” These algorithms are characterized by different kinematic
and behavioral signatures that have a highly probability of being pre-
sent during specific SCEs. The SHRP 2 NDS used different thresholds
based on project resources (as detailed in (Hankey et al., 2016)).
Among many of other trigger types, longitudinal deceleration and lat-
eral acceleration were also used. For instance, the initial trigger for
lateral acceleration was specified if the lateral acceleration was greater
than or equal to 0.75g or less than or equal to -0.75g, and that this
threshold was exceeded for at least 0.2 s. For details about other trigger
types, see (Jovanis et al., 2011; Hankey et al., 2016). Finally, once a
SCE was identified through trigger execution method, video verification
was then used to determine if an SCE occurred. Details about other
methods used for identifying SCEs can be found in (Hankey et al.,
2016). As can be seen, all the aforementioned techniques used in SHRP

2 NDS for identification of SCEs are rigorous. On top of that, the fact
that majority of the SCEs identified through any of the aforementioned
methods were video verified at the end further increases our confidence
in the data.

A total of 9593 driving events are considered in this study, out of
which 7589 are baseline, 673 are crashes, and 1295 are near-crash
events. Note that the term “event” does not imply “trips”. A participant
along a single trip can have several events, e.g., baseline, crash, and/or
near-crash. The 9593 events involve 1580 unique participants with
some participants appearing more than once (i.e., involvement in more
than one safety critical events). For each of the three event severities
(baseline, crash, near crash), time-series data on vehicle motion (con-
tinuous data) is provided, i.e., 30s instantaneous driving data (fre-
quency of 10 Hz) for safety critical events (crashes and near-crashes)
and 20s instantaneous driving data with a frequency of 10Hz for
baseline events (Hankey et al., 2016). The time-series data contains
information about longitudinal and lateral accelerations, speeds, gas
pedal and steering wheel position, and wiper status.

As such, a total of 2.2 million records of real-world driving are
analyzed in this study. By using information related to longitudinal and
lateral accelerations and vehicular jerk, 24 different measures of
driving volatility are calculated using the methods described next
(Table 1). Finally, the event table provides detailed information on pre-
incident maneuvers’, legality of maneuvers, driver behavior, secondary
tasks?, start and end times, if applicable, of first, second, and third
secondary events. Also included in the data is information about front-
seat and rear-seat passengers, intersection and roadway type indicators,
and traffic flow related factors. The detailed event data are finally
linked with the event-specific volatility indices for subsequent analyses.

3.4. Components of volatility

Fig. 3 shows a 30-seconds longitudinal and lateral acceleration/
deceleration (vehicular jerk) profiles prior to involvement in a crash
event. By using large-scale data analytic techniques, driving volatility

! For Baseline events, this is the driving maneuver or action that the driver is
engaged in for the last 2-6 seconds prior to the baseline anchor point (the point
in video where the 20 seconds baseline driving data starts).

2 Observable driver engagement in any of secondary tasks, and which begins
at any point during the 5 seconds prior to the event start (crash, near-crash)
through the end of the event (TRB, 2013). Secondary tasks primarily refer to
distractions related to non-driving related glances away from the direction of
vehicle movement (TRB, 2013). Some examples include radio adjustments,
seat-belt adjustments etc. For Baselines, secondary tasks are coded for the last 5-
6 seconds of the baseline epoch, which includes 5 seconds prior to baseline
event start through one second after (to the end of the baseline). For further
details, refer to (TRB, 2013).
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Fig. 3. Profiles of Instantaneous Driving
Decisions Prior to Involvement in a Sample
Crash Event (First portion of series in pink
background indicate actual driving behavior
and second portion of series in light green
background may indicate driving decisions due
to situational factors - see text for explanation).
(For interpretation of the references to colour
in this figure legend, the reader is referred to
the web version of this article).
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can be characterized for each of the events (i.e., baseline, crash, or near-
crash events). Broadly speaking, the volatility indices for each event can
be regarded as microscopic measures of driving performance (or er-
ractic behavior) in normal or safety-critical events. The driving volati-
lity indices developed using the entire 30-seconds data (for crash and
near-crash events) can shed light on microscopic driving decisions that
a driver undertook prior to involvement in safety-critical events. With
real-world driving data based volatility indices (Fig. 3), proactive be-
havioral countermeasures can be planned for drivers that are con-
sistently more volatile.

However, as explained in Wali et al. (2018), using the entire 30-
seconds driving data for crash and near-crash events aggregates the
different components of volatility in instantaneous driving decisions
prior to unsafe outcomes (Wali et al., 2018c). For instance, Fig. 3 il-
lustrates the microscopic driving decisions in longitudinal and lateral
direction prior to a crash event. However, in case of crash and near-
crash events, the series can be divided into two series, where the first
portion of the series will indicate the driver’s speed choice (or accel-
eration, vehicular jerk) regardless of the event outcome, while the
second portion of the series would indicate the “adjustments” or dri-
vers’ reaction to the event. That is, the volatility in the first component
of the series is likely to reflect the actual driver behavior and can be
regarded as “intentional volatility” by the driver, i.e., due to aggressive
self-driving when the driver is in control. As shown in Fig. 3, the in-
tentional volatility may be reflected in instantaneous driving data
20-30 seconds before the crash/near-crash (see the first part of the
profile in Fig. 3 — indicated in pink background). Whereas, the second
component may reflect “unintentional volatility” in the sense that the
driver may have taken evasive maneuvers to avoid the crash or near-
crash event or lost the control. The unintentional volatility can be re-
flected in driving data immediately before the unsafe outcome (say
5-10 seconds before the crash/near-crash event), as highlighted in light

Tirme {one-tenth of seconds)

green background in Fig. 3. We call it “unintentional volatility” as the
driver may have already anticipated the crash/near-crash in this case
and is undertaking preventive measures to avoid the crash, i.e., evasive
maneuvers. Also, the volatility immediately prior to the crash is likely
to contain volatility due to loss of control before the crash (Wali et al.,
2018c). We sincerely thank the four reviewers who highlighted this
issue as well.

The fundamental objective of this study is to explore the links be-
tween driving volatility and crash propensity. As is evident, combining
the two sources of volatility (intentional vs. unintentional) to explain
the unsafe outcomes can lead to bias due to reverse causation, i.e., the
volatility measures using 30-seconds data will not only reflect the ac-
tual driving behavior but also volatile driving behaviors due to risky
situations/external events. Conversely, by aggregating the different
components of volatility, evasive maneuvers that allowed a driver to
avoid a crash would also be interpreted as increasing volatility. In this
case, high volatility may then be associated with near-miss outcomes,
again not due to driver behavior in general but due to a driver’s reac-
tion to unobserved situational variables. In this case, the first portion of
the time series, i.e., intentional volatility can be used to explain the
occurrence of unsafe outcomes (Wali et al., 2018c). As illustrated in
Fig. 3, much of this bias may be eliminated by censoring data used to
calculate different volatility measures in the time period immediately
before a crash or near-crash outcome occurs; i.e., censoring to remove
the influence of driver reactions immediately prior to a crash from the
volatility measures while retaining volatility derived from driver be-
havior in the seconds leading up to, but not immediately before, a crash
or near-rash event. As such, we also consider generating segmented
volatility indices based on different time bins, and which can separate
out how volatility in time to crash (or near-crash) relates to crash
propensity (Fig. 3).
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Fig. 4. Methodology for Characterizing Driving Volatility Prior to Involvement in Safety Critical Events.

3.5. Calculation of volatility

or
Velocity =v = —
v at @
Driving volatility captures the extent of variations in driving,
especially hard accelerations/braking and jerky maneuvers (Khattak Acceleration = a = o _ &r
ot &% 3

et al., 2015; Liu et al., 2015a; Wang et al., 2015; Liu and Khattak, 2016;
Kamrani et al., 2017; Wali, 2018; Wali et al., 2018b, c). Different in-
stantaneous driving performance measures such as vehicle speeds, ac-
celerations/decelerations, and/or steering angles can be used for esti-
mation of volatility indices in longitudinal directions (Quddus, 2013;
Kim et al., 2016; Liu and Khattak, 2016). For details, see (Wali et al.,
2018b). Another important driving decision is in the lateral dimension,
e.g., lane change decisions. Larger volatility in lateral dimension may
also be associated with unsafe outcomes (Wali et al., 2018c). Another
measure recently introduced in the literature for characterizing driving
volatility is vehicular jerk (Wang et al., 2015; Wali et al., 2018c). Ve-
hicle jerk is basically defined as the rate of change of vehicle accel-
eration with respect to time. Compared to accelerations/decelerations,
vehicular jerk represents drivers’ decisions to change marginal rate of
acceleration or deceleration, and may better characterize driving vo-
latility in instantaneous driving decisions (Wali et al., 2018b, c). In
relevance to the current study, Feng et al. (2017) concluded the better
potential of longitudinal vehicular jerk to identify “aggressive” drivers
(Feng et al., 2017). However, vehicular jerk measures in lateral direc-
tion are not widely used (Wali et al., 2018c).

To fully characterize volatility in instantaneous driving decisions,
we use both acceleration and vehicular jerk based performance mea-
sures (Fig. 3). As deceleration profiles usually have higher variations
(Kamrani et al., 2017), separate volatility measures for acceleration and
deceleration are used. Likewise, separate volatility indices are gener-
ated for positive and negative jerk values. While doing so, both long-
itudinal and lateral dimensions are considered in calculation of vola-
tility prior to involvement in safety critical events, and which can better
characterize the complex mechanism of instantaneous driving decisions
in longitudinal and lateral directions (Fig. 3). Fig. 4 illustrates the
methodology for characterizing driving volatility. For the sake of
completeness, the formulae for velocity, acceleration, and vehicular
jerk are shown in Egs. (1)-(4):

r = Position (€9)

. . da Jw _ &r

Vehicular Jerk = j = Pl )
Where: % indicates derivative of a performance measure (velocity, ac-
celeration, etc.) with respect to time, and 6t is a small change in time "t"
(set to 0.1 s in our case).

Specifically, the on-board data acquisition systems installed in ve-
hicles provide high-resolution motion data at a frequency of 10 Hz
(TRB, 2013). Instantaneous longitudinal and lateral acceleration pro-
files are recorded for the entire trip. However, compared to drivers’
performance throughout the entire trip, instantaneous driving decisions
in the seconds leading up to, but not immediately before, a crash or
near-rash event are more relevant and crucial. As such, the EDT pro-
vides instantaneous motion data, 30s for every safety critical event
(crash/near-crash) and 20 s for every baseline event (TRB, 2013). The
30-second driving behavior data can be interpreted as driving decisions
undertaken immediately before the occurrence of crash or near-crash
event.

