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ABSTRACT

The goal of this study is to develop risk maps that predict zones that have an
increased risk of traffic crashes for utility service trucks of the electric power industry. This
study employed a national dataset that contains video logs of driving events from 10,009
utility truck drivers from 2010 to 2014. The study consists of four steps.
Step 1 focused on finding whether certain driver behaviors (e.g., traffic violation,
distraction, etc.) cluster in the same location as crashes and, therefore, suggest behaviors
that are predictive of crashes. The study used Getis-Ord Gi* hot-spot analysis to reveal the
clustering pattern within a standard unit of area (at the grid cell level: 1,640 feet by 1,640
feet). The finding of this research indicated that four behaviors (“risky behaviors”)
consistently cluster with the collision outcomes: distraction, lack of awareness, following
too close, and eating/drinking.
In Step 2, negative binomial models were used to relate the occurrence of the risky
behaviors to a host of geospatial variables (e.g., land use, traffic, and socio-economics)
while controlling for the exposure at the grid level (200 feet by 200 feet, roughly the size
of a street block). Step 2 was implemented on the three datasets that were assembled based
on different levels of availability of the geospatial features. Results indicated that wellbalanced land use, road network density, lane-mile density of secondary and primary roads
(if urban areas), and high concentration of elderly people (65 years and above) contributed
to the prevalence of risky behaviors. Residential neighborhood, local road (if rural area),
and average household size were shown to dampen incidence of risky behaviors.
Step 3 developed the scoring systems to estimate the overall risk of each risky
behavior for a given location (grid). Finally, Step 4 developed risk maps on a 2-D scale to
delineate locations into different levels of hazards.
In sum, this study confirmed the linkage between driver behavior and collisions and
proposed a new way to anticipate crashes. While the test dataset pertains to utility service
trucks, the methods can be adapted for predicting locations where the risk of future crashes
is higher.
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CHAPTER ONE