A total of 2.2 million observations are used in this study for calcu-
lation of volatility indices for 9574 driving events (discussed later in
detail). As shown in Fig. 4, for each event, acceleration and deceleration
values are separated, and mean and standard deviations calculated for
each. As a measure of volatility, coefficient of variation is used in the
present study’, i.e., the standard deviation(s) are then divided by mean

3 Kamrani et al. (2017) (Kamrani et al., 2017) introduced coefficient of var-
iation as a measure for characterizing driving volatility in connected vehicles
environment. The coefficient of variation is a measure of variability used ex-
tensively in time-series finance literature (Weber et al., 2004) and recently in
transportation literature (Kim et al., 2016; ; Wali et al., 2018b). Compared to
standard deviation or variance, coefficient of variation is scale in-sensitive and
this property allows meaningful comparisons between the volatility in in-
stantaneous driving decisions in different safety critical and baseline events.
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values to get an estimate of relative variability in instantaneous driving
decisions across different events. Similar procedure is repeated for ac-
celeration/decelerations in lateral direction, and for vehicular jerk
(both positive and negative) in longitudinal and lateral directions
(Fig. 4). For example, for each event, we first calculated vehicular jerks
using the instantaneous vehicular acceleration data each one-tenth of a
second (see Eq. (4) above). Then, we separated out positive and nega-
tive vehicular jerks for each event. Finally, for calculating volatilities
associated with positive vehicular jerk, we calculated the standard
deviation of positive vehicular jerk and divided it by its mean value. For
negative vehicular jerk, we divided the corresponding standard devia-
tion by the absolute mean value of negative vehicular jerk for each
event. The same procedure was repeated for vehicular jerk in lateral
direction. Finally, considering the discussion on different components
of volatility (see Section 3.4), 24 different volatility measures are
considered in this study based on the whether the entire 30s, starting
20's, or 25 s data are used* (Table 1). For ease of interpretation, all the
24 volatility measures are indexed (Table 1). For example, referring to
Table 1, Longitudinal Vol .. x indicates longitudinal volatility in
positive vehicular jerk calculated using the entire 30-seconds data, the
starting 20s, or the starting 25s driving data (indicated by subscript
“K”). That is, the three different data schemes, entire 30-seconds data,
first 20-seconds data, first 25-seconds data, used in calculation of vo-
latility indices are indexed by K = 1, K = 2, and K = 3 respectively (see
top row in Table 1). For instance, volatility in positive vehicular jerk in
longitudinal direction calculated using the entire 30-seconds data is
indexed as Longitudinal Vol .. x—,- Whereas, volatilities in positive
vehicular jerk in longitudinal direction calculated using the first 20-
seconds and first 25-seconds data are indexed as
Longitudinal Vol x—, and Longitudinal Vol,,;_j. x5 respectively.
Note that the SHRP 2 NDS provides 30-seconds microscopic vehicle
trajectory data for each of the safety-critical events (crashes/near-cra-
shes), and which were used in this study. In addition, 29-30 seconds
videos are also available for majority of the safety-critical events.
However, we discovered that a safety-critical event does not need to
occur exactly at the end of the 30-seconds trajectory data or at the end
of the corresponding video files. In other words, the safety-critical event
can take place before the end of the event data/video file, e.g., after 20 s
while the event data is provided for the entire 30-seconds. Using the
entire 30-seconds data in this case will distort the results, especially
with respect to intentional vs. unintentional volatility. While it is not
practical to manually check all of the video files for safety-critical
events (as there are thousands of events), we manually checked the
video files of a completely random sample of 100 crashes to exactly
record the time at which the event occurred during the 30 s video files.
For the decision of using all the 30s data to be reasonable, we would
expect the distribution of the event occurrence times to be left-skewed,
i.e., majority of the event occurrence times would be expected to occur
at the end of the trajectory/video files. Out of the 100 randomly sam-
pled crashes, videos were available for 59 of them. For these 59 crashes,
the video duration was 30s for all except one crash (13s). After

“#Instead of a fixed censoring scheme used in this study (i.e., using the first 20
or 25 second of data in calculation of intentional volatility for all safety-critical
events), a better choice could be to use the time a driver starts reacting as the
time to differentiate “intentional volatility” and “unintentional volatility”. In a
separate and more recent research effort (results available from the authors)
(Wali and Khattak, 2019), the authors used the driver’s reaction time as the
time to differentiate between intentional and unintentional volatility for all the
events collected under NDS till date (N = 40,000 events). Using the time a
driver starts reacting as the criterion, on average around 21.51 and 22.61
seconds of driving data were used for calculating intentional volatilities for
near-crash and crash-events respectively (Wali and Khattak, 2019). Thus, our
choice of using 20-seconds of data seems reasonable. In fact, keeping in view
the above results, our estimates of “intentional volatility” are likely con-
servative.
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extracting the event (crash) occurrence time from these 59 videos, we
conducted a descriptive analysis to see the distribution of the data. The
resulting distribution of event occurrence time (in seconds) was highly
skewed to the left with a skewness parameter of -1.92 (skewness of less
than -1 indicates heavily skewed distribution to the left) and kurtosis
parameter of 10.887 (kurtosis value for a normal distribution is exactly
3). The mean event occurrence time was 24.70 s (median of 25 s) with a
small standard deviation of 2.39s. This analysis highlights that the
decision to use the entire trajectory data for calculation of volatilities is
reasonable, given that all the videos cannot be manually checked.
However, out of the 59 crash events, we found one shorter duration
video of 13 s for a crash event. That is, 1% of the crashes in the sample
may be like these if we have the event videos for all of them.

From a perspective of calculating intentional volatility, the de-
scriptive analysis of event occurrence times extracted from videos re-
vealed a 250 percentile value of 24 s, i.e., for around 14 events (25% of
59 crash events) the crash-event occurred at 24 s or earlier in the event
video files. Likewise, the 5% percentile value of event occurrence time
was 21s, which is also the smallest event occurrence time for the
randomly sampled crashes (N = 2 events occurring at 21s in event
video files). Thus, given this data observability issue, and the im-
practicality of manually checking thousands of videos, one would
conceptually prefer using the first 20-seconds of driving data in calcu-
lation of “intentional volatility” compared to using the first 25-seconds
of the driving data, as using the latter scheme may not fully separate out
intentional and unintentional volatility for the events with event oc-
currence time of less than 25 s in the video streams. For more than 90%
of the sampled events, the event occurrence time was greater than 22s.
Thus, for the sake of conservative inferences, using the first 20-seconds
driving data can better separate out intentional vs. unintentional vo-
latility even for events that occurred earlier in the video files (such as at
225), keeping in view the average perception-reaction time of 2.5s.
However, this may also imply that we may not have some creep from
unintentional volatility due to the crash, especially for crash events
with event occurrence times around 21s. The extent of this, none-
theless, would be low given that only 2% of the cases had an event
occurrence time of 21 s in the video files if we have videos for all the
events. Contrarily, using the first 20-seconds of driving data will also
imply discarding a portion of “intentional” volatility for events that
occurred at 25 s or after, in the event video files (the event occurrence
time for 50% of the randomly sampled events was 25 s or greater). But,
as mentioned earlier, for the sake of disentangling unintentional and
intentional volatility to the extent possible, and to produce conservative
inferences given that 50% of the events occurred before 25s in the
video files, it would be conceptually better to use the first 20-seconds
driving data. We empirically examine, nonetheless, both of the data
censoring schemes in the analysis presented next.

From a comparability perspective, the lengths of the durations for
calculation of volatility indices for baselines and safety critical events
are different. That is, the length of each baseline event is 20 s, whereas
the length of safety critical events is 30s. However, as discussed in
detail above, a safety-critical event does not need to occur exactly at the
end of the 30-seconds trajectory data or at the end of the corresponding
video files. Ideally, equal lengths of the durations of driving data in the
NDS for baselines and safety-critical events would be preferable.
However, the volatility indices are still comparable because the dura-
tion of baseline events should not significantly alter the time-series
distribution of microscopic driving decisions, assuming that the 20-
seconds baseline driving profile on-average is representative of the
entire (baseline) driving profile for a specific driver. Finally, given the
data observability issue discussed above, the final models are based on
20-seconds driving data for safety critical events whereas 20 s driving
data are used for baselines as well, thus making them pretty much
comparable.
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3.6. Statistical models

Once the event specific volatilities (24 different volatility measures)
are calculated for each event, the correlations between crash propensity
and driving volatility are explored. Appropriate statistical models can
shed light on microscopic driving decisions i.e., driving volatility, and
how such decisions may be related to involvement in safety critical
events. The potential outcomes related to crash propensity are baseline
events, crash events, crash-relevant events, near-crash events, and non-
subject conflict events. As can be seen, the response outcome is discrete
and exhibits some ordering. However, un-ordinal probability models
can be applied for the analysis of ordinal categorical outcomes (as is
widely done in the literature), as such models are not afflicted with
some of the key restrictions imposed by traditional ordinal probit and
logit models (Savolainen and Mannering, 2007; Savolainen et al., 2011;
Iranitalab and Khattak, 2017) and the references therein. Thus, un-or-
dinal multinomial logit discrete framework is used in this study. Fol-
lowing McFadden et al. (McFadden, 1973), a crash propensity function
determining the outcome “i” of a specific event “j” can be defined as:

CPj = Xy + & 5)
Where: CF; is a crash propensity function determining the safety out-
come “i” (if event was baseline, crash, crash-relevant, near-crash, or

wn,

non-subject conflict) for event “”; Xj; is the matrix of explanatory
variables (driving volatility related variables, pre-crash maneuvers,
weather, or traffic factors); §; is the vector of estimable parameters
related to each explanatory factor in Xj;, and ¢; are the error terms.
Following McFadden (1973) (McFadden, 1973) and Train (Train,
2003), if g; are assumed to be generalized extreme value distribution,
the multinomial logit model can be formulated as (Wu and Jovanis,

2012):

exp (B Xj |
2 exp[BXy] (6)

Where: P, (i) is the probability of specific outcome “i” (from the super-
set of all possible categories “I” defined earlier) for event “j”. Following
(Train, 2003), the following log-likelihood function can be solved to get

estimates of g;:

j=1

P (i) =

I
DNy | By — LNZ exp (B,Xy)

i=1

)

Where: ¥ is an indicator equal to 1 if observed response outcome for
event “j” is “i”, and 0 otherwise (Train, 2003). For further details about
the fundamentals of the statistical methods used, see (Wu and Jovanis,

2012).