INTRODUCTION
Background

Every year 1.3 million people are killed in traffic crashes worldwide (1), and by the
year 2020 traffic crashes will become the third leading cause of death and disability to the
global community (2). Human error is the cause of most traffic crashes, accounting for 94
percent of crashes nationwide. Factors related to vehicle components (failure or
degradation) account for 2 percent, and 2 percent of crashes are attributed to the
environment (slick road, weather, etc.) (3). A majority of behavioral research has shown
the association between behavioral characteristics of drivers and their risk of traffic crashes
(4, 5, 6, 7, 8, 9, 10 and 11). For instance, a Naturalistic Driving Study (NDS) conducted by
the Second Strategic Highway Research Program (SHRP 2) studied how driver behaviors
(e.g., alcohol-related impairment, driver inattention, and distraction) interacted with the
road and environmental factors and increased crash risk. The study used 1,541 crashes and
2,705 near-crashes collected across 212,538 centerline-miles of road networks in six states
(12). Reason et al. (1990) identified traffic violations (e.g., speeding, following too closely,
and risky overtaking), driver errors (e.g., failing to notice pedestrians crossing, misjudging
speed when overtaking or the gap when turning), and minor lapses (e.g., exiting on the
wrong ramp) as the three main risky driver behaviors that were commonly observed based
on 520 drivers' responses to a driver behavior questionnaire (13).
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Dingus et al. (14) utilized SHRP 2 NDS data to study driver performance and
behaviors that contribute to crash events. The study collected data from 3,542 drivers using
onboard video cameras and sensors for a three-year period. The researchers found that
overall impairment (drug/alcohol influence, drowsiness/fatigue, or emotions such as
visible anger, sadness, crying, and agitation), driver performance error (failing to yield,
improper turn, failing to signal, and a stop/yield sign violation), momentary driver
judgement error (aggressive driving and speeding), and distraction (internal or external to
vehicle) increased the crash risk by 5.2, 18.2, 11.1, and 2 times, respectively, when
compared to model driving (driving under normal conditions).
Therefore, identifying and understanding which driver behaviors contribute to
traffic crashes and which road and built environment factors prompt these behaviors to
emerge, can help engineers and policy makers design safer roads and policies to improve
traffic safety. The goal of this research is to identify the risky driver behaviors that
significantly predict traffic crashes and hence can be used as proxies for traffic crashes.
The identified risky driver behaviors can then be used for correlation analysis to determine
which geospatial factors (road, land use, and socio-economics) contribute to risky
behaviors in order to identify zones that exhibit more opportunities for collisions. For this
reason, this study used driver behaviors as a bridge for anticipating crash risk
(Environment-> Driver behavior -> Collison outcomes). No prior research has examined
which geospatial factors predict the location and density of risky driver behaviors. The
geospatial factors that correspond with the locations and density of the risky behaviors will
be used to develop a framework for predicting the likelihood of those behaviors. Finally, a
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scoring system is developed for identification of dangerous zones to delineate zones or
routes that are dangerous for utility truck drivers.
Previous behavioral studies have focused on driver behaviors such as driver
inattention (drowsiness, engaging in secondary tasks [locating/reaching/answering handheld device, reading, applying makeup, animal/object in vehicle, and insect in vehicle],
driving-related inattention, and non-specific eye glance [eyes off the roadway for more
than two seconds]), eating/drinking, intention to commit traffic violation, and following
the front vehicle too closely (i.e., tailgating). It was found that these behaviors increased
crash risk (8, 9, 15, 16, 17, and 18). These studies identified risky driver behaviors by
estimating the increase in crash risk when compared to normal/baseline driving (normal,
everyday driving conditions). In other words, these studies estimated relative crash risk,
which may be a crude estimate of identifying risky driver behaviors.
In order to make more accurate estimates, a spatial statistical approach can be used
to identify risky driver behaviors that co-locate with crash risk. This approach delineates
zones or routes that are dangerous for road users and have been extensively used (19, 20,
21, and 22). Spatial statistics identifies crash hot spots by comparing the number of
“events” (e.g., crash/behaviors) in a zone (or segment) with its neighboring zone. In other
words, this approach maps the location of crashes and behaviors and identifies the clusters
of crashes and driver behaviors based on the actual location of events. In addition, the goal
of this project is to utilize mapping as a way to predict and identify high-risk locations. For
this reason, the study adopts spatial clustering analysis to identify clusters of crashes and
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behaviors and uses statistical models to determine whether crashes and risky behaviors colocated at the same locations.
The results will shed light on whether it is feasible to use driver behaviors as proxies
for traffic crashes. While the test dataset pertains to utility service trucks, the methods can
be adapted for predicting locations where the risk of future crashes is higher. Such
information would be useful for not only driver training to reduce risky driver behaviors
but also for planning safe routes and assisting in the development of improved
countermeasures such as crash avoidance systems (e.g., forward collision warning,
automated braking systems). Many studies have examined the spatial distribution of traffic
crashes at various geographical units (e.g., intersections [23], segments [24, 25, and 26],
and zones like census tracts and cities [22, 27, 28, and 29]), but none have investigated
whether crashes co-locate with risky behaviors. Identifying risky behaviors that co-locate
with crashes provides an opportunity for modifying these behaviors and avoiding their
associated locations to prevent events that might otherwise escalate into a severe collision.
For example, a well-designed road with zero collision history can still be a risk zone based
on the risky driver behaviors. Therefore, identifying risky driver behaviors that can be used
as a proxy for crash risk can be a proactive approach to reducing collision risk.
Most traffic safety studies resort to crash prediction models to directly relate
roadway, traffic, and environmental factors to crash frequency (30, 31, 32, 33, and 34).
These studies explored contributory factors that may lead to a crash but ignored the latent
variable (i.e., risky driver behaviors) that increases the chance of a crash (3, 7, 8, 9, 12, 13
and 14). As noted earlier, driver behavior is a major causal factor in traffic crashes (35, 36,
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37, 38, and 39). Therefore, a behavior prediction model could serve as a valuable tool to
more proactively forewarn drivers of hazardous behavior risks while controlling for the
road and built environment. In addition, risky behaviors happen more frequently than
actual collisions, hence offering a larger sample and associated benefits to statistical
inference. Therefore, predictive models that exploit behavior counts could serve as an
alternative and proactive method for traffic safety studies.
Study Objective and Organization
The overall goal of this research project is to develop risk maps that predict zones
or routes that have higher risks for dangerous driver behaviors while controlling for
geospatial factors related to land use, road network, and socio-economics. The study
employed a behavioral dataset of 10,009 utility truck drivers employed in utility/power
industries across 28 states from 2010 to 2014. The dataset consists of driver behaviors and
the associated outcome events, recorded by onboard cameras. The utility trucks are lightduty trucks between 5,000 and 10,000 lbs.
The project consists of four logical steps, as shown in Figure 1.
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Step 1:
Behavioral
Predictors