3.6.1. Unobserved heterogeneity

The key focus of this study is to investigate correlations between
driving volatility related measures and crash propensity. Crash pro-
pensity can be influenced by different factors, some of which are ob-
served while other factors are unobserved in the data at hand. Given
such unobserved factors, the correlation between explanatory factors
(such as driving volatility indices) and crash propensity may vary across
different events, and which is referred to unobserved heterogeneity in
the literature (Train, 2003). In addition, the issue of possible omission
of relevant and important explanatory factor(s) from the modeling
framework has also serious implications (Washington et al., 2010;
Jovanis et al., 2011). For example, if important explanatory factor (e.g.,
education, age, gender etc.) that may influence driver’s performance is
omitted from the model, it may happen that the observed correlation
between driving volatility indices (observed explanatory factor) and
crash propensity may be an outgrowth of those omitted factors, and not
true correlation between volatility and crash propensity (Washington
et al.,, 2010). Note that, the unobserved factors need not to be only
driver-related but can also include other omitted and important

10

Accident Analysis and Prevention 132 (2019) 105277

variables, such as situational variables (Jovanis et al., 2011). For in-
stance, while the SHRP 2 NDS database contains very detailed context-
specific data, information on certain situational variables such as more
complex situations, shorter sight distances, erratic driving be other
motorists may not be available. These omitted situational factors may
also be correlated with crash propensity. In our case, all such un-
observed factors (driver-specific, vehicle-specific, environment-specific,
and situation-specific, to name a few) that are likely to be correlated
with crash propensity become a portion of the unobserved hetero-
geneity. As such, the statistical methods used in this study account for
all different types of unobserved variables. To reach reliable conclu-
sions about the correlation between driving volatility and crash pro-
pensity, it is crucial to account for the afore-mentioned methodological
concerns. To account for these issues (Savolainen et al., 2011; Kamrani
et al., 2017), a random parameter framework is adopted where the §;
are allowed to vary across different events according to some pre-spe-
cified distribution® . Following (Train, 2003), a mixing distribution is
introduced in random parameters logit model, where the logit frame-
work now becomes:

(x)—f

Where: f(Bg) is the density function of 8 conditional on the vector of
parameters for the density function denoted ¢. With the random
parameter logit model in Eq. (8), 8 can now account for driver-specific
variations of the effect of X; on probabilities of different crash pro-
pensity outcomes, and with 8 determined by approximating the integral
in Eq. (8) by drawing from a pre-specified density function f(Bp)
(Train, 2003). The estimation proceeds with Maximum Simulated
Likelihood procedures where Halton draws (compared to random
draws) are used in the simulation process. In this study, 1000 Halton
draws are used for parameter estimation, nonetheless, 200 Halton
draws are reported to produce accurate parameter estimates (Bhat,

exp [ X

d
[ﬁij]fw P)dp

(8

® Over here, we clarify between the traditional multilevel (fixed and random
effects models) and random parameter models. Note that the terminology of
grouping variable used earlier for interpreting the results of traditional ANOVA
is irrelevant to random parameter logit or mixed logit models (used in this
study) and is only relevant to traditional multilevel (fixed- and random-effects)
models (which are not used in this study). The fixed- and random-effect
methods are typical techniques to incorporate unobserved heterogeneity in a
“panel data” setting. In other words, using multilevel models (fixed- and
random-effects) essentially implies that the analyst is working with panel data
(Greene and Hensher, 2010; Wooldridge, 2010). That is, a “panel or group”
data setting is usually employed for the application of fixed- and random-effects
(multilevel) estimators (Wooldridge, 2010; ; Wali et al., 2018a). With tradi-
tional multilevel estimators, the individual-specific unobserved heterogeneity is
captured in the constant term/intercept in a panel data setting (Greene and
Hensher, 2010; Wooldridge, 2010). Subsequently, the rule of thumb is to have
large enough sample size at level two grouping variable in a multilevel mod-
eling framework for obtaining unbiased results (Wooldridge, 2010). However,
this rule of thumb only applies to “panel data” multilevel models and does not
apply to the cross-sectional application of simulation-based random parameter
logit models estimated in this study. As opposed to multilevel (fixed- and
random-effect) methods which necessitate panel data or grouping variable
approach, simulation-based random parameter logit models can be applied both
in cross-sectional (as is the case in present study) and panel setups. By using
simulation-based maximum likelihood estimation (such as Monte Carlo in-
tegration or Markov Chain Monte Carlo methods), the random parameter
modeling technique allows the possibility of coefficients on explanatory vari-
ables to vary across individual observations (which in our case is event severity
- baselines, near-crashes, crashes) or groups (in case of panel data) (see Chapter
11 in (Greene, 2011) for details). As a result, the random parameter logit
models represent an elegant extension in which the researcher can expand the
amount of unobserved heterogeneity captured across individual observations
(baseline, crash, or near-crash events in our case) (Train, 2003). For further
details, see (Greene and Hensher, 2010;) (; ; Wali et al., 2018a).
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Fig. 5. Scatter and Density Plot Distributions of Longitudinal Acceleration and Speed in Baseline, Crash, and Near-Crash Events.

2003; Train, 2003). Regarding function form of the parameter density
functions, we have tested normal, lognormal, triangular, uniform, and
Weibull distributions. Further details can be found in (Train, 2003;
Anastasopoulos and Mannering, 2011; Kamrani et al., 2017).

Although crash propensity function in all the estimated random
parameter logit models are expressed in linear form, the logit trans-
formation restricts direct interpretation of parameter estimates (Naik
et al., 2016; Wali et al., 2018d). To intuitively interpret the modeling
results, marginal effects are estimated for the fixed- and random-para-
meter logit model (Naik et al., 2016). For a certain change in value of
explanatory factor, marginal effect suggests an instantaneous change in
the probability of a crash propensity outcome while keeping all other
factors at constant. Separate marginal effects are estimated for con-
tinuous and binary indicator variables. Following (Train, 2003), as
marginal effects can be different at different levels of explanatory fac-
tors, therefore the average marginal effects over the sampled events are
estimated.

4. Descriptive Analysis
4.1. Concept illustration and descriptive statistics

To understand how microscopic driving decisions vary across
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different events, Fig. 5 illustrates the distributions of longitudinal ac-
celeration against speed for baselines/normal driving events, crash
events, and near-crash events. As can be seen, high speeds (> 50-60
kph) are associated with smaller magnitudes of acceleration/decelera-
tion as well as smaller dispersion in acceleration/deceleration values,
i.e., lower volatility. Likewise, for each of baseline, crash, and near-
crash events, Fig. 5 provides the density scatter plot of the relationship
between longitudinal acceleration and speed. It can be seen that the
bandwidth of acceleration values at high speeds is tighter than the
bandwidth of acceleration values at low speeds. This finding corre-
sponds with our understandings of basic Physics principles according to
which the ability to accelerate a vehicle naturally decreases at higher
traveling speeds (Fig. 5) (Liu and Khattak, 2016; Khattak and Wali,
2017).

Importantly, Fig. 5 also reveals a smaller dispersion in microscopic
driver decisions in baselines events, compared to significantly greater
dispersion in case of crash and/or near-crash events (Fig. 4). This
finding suggests that drivers, on-average, are more volatile in crash and
near-crash events.

Next, Fig. 6 presents the distributions of eight aggregate volatility
measures considered in this study (i.e., eight volatility measures in-
dexed with subscript K = 1, see Table 1). For brevity, the distributions
of volatility measure calculated using the entire data (20 s for baseline
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Fig. 6. Distributions of Volatility Measures in Naturalistic Driving Environment Calculated Using the Entire Data.

and 30s for crashes/near-crashes) are shown (Fig. 5). All eight ag-
gregate volatility measures are not normally distributed and in fact
skewed to the right, with mean volatility statistic greater than the
median. Recall that coefficient of variation (Fig. 4) is used as a measure
to capture volatility in instantaneous driving decisions. Interestingly,
the four volatility measures based on longitudinal and lateral accel-
erations (top two plots in Fig. 6) exhibit similar patterns, whereas, the
volatility measures based on longitudinal and lateral vehicular jerks
have greater magnitudes as well as range. Broadly, this suggests that
vehicular jerk based measures may also better characterize the volati-
lity in instantaneous driving decisions as it accounts for the sharp rate
of change (within one-tenth of a second) in acceleration values (Liu and
Khattak, 2016; Feng et al., 2017; Wali et al., 2018b, c).

Next, to see if there are statistically significant differences between
aggregate driving volatility in safety critical events (crash, near-crash)
and baseline events, ANOVA analysis is performed and results shown in
Table 2. Our a-priori hypothesis is that compared to baseline (normal)
driving events, drivers may exhibit greater volatility in crash and/or
near-crash events.

Note that the below descriptive findings relate to driving volatility
indices calculated using the entire time-series (20 s for baselines, and
30 s for crashes/near-crashes) and not the segmented time series data
(see Section 3.4 for details). The rigorous statistical analyses presented
in next section carefully addresses the issue of intentional vs. uninten-
tional volatility and how it relates to crash propensity.

The top panel in Table 2 presents the summary statistics for all eight
volatility measures (calculated using the entire data — refer to the third
column in Table 1) and for each of the three event severities. Whereas,
the bottom panel summarizes the within- and between-group variances
across the three event severities. The within- and between-group var-
iances are obtained from one-way ANOVA analysis (LP, 2005). In
particular, the grouping variable is event severity, and which can be a
baseline, near-crash, and crash. The motivation behind using event
severity as a grouping unit is that we are interested in examining the
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magnitudes and variations in volatilities across different normal and/or
safety-critical events. Of course, the one-way ANOVA analysis of
driving volatilities can also be performed by considering other grouping
units such as driver gender, age-groups, or education status, etc.
However, we use the variable event severity given the primary focus of
characterizing extent of variations in microscopic driving decisions
within and across different events (baseline, crash, near-crash). The
following observations can be made from Table 2:

e For all eight volatility measures (except one) tested, compared to
baseline events, drivers on-average exhibit higher volatility in near-
crash situations, whereas drivers’ volatility in crash events is further
greater than in near-crash situations.

o Interestingly, for near-crash events, the volatility in deceleration in
longitudinal direction is greater than volatility in crash events
(mean of 1.42 and 1.21 for near-crash and crash events respec-
tively). This may be since drivers, in near-crash events, may react
quickly (and with high volatility) to avoid an actual crash, and thus
observed as near-crash.

e For volatility in longitudinal direction based on acceleration/de-
celeration measure, it is observed that drivers exhibit greater vola-
tility in deceleration as compared to their volatility in acceleration
(see mean values in top panel of Table 2 under longitudinal vola-
tility). This is intuitive as drivers may react quickly to potential
safety hazards in front of them and thus decelerate harder.

e For all volatility measures, compared to between-group variances,
within-group variances are greater, suggesting larger variance in
volatilities exhibited by different drivers involved in events of si-
milar severity. This is intuitive given the driver-specific differences
and that different drivers may respond differently even in same si-
tuations.

Finally, for all the eight volatility measures, there is statistically

significant evidence that driver volatilities in baseline, near-crash,

and crash events are significantly different (see F-statistics and
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Table 3
Descriptive Statistics of Key Variables.

Variable N Mean Std. Dev. Min Max VIF

Key Volatility Indicators (entire 30 seconds driving data)*

Longitudinal Vol,os_jerc k=1 9593 1.195 0.638 0.28 9.13 4.75
Longitudinal Volneg_je,kszl 9593 0.997 0.503 0 6.59 4.73
Lateral Volpos—jerk, k=1 9593 1.107 0.488 0.47 7.43 4.72
Lateral Volyeg—jerk, k=1 9593 0.942 0.387 0.43 5.90 4.46
Longitudinal Voly,coieration, k=1 9593 0.827 0.323 0 5.17 1.14
Longitudinal Volyyeeteration k=1 9593 0.849 0.394 0 6.09 1.65
Lateral Volgeceleration, k=1 9593 1.037 0.390 0 5.92 1.28
Lateral Volgeceleration, k=1 9593 0.776 0.299 0 4.27 1.26
Key Volatility Indicators (first 20 seconds driving data)*

Longitudinal Vol oo k=2 9593 1.024 0.270 0.28 5.70 2.15
Longitudinal VOZneg—jerk,K:Z 9593 0.836 0.184 0 3.30 1.86
Lateral Volpos—jerk, k=2 9593 1.012 0.309 0.47 14.07 2.36
Lateral Volyeg—jerk k=2 9593 0.854 0.202 0 4.03 2.20
Longitudinal Volyeeeiergtion, k=2 9593 0.800 0.303 0 4.16 1.03
Longitudinal Volgeeeleration, k=2 9593 0.721 0.211 0 2.41 1.12
Lateral Volaeceleration, k=2 9593 0.986 0.365 0 6.99 1.07
Lateral Volgeceleration, k=2 9593 0.717 0.211 0 2.47 1.16
Key Volatility Indicators (first 25 seconds driving data)*

Longitudinal Vol e k=3 9593 1.168 0.600 0.28 9.06 4.09
Longitudinal Vol,eq _jeric k3 9593 0.984 0.491 0 6.46 4.08
Lateral Volpos—jerk, k=3 9593 1.093 0.476 0.47 8.72 4.01
Lateral Volpeg—jerk,k=3 9593 0.930 0.370 0.43 5.62 3.85
Longitudinal Voly ciergtion, k=3 9593 0.822 0.322 0 5.17 1.07
Longitudinal Volyyeeieration, k=3 9593 0.840 0.386 0 6.08 1.74
Lateral Volgeceleration, k=3 9593 1.029 0.392 0 7.27 1.16
Lateral Volgeceleration, k=3 9593 0.767 0.294 0 5.25 1.52
Drivers' Secondary Task Durations

Secondary Task 1 (duration in seconds) 9593 2.092 2.720 0 24.12 1.16
Secondary Task 2 (duration in seconds) 9593 0.357 1.259 0 14.22 1.12
Secondary Task 3 (duration in seconds) 9593 0.047 0.465 0 15.00 1.07
Adjusting/monitoring other devices, 0 otherwise 9593 0.008 0.092 0 1 1.03
Engaged with cell-phone, dialing hand-held 9593 0.002 0.040 0 1 1.04
Cell-phone, Texting 9593 0.023 0.149 0 1 1.06
Looking at pedestrian 9593 0.004 0.061 0 1 1.09
Pre-Incident Maneuvers

Changing lanes 9593 0.038 0.190 0 1 1.06
Making U-turn 9593 0.002 0.046 0 1 1.03
Merging 9593 0.003 0.059 0 1 1.03
Passing or overtaking 9593 0.005 0.071 0 1 1.09
Legality of Maneuvers

Maneuver is safe and legal 9593 0.893 0.309 0 1 1.83
Maneuver is safe but illegal 9593 0.021 0.142 0 1 1.44
Maneuver is unsafe but legal 9593 0.027 0.162 0 1 1.31
Driver Behavior

Unfamiliar/inexperience with roadway 9593 0.003 0.050 0 1 1.45
Aggressive Driving 9593 0.002 0.046 0 1 1.65
Drowsy, sleepy, fatigued 9593 0.013 0.112 0 1 2.12
Angry 9593 0.005 0.069 0 1 1.12
Number of occupants

Front Seat Passengers 9593 1.279 0.449 1 3 1.12
Rear Seat Passengers 9593 0.106 0.416 0 5 1.08
Intersection-Roadway Influence

Intersection influence: Traffic Signal 9593 0.124 0.329 0 1 1.13
Intersection influence: Uncontrolled 9593 0.034 0.181 0 1 1.05
Intersection influence: Stop sign 9593 0.034 0.181 0 1 1.08
Divided Roadway 9593 0.400 0.490 0 1 2.10
Not Divided - 2 way Traffic 9593 0.431 0.495 0 1 2.05
Traffic Flow Factors

Level of Service: Al 9593 0.406 0.491 0 1 1.78
Level of Service: A2 9593 0.300 0.458 0 1 1.56
Unstable Flow 9593 0.021 0.142 0 1 1.07
Dead Flow 9593 0.010 0.100 0 1 1.04

Notes: N is sample size; SD is standard deviation; and VIF is Variance Inflation Factor; (*) For definitions of the volatility indices, see Table 1 and associated text for
explanation; The three different data schemes, entire 30-seconds data, first 20-seconds data, first 25-seconds data, used in calculation of volatility indices are indexed
by K =1, K = 2, and K = 3 respectively (see text for explanation).
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Table 4
Overview of Statistical Models Considered in this Study.
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Category Key Volatility Variables as Correlates Statistical Models
Fixed Parameter Logit Random Parameter Logit
First set of models: Computed using Aggregate time series data
Category 1 Acceleration/Deceleration based volatility measures v v
Category 2 Vehicular jerk based volatility measures v v
Second set of models: Computed using censored time series data
Category 3 Volatility measures computed using first 20 seconds time series data* v v
Category 4 Volatility measures computed using first 25 seconds time series data* v v

Notes: (*) the performance measures (vehicular jerk vs. acceleration/deceleration) that provided statistically better results in first set of models are used in the second

set of models (category 3 and 4 models).

Section 3.4, the use of aggregate volatility measures will not allow us to
relate “intentional volatility” with crash propensity. In this regard, the
second set of statistical models contain segmented volatility measures
(calculated using censored time series data) as explanatory factors. For
convenience, we first present the goodness of fit results of statistical
models with aggregate volatility measures followed by presentation of
results of statistical models with segmented volatility measures.

5.1. Modeling scheme

Before presenting the results, we briefly present the overview of the
modeling scheme. As mentioned earlier, the first set of models use
aggregate driving volatility measures that are computed using the en-
tire driving behavior time series data (30 s for crash/near-crash and 20 s
for baseline events). Under this setting, for computing driving volatility,
two sets of performance measures are considered, i.e., acceleration/
deceleration and vehicular jerk. The statistical models with aggregate
vehicular jerk or acceleration/deceleration-based volatility measures as
explanatory variables are termed as Category 1 and Category 2 models,
respectively (see Table 4). The rationale behind considering these two
performance measures is to investigate if vehicular jerk-based driving
volatility (compared to acceleration/deceleration based) measures
better explain crash propensity or vice versa. For each of the two per-
formance measures, fixed and random parameter logit models are de-
veloped.

Next, to separate out the two components of driving volatility, i.e.,
intentional vs. unintentional volatility, second set of statistical models
are developed (Table 4). Under this setting, two schemes of censoring
mechanisms for time series driving behavior data are considered. In
particular, only the first 20 s time series data are used for computing
driving volatility measures in the first censoring scheme (see Tables 1
and 4). Whereas, in the second censoring scheme, the first 25s time
series data are used for computing volatility indices and the last 5s
driving data are not considered (Table 4). As explained in detail earlier,
the censoring of time series data can help in removing the influence of
driver reactions immediately prior to crash or near-crash outcomes
from the volatility measures while retaining volatility derived from
driver behavior in the seconds leading up to but no immediately before
the crash/near-crash event. Thus, using the best-fit performance mea-
sure under Category 1 and 2 models, censored versions of volatility
indices are considered in Category 3 and 4 models. For each of the two
categories, fixed and random parameter logit models are estimated
(Table 4).

5.2. Estimation results

The results of statistical models are discussed next that quantify the
correlations between crash propensity and driving volatility (aggregate
and segmented), after controlling for other traffic, crash, and un-
observed factors. First, a series of fixed-parameter logit models are es-
timated in which the parameter estimates were constrained to be fixed
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across all events. The fixed parameter multinomial logit models are
derived from a systematic process to include most important variables
(such as driving volatility related variables and others) on basis of
statistical significance, specification parsimony, and intuition. For ex-
ample, given the key focus, only volatility related variables were first
inserted into the crash propensity functions to better understand the
relationship between driving volatility and crash propensity. Driving
volatility related variables that were statistically significant at 90%
confidence level were retained in the corresponding crash propensity
functions. Once this was done, other important variables as shown in
Table 3 were inserted into the crash propensity functions in a step wise
fashion. In doing so, variance inflation factors (VIF) of explanatory
factors were examined to avoid multicollinearity issue. As discussed in
detail in methodology section, unobserved heterogeneity and omitted
variable bias are suspected and in presence of which accurate correla-
tions between driving volatility related measures and crash propensity
cannot be established. Therefore, random-parameter logit models are
estimated where all the parameter estimates were allowed (and tested)
to vary across different events. A parameter estimate that resulted in a
statistically significant mean and/or standard deviation was retained as
a random parameter in final model specification. If no standard de-
viation is presented for a particular variable, that variable should be
interpreted as fixed parameter. Below, we briefly explain the key model
comparison results from the first set of statistical models (using ag-
gregate volatility measures) and the second set of statistical models
(using segmented volatility measures). Note that the first set of models
are briefly discussed for the sake of completeness and are treated as
base models. As discussed in Section 3.4 in detail, a better way of
quantifying the correlations between driving volatility and crash pro-
pensity is to eliminate the seconds of driving data immediately prior to
crash/near-crash from the calculations of driving volatility, as done in
the second set of statistical models below.

5.2.1. Statistical models using aggregate volatility measures as explanatory
factors (volatility indices in Table 1 with K =1 subscript)

Under the first set of statistical models, eight different volatility
measures based on acceleration/deceleration and vehicular jerk in
longitudinal and lateral direction are considered (see Table 4). In par-
ticular, fixed and random parameter models with acceleration/decel-
eration-based volatility indices are termed as Category 1 models,
whereas models with vehicular jerk-based measures are termed as Ca-
tegory 2 models (Table 4). In the models above, both longitudinal and
lateral volatility are considered. Conceptually, we hypothesize that
vehicular jerk-based volatility measures may perform better than ac-
celeration-based measures as the earlier accounts for the sharp rate of
change (within one-tenth of a second) in acceleration values. Table 5
summarizes the goodness-of-fit results of fixed- and random-parameter
Category 1 and 2 logit models. It is seen that random-parameter models
in the two categories clearly outperformed their fixed-parameter
counterparts. This is evident from the significantly lower AIC and BIC
values for random-parameter models (Table 5). Also, the results of
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Table 5
Model Comparison Using Aggregate Driving Volatility Measures.
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Category 1 Models

Category 2 Models

Random Parameters

Fixed Parameters

Random Parameters Fixed Parameters

Number of Parameters 45

Log-likelihood at zero —6202.12

Log-likelihood at convergence —2568.27

AIC 5226.54

Bozdogan’s CAIC 5593.93

Likelihood Ratio Test Random vs. Fixed Parameters
Likelihood Ratio x? Statistics 82.48

DF 8
Critical % (DF, 0.01) 20.09

37 39 33
—6202.12 —-6202.12 —6202.12
—2609.51 —2001.71 —2044.20
5293.02 4081.42 4154.41
5595.10 4399.83 4423.82

Random vs. Fixed Parameters

84.98

6

16.812

Notes: Category 1 models include acceleration/deceleration-based volatility measures as explanatory factors; Category 2 models include vehicular jerk-based vo-
latility measures as explanatory factors; AIC is Akaike Information Criterion; CAIC is Bozdogan’s Consistent AIC; DF is Degree of Freedom.

Table 6
Model Comparison Using Segmented Driving Volatility Measures.

Category 3 Models

Category 4 Models

Random Parameters

Fixed Parameters

Random Parameters Fixed Parameters

Number of Parameters 35

Log-likelihood at zero —6202.12

Log-likelihood at convergence —4521.09

AIC 9112.18

Bozdogan’s CAIC 9397.93

Likelihood Ratio Test Random vs. Fixed Parameters
Likelihood Ratio %2 Statistics 25.32

DF 4
Critical % (DF, 0.01) 13.277

33 38 33
—6202.12 —6202.12 —6202.12
—4533.75 —2411.88 —2475.94
9133.50 4899.76 5017.88
9402.92 5210.00 5287.30

Random vs. Fixed Parameters

128.11

5

15.086

Notes: Category 3 models include vehicular jerk-based volatility measures calculated using first 20-seconds time series data as explanatory factors; Category 4 models
include vehicular jerk-based volatility measures calculated using first 25-seconds time series data as explanatory factors; AIC is Akaike Information Criterion; CAIC is

Bozdogan’s Consistent AIC; DF is Degree of Freedom.

likelihood-ratio test are reported which suggest that random-parameter
models are statistically superior to their fixed parameter counterparts at
99.5% confidence level (Table 5) (Washington et al., 2010). Specifi-
cally, the parameter estimates for eight variables each in Category 1
model, and six variables in Category 2 models are found to be normally
distributed random parameters, suggesting significant heterogeneity in
the effects of explanatory factors (including aggregate volatility mea-
sures) on crash propensity (Table 5). Importantly, both for fixed- and
random-parameter approaches, vehicular jerk based longitudinal and
lateral volatility measures (category 2 models) performed statistically
superior to acceleration-based volatility measures (category 1 models).
After adjusting for the degrees of freedom differences, this is evident
from the significantly lower AIC and Bozdogan’s CAIC values for cate-
gory 2 models against category 1 models (Table 5). This finding is in-
tuitive and expected as hypothesized earlier.

5.2.2. Statistical models using segmented volatility measures as explanatory
factors (volatility indices in Table 1 with K =2 or K = 3 subscripts)

To separate out the different components of driving volatility in
time to crash/near-crash, this section briefly presents the results of
statistical models with segmented driving volatility measures calculated
either using first 20-seconds time series data (Category 3 models) or
first 25-seconds time series data (Category 4 models). To account for
unobserved heterogeneity and omitted variable bias, both fixed and
random parameter logit models are estimated. As vehicular jerk-based
volatility indices significantly outperformed acceleration/deceleration-
based volatility indices (see earlier section), only vehicular jerk-based
volatility indices are considered in this set of statistical models. Table 6
summarizes the goodness-of-fit results of fixed- and random-parameter
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Category 3 and 4 logit models. Several insights can be obtained from
the results presented in Table 6. First, models with vehicular jerk-based
volatility measures that are calculated using first 25s time series data
(Category 4 models) significantly outperformed the models with vola-
tility measures calculated using the first 20-seconds time series data
(Category 3 models). This can be seen from the significantly lower AIC
and CAIC values for Category 4 models. However, given the important
conceptual and data observability issues presented in section 3.4 re-
garding event occurrence times in the corresponding video files, we
prefer the statistical models based on first 20 s time series data on ve-
hicular jerk.®

Second, owing to the presence of unobserved heterogeneity and
potential omitted variable bias, the random-parameter models in the
two categories clearly outperformed their fixed-parameter counter-
parts, as indicated by lower AIC/CAIC values for random parameter
models and likelihood ratio test statistics favoring random parameter
models (Table 6).

Table 7 shows the results of random parameter Category 3 model,
i.e., models estimated with segmented vehicular jerk-based volatility
measures based on first 20-seconds driving data. To contrast the

® The finding that models with segmented volatility measures based on first
25-seconds data resulted in best-fit is intuitive because these models are using
more driving behavior data points compared to models with volatility measures
based on first 20-seconds driving data. In fact, the evasive maneuvers a driver
does just prior to a crash/near-crash are indicators of an unsafe event. However,
as we are interested in trying to quantify the effects of “intentional volatility”
on crash propensity, we prefer and use the models with segmented volatility
measures based on 20-seconds data (as discussed in Section).
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Estimation Results of Random Parameter Logit Models for Crash Propensity with Segmented Vehicular Jerk Based Driving Volatility Measures*.

Variable Category 3 Model: Fixed Parameter Logit Category 3 Model: Random Parameter Logit

Crash Near-Crash Crash Near-Crash

B z-score B z-score B z-score B z-score
Constant -4.192 —15.84 -2.718 -11.59 —4.378 -13.99 —2.785 -9.67
Key Segmented Volatility Indicators (Based on first 20 seconds data

bin)**

Longitudinal Vol e k=2 1.679 9.82 1.223 6.9 1.854 8.77 1.281 5.9
Longitudinal Volm,gfjdrk_,(:2 — — 0.963 4.79 — — 1.242 3.98
Lateral Volpos—jerk, k=2 2.222 12.64 2.081 11.19 2.180 9.92 2.297 8.07
standard deviation — — — — 0.702 2.44 — —
Lateral Volyeg—jerk,k=2 — — —0.899 —4.49 — — —-1.305 —-2.85
standard deviation — — — — — — 1.998 3.34
Drivers' Secondary Task Durations
Secondary Task 1 (duration in seconds) 0.222 15.05 0.190 15.42 0.235 13.13 0.213 9.61
Secondary Task 2 (duration in seconds) 0.186 6.63 0.193 7.91 0.193 6.14 0.216 6.4
Legality of Maneuvers
Maneuver is safe and legal —2.297 -19.44 —2.140 —21.08 —-2.417 —15.68 —2.445 -9.91
Maneuver is safe but illegal —2.306 —7.54 —3.422 -8.32 —2.397 -7.14 —3.884 -6.42
Driver Behavior
Unfamiliar/inexperience with roadway 2.049 4.26 — — 2.393 4.38 — —
Aggressive Driving — — 3.220 4.02 — — 3.625 3.72
Front Seat Passengers —0.420 -3.97 —0.598 -6.94 —0.444 -3.85 —0.662 -6.11
Intersection-Roadway Influence
Intersection influence: Traffic Signal 0.766 6.21 1.080 12.08 0.777 5.71 1.306 7.52
Intersection influence: Uncontrolled 1.690 9.19 2.200 14.59 1.709 8.03 2.565 8.11
Divided Roadway —0.903 -7.29 — — —0.980 —-6.92 — —
Not Divided - 2-way Traffic —0.540 —4.99 0.005 0.06 —0.623 —-5.1 —0.208 -1.21
standard deviation — — — — — — 1.038 291
Traffic Flow Factors
Level of Service: Al — — —1.402 —15.67 — — -1.697 —7.61
Level of Service: A2 —-0.513 —4.56 —-0.937 —10.68 —0.539 —4.37 -1.105 -6.99
Unstable Flow — — 1.094 6.28 — — 1.108 3.49
standard deviation — — — — — — 2.238 2.59

Notes: (*) Baseline event is considered base category- all parameter estimates to be interpreted relative to baseline event; (1) refers to models with vehicular jerk-
based volatility measures calculated using first 20-seconds time series data. (**) The K = 2 subscript in the indices of volatility measures indicate that first 20-seconds

data are used in calculation of volatility measures (see Table 1 for details.).

Notes: (*) Baseline event is considered base category- all parameter estimates to be interpreted relative to baseline event; (1) refers to models with vehicular jerk-

based volatility measures calculated using first 20-seconds time series data.

differences, results of fixed parameter Category 3 model are also pre-
sented in Table 7. Finally, to better interpret the results, marginal ef-
fects are provided in Table 8 for the random parameter Category 3
model shown in Table 7. Marginal effects quantify the potential in-
crease (decrease) in the “exact probability” of observing a specific
outcome (event severity) with one-unit increase in a continuous ex-
planatory variable or a switch from 0 to 1 for a dummy variable, with
all other variables held constant (Train, 2003; Zhao and Khattak, 2015;
Wali et al., 2017a, b). However, if multiplied by 100, it quantifies the
“percentage increase (decrease)” in the probability of observing a crash
outcome (as an example) with one second increase in the value of a
specific continuous variable. The statistics shown in Table 8 are mar-
ginal effects multiplied by 100 for ease of interpretation. In discussing
the results, we use either of the two interpretations depending on the
context. To demonstrate the differences in the effects of explanatory
factors on crash propensity, Table 8 also provides the marginal effects
for fixed parameter Category 3 model. Given the conceptual motivation
presented in Section 3.4, we base our discussion on the results of Ca-
tegory 3 models only. Nonetheless, for completeness, the estimation
results of random parameter Category 1 and 2 models are presented in
Tables A1 Appendix A. In addition, the estimation results of fixed and
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random parameter Category 4 models are presented in Table A2 in
Appendix A.

While the focus of this study is to explore the heterogeneous cor-
relations between driving volatility and crash propensity, a validation
analysis is also performed using hold-out sample to test the accuracy of
the predictive power of the best-fit random parameter Category 3 logit
model (Zhao and Khattak, 2015). The data are divided into training and
testing samples based on a 70/30 split (N = 6685 and 2854 observa-
tions for training and testing samples respectively). The best-fit random
parameter logit model (see Table 6) was calibrated using the training
sample and predictions are then computed using testing, training as
well as overall data. To obtain predicted probabilities for the best-fit
random parameter logit model, we use 200 number of Halton draws for
simulating the probabilities. To minimize the influence of starting chain
values of Halton sequence on estimable predicted probabilities, we
discard the initial 20 Halton draws as burn-in sample. The results of
validation analysis are presented in Table 9.

Referring to the results of random parameter category 3 logit model
presented in Table 7, the final model structure is provided below. With
baseline event as a reference category, the probability of a crash event
can be calculated using Eq. (9) below:
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Table 8

Marginal Effects of Fixed- and Random-Parameter Category 3 Models.
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Variable

Effects on probabilities of the event outcomes (multiplied by 100)

Fixed Parameter Logit Model

Random Parameter Logit Model

Baseline Crash Near-Crash Baseline Crash Near-Crash
Crash Utility Function
Longitudinal Vol _jo x> —6.66 7.39 -0.73 -12.30 15.79 -3.49
Longitudinal Volyge_jer k=2 — — — — — —
Lateral Volpos—jerk, k=2 —8.82 9.78 -0.96 -18.29 22.77 —4.48
Lateral Volpeg—jerk,k=2 — — — — — —
Secondary Task 1 (duration in seconds) —0.88 0.97 —0.10 —0.86 1.17 —-0.31
Secondary Task 2 (duration in seconds) —1.50 —-0.08 1.60 -0.71 0.96 —0.25
Front seat passengers 1.67 -1.85 0.18 1.40 —-1.92 0.52
Maneuver is safe and legal 9.11 -10.11 0.99 17.22 —21.23 4.01
Maneuver is safe but illegal 9.15 -10.15 1.00 4.55 -6.33 1.78
Unfamiliar/inexperience with roadway —8.13 9.01 -0.89 -18.41 23.27 —4.86
Intersection influence: Traffic Signal —-3.04 3.37 -0.33 -3.49 4.58 —-1.09
Intersection influence: Uncontrolled —-6.71 7.44 -0.73 —10.62 13.55 —2.93
Divided Roadway 3.58 -3.97 0.39 3.27 —4.50 1.22
Not Divided - 2-way Traffic 2.14 -2.38 0.23 2.31 -3.11 0.80
Level of Service: A2 2.04 —-2.26 0.22 1.82 —2.48 0.66
Near-Crash Utility Function
Longitudinal Vol e x> —9.86 -0.53 10.39 -10.72 -1.80 12.52
Longitudinal Vol,eg_jn k=2 -7.76 -0.42 8.18 -10.31 -1.74 12.05
Lateral Volpos—jerk, k=2 -16.77 -0.90 17.67 —23.07 —3.26 26.33
Lateral Volpeg—jerk, k=2 7.25 0.39 —7.64 3.40 1.10 —4.51
Secondary Task 1 (duration in seconds) —1.50 —0.08 1.60 -1.34 —0.28 1.61
Secondary Task 2 (duration in seconds) —-1.60 —0.08 1.60 —-1.36 —-0.28 1.64
Front Seat Passengers 4.82 0.26 -5.07 3.52 0.81 —4.33
Maneuver is safe and legal 17.25 0.92 -18.17 24.13 3.27 —27.40
Maneuver is safe but illegal 27.58 1.48 —29.06 10.27 3.05 -13.32
Aggressive Driving —25.95 -1.39 27.34 —42.24 —-4.93 47.18
Intersection influence: Traffic Signal —8.70 —0.47 9.17 -10.41 -1.83 12.25
Intersection influence: Uncontrolled -17.73 -0.95 18.68 —26.52 —3.63 30.15
Not Divided - 2-way Traffic —0.04 0.00 0.04 —0.30 0.15 0.15
Level of Service: Al 11.30 0.61 —11.90 9.83 2.28 -12.11
Level of Service: A2 7.55 0.40 -7.95 6.46 1.34 —7.80
Unstable Flow —8.82 —-0.47 9.29 —14.95 —1.64 16.59

Note: Marginal effects (multiplied by 100) rounded to nearest two decimals; (—) indicates Not Applicable.

i

Pr(event = crash)

Pr(event = baseline)

) = B,y + B,; (Longitudinal Vol

pos—jerk,K:Z)

+ By (Lateral Volpgs_jerk, x=2)

+ B,;(Secondary Task 1 (duration in seconds)
+ f,4(Secondary Task 2

(duration in seconds))

+ B,s(Maneuver is safe and legal, 1/0)

+ B,s(Maneuver is safe butillegal, 1/0)

+ B,,(Unfamiliar/inexperience with
roadway, 1/0)

+ B,5(Front Seat Passengers)

+ B,y (Intersection influence: Traffic Signal,
1/0)

+ B,_1o (Intersection influence:
Uncontrolled, 1/0)

+ B,_,; (Divided Roadway, 1/0)

+ B,_1, ( NotDivided — 2

— way Traffic, 1/0)

+ B,_,; (Level of Service: A2, 1/0) 9)

Likewise, with baseline event as a reference category, the prob-

ability of a near-crash event can be calculated using Eq. (10):

n Pr(event = near — crash)
Pr(event = baseline)

)

= By + By (Longitudinal Vol o x_5)

+ By, (Longitudinal Vol,,,_jo x—>)

+ By (Lateral Volyos_jerk,k=2)

+ B,4; (Lateral Volyeg_jerk,x=2)

+ f3,5(Secondary Task 1 (duration in seconds)

+ f,¢(Secondary Task 2 (duration in seconds))

+ B,;(Maneuver is safe and legal, 1/0)

+ B,s(Maneuver is safe butillegal, 1/0)

+ S,y (Aggressive driving, 1/0)

+ B,_1o(Front Seat Passengers)

+ B,_;; (Intersection influence: Traffic

Signal, 1/0)

+ B,_1, (Intersection influence:

Uncontrolled, 1/0) + B, 5 ( NotDivided

— 2 — way Traffic, 1/0)

+ S, 14 (Level of Service: Al, 1/0)

+ S, 5 (Level of Service: A2, 1/0)

+ B, ;5; (Level of Service: Unstable Flow, 1/0)
(10)

Finally, the two probabilities for crash and near-crash outcomes
(calculated through Egs. (9) and (10)) can be subtracted from 1 to get
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Table 9
Predictive Accuracy of Best-Fit Random Parameter Model with Segmented
Vehicular-Jerk Based Volatility Measures As Explanatory Factors (Category 3
Model).

Model type and category Predicted Outcome

Baseline Crash Near-crash Total
Overall data
Baseline 7,374 45 137 7,556
Crash 424 116 135 675
Near-crash 793 71 455 1,319
Total 8,591 232 727 9,550
Percent correctly classified = 7958/9550 = 83.3%
Percent correctly classified - baselines = 7374/7556 = 97.5%
Percent correctly classified - crashes = 135/675 = 17.19%
Percent correctly classified - near-crashes = 455/1319 = 34.5%
Kendall's 7 b = 0.4814
Training data (in-sample)
Baseline 5,163 34 96 5,293
Crash 283 92 95 470
Near-crash 549 51 322 922
Total 5,995 177 513 6,685
Percent correctly classified = 5577/6685 = 83.4%
Percent correctly classified - baselines = 5163/5293 = 97.5%
Percent correctly classified - crashes = 92/470 = 19.5%
Percent correctly classified - near-crashes = 322/922 = 34.9%
Kendall's 7 b = 0.4895
Testing data (out-of-sample)
Baseline 2,211 11 41 2,263
Crash 141 24 40 205
Near-crash 244 20 133 397
Total 2,596 55 214 2,865

Percent correctly classified = 2368/2865 = 82.6%

Percent correctly classified - baselines = 2211/2263 = 97.7%
Percent correctly classified - crashes = 24/205 = 11.7%
Percent correctly classified - near-crashes = 133/397 = 33.5%
Kendall's 7 b = 0.4624

Notes: Kendall's 7 b is the Kendall’s rank correlation coefficients between the
nominal observed and predicted crash propensity, ranging between -1 and 1
showing perfectly positive or perfectly negative correlation.

11. APPENDIX A.

the change in probability for baseline outcome. Note that the “i” sub-
script with some of the § parameter estimates in Egs. (9) and (10) in-
dicate normally distributed random parameters (see Table 7).

6. Discussion
6.1. Safety effects of driving volatility

As mentioned in earlier section, we base our discussion regarding
the safety effects of driving volatility on the results obtained from
random parameter Category 3 model, i.e., model with vehicular jerk-
based volatility measures in longitudinal and lateral directions calcu-
lated using first 20-seconds driving data and contrast the results with
fixed parameter Category 3 model to highlight the implications of ig-
noring unobserved heterogeneity and possible omitted variable bias.
Furthermore, as the segmented volatility measures are likely to be re-
flecting the “intentional” driving behavior, we will refer to it as “in-
tentional volatility” in interpreting the findings below.

For crash outcome, the parameter estimates of volatility in positive
vehicular jerk both in longitudinal and lateral direction are positive and
statistically significant at 95% confidence level (Table 7). This suggests
that, compared to baseline events, greater “intentional” volatility is
associated with higher likelihood of involvement in a crash event. For
example, a one-unit increase in segmented volatility associated with
positive vehicular jerk in longitudinal direction
(Longitudinal Vol x—,) is associated with a 15.79% increase in
probability of observing a crash outcome (Table 8), compared to a
7.39% increase indicated by the fixed parameter counterpart (Table 8).
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That is, if we ignore heterogeneity in the effects of volatility related
factors due to systematic variations in unobserved factors, the resulting
magnitude of association can be underestimated by almost half. Like-
wise, a one-unit increase in volatility associated with positive vehicular
jerk in lateral direction (Lateral Volpos_jeri x=2) increases the probability
of crash outcome by 22.77% (see marginal effects in Table 8). However,
the parameter estimate for Lateral Volps_jer k=2 (segmented volatility in
positive vehicular jerk in lateral direction) is a normally distributed
random parameter with a mean of 2.18 and standard deviation of 0.70
(Table 7). This suggests that the associations are not fixed and vary
across different events. To visualize the heterogeneity in the effects of
random parameters, Fig. 7 shows the distributions of all random
parameters in Category 4 model, e.g., see box-plot 1 in Fig. 7 for po-
sitive vehicular jerk in lateral direction (Lateral Volys_jerk x=2)-

These findings are important because it imply that greater “inten-
tional volatility” in positive vehicular jerk in time to crash/near-crash
makes unsafe outcomes a more probable outcome. In addition, it shows
that intentional volatility in positive vehicular jerk in lateral direction
has more negative consequences than volatility in positive vehicular
jerk in longitudinal direction. We did not find statistically significant
association for volatility in negative vehicular jerk in longitudinal and
lateral directions’,® .

Coming to the effects of volatility on near-crash outcome, the results
intuitively suggest that an increase in segmented volatilities in positive

7 The important findings that increase in volatility increases the probability of
a crash outcome should be interpreted with some caution. Note that some level
of volatility will happen naturally due to surrounding driving environments and
will not be contributing to crashes (Khattak et al., 2015; Khattak and Wali,
2017). That is, zero volatility is not achievable practically on an average ve-
hicular trip, and does not necessarily imply safer driving. For example, drivers
have to respond to other road users and driving tasks required from driving
environments by decelerating and accelerating all the time. Thus, the question
then becomes what could be a reasonable volatility or a threshold indicating
high crash risk? In the literature, several measures are used to identify ag-
gressive or calm driving styles including the standard deviation of acceleration/
vehicular jerk, ratio of the standard deviation and the average acceleration in a
specific time window, and percentage of time acceleration exceeds a specific
threshold (Langari and Won, 2005; ; ; Liu and Khattak, 2016). Along these lines,
several key cutoff points for aggressive driving behavior based on acceleration
have been reported in the literature. For instance, in the context of urban
driving, 1.47 m/s? and 2.28 m/s*> were found as estimates of aggressive and
extremely aggressive accelerations thresholds (Kim et al., 2006; Kim and Choi,
2013), compared to the threshold of 0.85 - 1.10 m/s? for aggressive driving on
urban routes (De Vlieger et al., 2000). Likewise, based on analysis of police
crash reports or crash causation studies, strong positive connections between
aggressive driving and safety are also reported in the literature (Renski et al.,
1999; Paleti et al., 2010). A relatively recent naturalistic driving study by Kim
et al. (2016) found a strong correlation between rear-end crash rates and the
propensity of hard decelerations (below 4 m/s?) (Kim et al., 2016). As is evi-
dent, the thresholds reported in the literature are (intuitively) inconsistent
given that microscopic driving decisions are highly context-specific.

8 Thus, as part of future work, context-specific thresholds for driving volatility
indicating high crash risk in naturalistic settings should be developed.
Fundamentally, this translates to the categorization of continuous variables
(driving volatility based on acceleration/vehicular jerk, etc.) in crash risk
prediction. The number of categories (thresholds) into which a continuous
volatility-related variable can be categorized depends mainly on the nature of
relationship between volatility and crash risk. As a result, the need for adequate
characterization of the relationship must be borne in mind. To this end, one
way could be to employ innovative machine-learning based Generalized
Additive Modeling framework with tensor- or cubic-based splines to empirically
identify thresholds for driving volatility from the data at hand. Importantly,
potential safety-critical ‘trigger’ and ‘ceiling’ effects can also be identified for
key volatility measures (Li et al., 2010;, 2019). Also, the thresholds for low (or
high) volatility can vary by environmental conditions and vehicle and roadway
types (among other factors) used in the trip. These sources of variations in
instantaneous driving decisions suggest that such thresholds should be custo-
mized to the context and circumstances.
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Fig. 7. Distributions of Random-Parameters in Category 3 Model.

Notes:

(1) Volatility (Positive vehicular Jerk: lateral direction) Lateral Volyes_jerk k=2 —
utility function of crash outcome;

(2) Unstable traffic flow — utility function of near-crash outcome;

(3) Not Divided - 2-way Traffic — utility function of near-crash outcome;

(4) Volatility (Negative vehicular jerk: lateral direction) Lateral Volyeg_jerk,x=2 —
utility function of crash outcome.

and negative vehicular jerk in longitudinal direction increases the
probabilities of observing near-crash events (Table 7). For example, a
one-unit increase in segmented volatility associated with positive
(Longitudinal Vol x—,) and negative vehicular jerk in longitudinal
direction (Longitudinal Vol,,, ;.. r_,) increases the probability of near-
crash outcome by 12.52 and 12.05 percentage points, respectively (see
marginal effects in Table 8). Likewise, for near-miss outcomes, increase
in volatility in positive vehicular jerk in lateral direction
(Lateral Vol,os_jerk,x=2) is significantly and positively correlated with the
probability of near-crash outcome (Table 7). In particular, the effect of

volatility in positive vehicular jerk in lateral direction
(Lateral Vol,s_jerk,x=2) is significantly greater than the effect of volati-
lity in positive vehicular jerk in longitudinal direction

(Longitudinal Vol,,;_jo x—»)- That is, a one-unit increase in volatility
associated with positive vehicular jerk (lateral direction) increases the
chance of near-crash outcome by 26.33%, almost double the effect of
positive vehicular jerk (longitudinal direction) on near-crash outcome
(see Table 8). Again, the parameter estimates for this variable are found
to be normally distributed random parameters, suggesting that the ef-
fects vary significantly across the observations (see Fig. 7 for the dis-
tribution). Finally, an increase in volatility associated with negative
vehicular jerk in lateral direction (Lateral Volneg_jeri x=2) is negatively
correlated with near-crash occurrence, despite significant heterogeneity
not just in magnitude of effects but direction as well. That is, with a
mean of -1.305 and standard deviation of 1.998, the direction of as-
sociation is negative for 74.3% of the observations and positive for the
rest (Table 7).
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6.2. Safety effects of secondary task durations, passengers, & legality of
maneuvers

The estimation results in Table 7 also shed light on the associations
between secondary task durations, legality of maneuvers, and crash
propensity. Secondary tasks in this study primarily refer to distractions
related to non-driving related glances away from the direction of ve-
hicle movement’ (TRB, 2013). The results suggest that a one-second
increase in the duration of the first secondary task increases the prob-
ability of crash outcome and near-crash outcome by 0.0117 and 0.0161
units respectively (note that the marginal effects reported in Table 8 are
multiplied by 100 for ease of interpretation). Likewise, a one-second
increase in the duration of the second secondary task increases the
probability of crash and near-crash outcome by 0.96 and 1.64 percen-
tage points respectively (Table 8). These findings are in agreement with
previous studies (Klauer et al., 2006), and intuitive as any driver dis-
traction for larger amount of time are likely to result in unsafe out-
comes.

Regarding legality of maneuvers, some interesting findings surfaced
from the analysis. It is found that if a maneuver is safe (irrespective of
being legal or illegal), the likelihood of crashes and near-crashes de-
creases'® (Table 7). Likewise, if the driver is unfamiliar with the
roadway, the probability of crash outcome increases by 23.27 percen-
tage points, compared to only 9.01 percentage points increase in the
fixed-parameter model (Table 8). This finding is in agreement with
previous studies, e.g., (Klauer et al., 2006). Finally, Category 3 model
suggests that a one-unit increase in number of front seat passengers
decreases the probability of crash and near-crash outcome by 0.0192
and 0.0433 units respectively (Table 8). This is intuitive as accom-
panying front seat passenger may alert or warn the driver in case the
driver is anticipated to undertake an unsafe maneuver or action, or
perhaps the driver may just have less risky behaviors given the presence
of a passenger.

6.3. Safety effects of roadway and traffic flow factors

Compared to baseline events, the random parameter modeling re-
sults suggest that the probability of crashes or near-crashes increases at
intersections (Table 7). Within intersections, the likelihood of near-
crashes is higher on un-controlled intersections compared to intersec-
tions with traffic signals (Table 8). Contrary to intersections which have
higher likelihood of safety critical events, the likelihood of crashes or
near-crashes is on-average lower on roadways (Table 7). These findings
are intuitive as intersections generally involve more complex move-
ments and larger number of conflicts (Poch and Mannering, 1996; Chin
and Quddus, 2003; Ye et al., 2009; Kamrani et al., 2017). For instance,
compared to other roadway types, the chance of crash outcome de-
creases by 3.11 percentage points on undivided two-way roadways
(Table 8). However, the association between undivided two-way
roadways and near-crash outcome exhibits significant heterogeneity
with a mean of -0.208 and relatively larger standard deviation of 1.038,
translating to a negative effect for 57.9% of observations and positive
effect for the rest (See Table 7). Note that this variable was statistically
insignificant in the fixed parameter counterpart (Table 7). This finding

9Some examples of secondary tasks are radio adjustments, seatbelt adjust-
ments, or looking outside at pedestrians. Note that secondary tasks do not in-
clude tasks that are critical to the driving task such as speedometer checks,
mirror/blink spot checks, activating wipers/headlights, or shifting gears (TRB,
2013).

% Note that the maneuver is a vehicle-kinematic based measure and is not
related to driver’s engagement in secondary tasks and/or distractions. For ex-
ample, the variable related to legality of maneuvers refer to what the vehicle
does (movement and position of the vehicle) such as going straight or changing
lane and is not related to what the driver is doing inside the vehicle (such as
texting and driving).
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is important in the sense that it indicates that ignoring unobserved
heterogeneity can lead to inaccurate or misleading results.

Coming to traffic related factors, the results suggest that the like-
lihood of crashes and/or near-crashes decreases in free-flow traffic ei-
ther with no lead traffic present (Level of Service: Al) or with lead
traffic present (Level of Service: A2) (Table 7). Contrarily, the like-
lihood of near-crashes increases in unstable traffic flow conditions'?,
despite significant heterogeneity in the effects of magnitudes (see
parameters in Table 7). These findings are also intuitive as potential of
conflict in unstable flow traffic conditions is higher, and thus prob-
ability of near-miss may increase (Table 8).

Regarding the predictive accuracy of the best-fit random parameter
model, the results in Table 9 reveal reasonably well predictive power of
the model with correct classification percentages of 83.3%, 83.4%, and
82.6% for overall, training, and testing data, respectively (Table 9).
These overall correct classification percentages are greater than those
reported elsewhere, e.g., see (Zhao and Khattak, 2015). Around 35% of
the near-crashes and 19.5% of the crashes are correctly classified in the
training sample (Table 9). However, the correct classification percen-
tage for crashes dropped to 11.7% in the testing sample (see Table 9).
This drop is expected since crashes are rare-events making their pre-
diction relatively challenging. Also, note that while the simulation-
based methods employed in this study can be used for predictions, they
are largely inferential in the sense that they capture the complex de-
pendencies embedded in the data and may not perform as well as
machine learning methods in predicting outcomes (Iranitalab and
Khattak, 2017).

7. limitations/future work

The present study focused on exploring the links between event-
based volatility and crash propensity irrespective of different types of
crash events, such as rear-end, sideswipe, angled, roadway departure,
etc. In future, a natural extension of the present study would be to
examine how event-based driving volatility varies across different crash
event types. As it was not practical to manually check all the thousands
of video files for examining the data observability issue (section 3.5),
we manually checked the video files of a completely random sample of
100 crashes to exactly record the time at which the event occurred
during the 30 s video files. If we could have checked all the video files
manually, the resulting distribution of event occurrence times may be
different. Also, information on several important factors such as driving
age, driver experience, risk perception, is not available in the dataset
used in this study. Such important factors should be explicitly con-
trolled for in the analysis. While such factors are not available to the
authors, note that the statistical methods used in this study account for
all different types of unobserved factors including driving age and/or
experience. Finally, while the validation analysis presented provided
valuable insights into the predictive power of the best-fit model, it does
not explain the model’s predictive power in predicting ‘low-volatility’
crashes and ‘high-volatility’ baseline events. Thus, building upon the
discussion presented in footnotes 5 and 6, future efforts can focus on
understanding the critical volatility cut-off points indicating high crash
risk with a focus on “low-volatility” crashes and “high-volatility”
baselines.

8. Conclusions

Driving behavior in general is considered a leading cause of road
traffic crashes. Relevant in this regard is the concept of “driving vola-
tility” that captures the extent of variations in driving, especially hard
accelerations/braking and jerky maneuvers. To understand driving

! The variable related to unstable traffic flow conditions was found statisti-
cally insignificant in utility function of crash outcome.
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volatility prior to involvement in safety critical events, detailed mi-
croscopic data on instantaneous driving decisions and safety outcomes
are needed. The present study extended the concept of driving volatility
to specific events, thus termed as event-based volatility. The key con-
tribution is to find an important predictive relationship between crash
propensity and driving volatility (a leading indicator of crash). The
SHRP2 Naturalistic Driving Study provides relevant sensor, video, and
radar based real-world microscopic driving data in this regard. The
present study adopts a rigorous quasi-experimental study design to help
compare driving behaviors in normal vs unsafe outcomes. Specifically,
crash propensity is defined as likelihood of drivers’ involvement in
crash- or near-crash events, compared to normal (baseline) driving
events. With these forethoughts in mind, the key objective of this study
was to examine how driving volatility in time-to-crash or near-crash
correlates with crash propensity? To achieve this, an innovative
methodology is proposed for characterization of volatility in in-
stantaneous driving decisions in normal and safety-critical events. A
total of 2.2 million records of real-world driving for 9593 driving events
are analyzed in this study. By using information related to longitudinal
and lateral accelerations and vehicular jerk, 24 different aggregate and
segmented measures of driving volatility are proposed. In doing so,
intentional as well as unintentional event-based driving volatility is
characterized, i.e., the issue of actual driving behavior (and the vola-
tility therein) and volatility due to evasive maneuvers of driver to avoid
an unsafe outcome (reverse causality) is carefully addressed. Given the
important methodological concerns of unobserved heterogeneity and
omitted variable bias, fixed- and random-parameter discrete choice
models were estimated to reach reliable conclusions.

For all eight aggregate volatility measures, there is statistically
significant evidence that driver volatilities in baseline, near-crash, and
crash events are significantly different, with volatilities in near-crash
and crash events significantly greater than volatility in baseline events.
Owing to the issue of intentional vs. unintentional driving volatility,
and data observability issue, the final fixed and random parameter
models relate crash propensity with driving volatility-based measures
calculated using first 20-seconds microscopic driving data, and other
observed and unobserved factors. After controlling for traffic, roadway,
situational, and other unobserved factors, the results suggest that
greater “intentional” volatility is positively correlated with both crash
and near-crash events. Importantly, the findings show that greater in-
tentional volatility in positive vehicular jerk (lateral direction) has
more negative consequences than volatility in positive vehicular jerk in
longitudinal direction. For example, a one-unit increase in (intentional)
volatility of positive vehicular jerk in lateral direction increases the
probability of crash and near crash outcome by 22.77 and 26.33 per-
centage points respectively, compared to statistically significant 15.79
and 12.52 percentage point increase in probability of crash and near
crash outcome in case of a unit increase in positive vehicular jerk in
longitudinal direction respectively. Compared to acceleration/decel-
eration based volatility measures, empirical evidence suggests that
vehicular jerk based volatility models best explain crash propensity.
Finally, the correlations established in this study exhibit significant
heterogeneity, i.e., the effects of explanatory factors (such as driving
volatility) varies across different events and that accounting for the
heterogeneous effects in the modeling framework can provide more
accurate and reliable results.

The above volatility related findings have important implications
for proactive safety. For instance, instantaneous driving decisions can
be monitored in real-time and warnings and alerts can be issued to
drivers in case driver’s decisions in longitudinal and lateral directions
exhibit greater volatility (especially in braking). Given that in-
stantaneous driving decisions during deceleration are more volatile and
that the effect of volatility in lateral direction on safety outcome is more
severe, such alerts and warnings can potentially help in improving
safety. From a behavioral perspective, the findings originating from our
analysis using segmented volatility indices indicates that it is not just
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the driving volatility immediately prior to crash/near-crash outcome
that is critical, but more importantly the volatility in driving decisions
when the driver is presumably in control of the vehicle. Given that the
volatility in driving decisions well before the driver anticipated an
unsafe outcome can be regarded as “intentional” volatility, proactive
real-time warning and control assist applications can significantly en-
hance safety. To this effect, driving monitoring systems and connected
and automated vehicles (CAVs) can potentially help in providing alerts
and also warn surrounding drivers. The effectiveness of such counter-
measures needs to be explored in detail in future research.
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Estimation Results of Random Parameter Logit Models for Crash Propensity with Aggregate Driving Volatility Measures*.

Variable Category 1 Model (Random Category 2 Model (Random

Parameters Logit)" Parameters Logit)>

Crash Near-Crash Crash Near-Crash

B z-score P z-score P z-score 3 z-score
Constant —15.15 —13.90 -10.40 —-17.02 —-29.07 -11.09 -13.10 —16.34
standard deviation 1.73 4.38 — — 2.86 5.44 — —
Key Volatility Indicators**
Longitudinal Vol oo x=1 — — — — 3.32 7.11 2.82 8.46
standard deviation — — — — 1.23 4.19 0.83 5.11
Longitudinal Volneg,je,.kszl — — — — 8.70 11.35 7.76 14.75
Lateral Volpos—jerk, k=1 — — — — 4.95 6.66 2.55 5.76
Lateral Volyeg—jerk, k=1 — — — — 5.63 5.88 —0.20 —0.46
Longitudinal Volyicoperation, k=1 1.55 5.37 —-0.50 -215 — — — —
standard deviation 0.81 3.59 — — — — — —
Longitudinal Vol ecoieration, k=1 6.61 17.23 8.49 19.70 — — — —
standard deviation — — 0.8 3.58 — — — —
Lateral Volgcceleration,kK=1 1.85 6.45 0.65 3.66 — — — —
standard deviation 1.06 3.66 — — — — — —
Lateral Volgeceleration, k=1 5.92 12.98 3.35 13.10 — — — —
Drivers' Secondary Task Durations
Secondary Task 1 (duration in seconds) 0.27 8.89 0.21 8.97 0.27 5.32 0.24 8.9
Secondary Task 2 (duration in seconds) 0.17 2.95 0.15 3.24 0.28 2.8 0.15 2.97
Legality of Maneuvers
Maneuver is safe and legal -2.67 —-9.84 —245 —-11.74 -4.16 -7.69 —285 —12.55
standard deviation — — — — 2.93 6.37 — —
Maneuver is safe but illegal -2.39 —4.40 —4.17 -6.18 —2.63 —2.61 —5.53 —6.45
Driver Behavior
Unfamiliar/inexperience with roadway = 2.18 2.23 — — 3.46 2.06 — —
Aggressive Driving — — 2.89 2.80 — — 3.68 3.4
Front Seat Passengers —0.31 -1.60 —0.44 -291 — — —0.49 -3.1
Intersection-Roadway Influence
Intersection influence: Traffic Signal 0.84 3.64 1.50 8.72 — — 1.09 6.05
Intersection influence: Uncontrolled 1.38 4.03 1.96 7.40 1.99 3.3 2.80 9.2
Intersection influence: Stop sign 0.82 2.21 1.07 3.47 — — — —
Divided Roadway —-0.41 —2.28 —-0.41 —2.28 -1.72 —-3.34 —0.43 —-2.14
Not Divided - 2-way Traffic -0.83 —5.01 -0.37 -1.84 -1.13 -2.85 —-0.28 -1.29
standard deviation — — 0.85 2.36 — — 1.01 3.72
Traffic Flow Factors
Level of Service: Al — — —-1.69 -7.38 — — —2.40 —8.81
standard deviation — — 1.04 3.19 — — 1.13 3.17
Level of Service: A2 -1.13 -2.83 -0.83 —5.01 -0.71 -1.99 -0.93 —5.36
standard deviation 1.39 2.20 — — — — — —
Unstable Flow — — 1.42 4.49 — — 0.97 2.77
Dead Flow — — 1.19 2.32 — — 0.78 1.61
standard deviation — — 1.45 1.99 — — — —

Notes: (*) Baseline event is considered base category- all parameter estimates to be interpreted relative to baseline event; (1) refers to model with acceleration/
deceleration based volatility measures as explanatory factors; (2) refers to model with vehicular jerk based volatility measures as explanatory factors; (**) See Table 1

for definitions of the volatility indices.

Notes: (1) refers to model with acceleration/deceleration-based volatility measures as explanatory factors; (2) refers to model with vehicular jerk based volatility

measures as explanatory factors.
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Table A2
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Estimation Results of Random Parameter Logit Models for Crash Propensity with Segmented Vehicular Jerk Based Driving Volatility Measures*.

Variable Category 4 Model: Fixed Category 4 Model: Random

Parameter Logit' Parameter Logit'

Crash Near-Crash ~ Crash Near-Crash

B z-score B z-score B z-score [ z-score
Constant —-12.95 —30.93 —-8.80 —26.39 —27.12 —-8.8 -9.73 -21.57
standard deviation — — — — 4.52 6.85 — —
Key Segmented Volatility Indicators (Based on first 25

seconds data bin)**

Longitudinal Vol _jon k=3 1.92 8.82 1.88 9.17 2.21 426 215  8.64
standard deviation — — — — 2.56 5.15 — —
Longitudingl Vol,,pe _jor k=3 5.51 20.73 5.37 21.56 7.18 1072 671  19.08
Lateral Volpos—jerk, k=3 2.41 8.14 1.95 6.84 5.76 5.79 1.65 4.62
Lateral Volpeg—jerk,k=3 1.51 4.9 -0.18 —0.63 5.62 5.08 -0.27 -0.75
Drivers' Secondary Task Durations
Secondary Task 1 (duration in seconds) 0.27 12.64 0.22 12.97 0.51 6.67 0.24 11.43
Secondary Task 2 (duration in seconds) 0.17 4.26 0.15 4.55 0.29 2.52 0.18 4.43
Legality of Maneuvers
Maneuver is safe and legal -2.30 -13.39 —2.22 -16.27 —3.95 —6.44 -259 -—14.84
standard deviation — — — — -0.79 -22 — —
Maneuver is safe but illegal -2.23 —4.74 —3.59 -7.27 —2.67 —-236 —-471 -6.99
Driver Behavior
Unfamiliar/inexperience with roadway 1.55 2.79 — — 5.84 2.97 — —
Aggressive Driving — — 2.85 3.24 — — 3.09 3.2
Front Seat Passengers —0.43 —2.74 —0.52 —4.48 —0.49 —227 —0.55 -394
Intersection-Roadway Influence
Intersection influence: Traffic Signal 0.50 2.75 0.93 7.20 —2.46 -1.99 1.04 6.72
standard deviation — — — — —4.87 —345 — —
Intersection influence: Uncontrolled 1.89 7.57 2.19 11.06 2.97 4.21 2.61 10.84
Divided Roadway -0.79 —4.88 — — -3.12 -4.54 — —
Not Divided - 2-way Traffic -0.76 —4.97 —0.34 —-3.23 —2.02 —-4.03 -0.67 -—-3.97
standard deviation — — — — — — 1.26 5.45
Traffic Flow Factors
Level of Service: Al — — -1.35 -12.65 — — -1.99 -11.88
Level of Service: A2 —0.35 -2.19 -0.73 —6.15 -1.14 —242 -096 —6.55
Unstable Flow — — 0.86 3.58 — — 0.97 3.19

Notes: (*) Baseline event is considered base category- all parameter estimates to be interpreted relative to baseline event; (1) refers to models with vehicular jerk
based volatility measures calculated using first 25-seconds time series data; (**) See Table 1 for definitions of the volatility indices.
Notes: (*) Baseline event is considered base category- all parameter estimates to be interpreted relative to baseline event; (1) refers to models with vehicular jerk-

based volatility measures calculated using first 25-seconds time series data.
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