Step 2:
Geospatial
Correlates

Step 3:
Predictive
Modelling

• Identify
primary risky
behaviors

• Determine the
geospatial
factors that
explain risky
behaviors

• Develop
prediction
tools for
primary risky
behaviors

Step 4:
Demonstrat
e Mapping

• Develop risk
maps for
zones with
low, medium
and high
behavior
risks.
Figure 1. Logical Set of the Four Steps Utilized in this Research

Step 1 sought to identify which risky driver behaviors correspond to locations with
higher crash propensity. Finding risky behaviors that co-locate with collisions could be
used as a proxy for traffic crashes. This was done through the Getis-Ord-Gi*-based hotspot analysis (20 and 40). The DriveCAM dataset used for Step 1 spans 28 states covering
66,437 square miles so analyzing the entire DriveCAM dataset was computationally
infeasible. For this reason, the study retrieved 74.4 percent of data (i.e., 95 counties) for
near collisions that were initiated by other drivers (NC-IOD), 68.8 percent of data (i.e., 88
counties) for near collisions due to the driver’s own error (NC-DOE), and 56.3 percent of
data (i.e., 42 counties) for the actual collision. The analysis for identifying risky behaviors
that co-locate with crash risk was done at two geographical units (grid-level and segmentlevel), with details provided in the Methodology section (Chapter 3).
The goal of Step 2 was to determine which geospatial layers (land use,
transportation attributes, and socio-economic variables) contribute to risky behaviors in
order to identify zones that exhibit more opportunities for collisions as shown in Figure 2.
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No prior research has examined which geospatial factors predict the location and density
of the risky behaviors associated with crashes. Understanding how these contextual factors
affect driver behavior is central to warning drivers and planning routes that can avoid
geospatial features that may increase crash risk. This study retrieved geospatial features
from the top 20 counties with the highest prevalence of behavior and collision outcome
counts. This dataset encompasses 15,256 square miles of land area and 85,853 centerline
miles of roadway, creating a final dataset for analysis that consists of 2,718,851 analysis
units (or grids, each 200 ft. by 200 ft., roughly the size of a street block). Supplemental
datasets were also created to validate the results, with details provided in Chapter Four.

Figure 2. Sample Representation of the Working of Step 2
Based on the statistical inference obtained from Step 2, Step 3 developed a scoring
system to predict the likelihood of risky behaviors. That is, there are certain combinations
of geospatial features (e.g., speed limit, population density, and land use type) that are
associated with higher occurrence of risky behaviors.

8
Finally, Step 4 aimed at developing visualization maps for identification of
dangerous zones. This step delineated zones or routes that are dangerous for utility truck
drivers. These dangerous zones are classified into the different levels of hazards as high,
medium and low based on different quantile of risk factors. This research will also explore
the possibility of using these maps for route planning by avoiding zones or segments that
have the highest level of hazard.
The rest of this thesis consists of five chapters: Chapter 2: Literature Review,
Chapter 3: Methodology, Chapter 4: Datasets, Chapter 5: Results and Analysis, and
Chapter 6: Conclusions. Chapter 2 (literature review) summarizes findings on the
relationship between driver behaviors and crash risk, discusses the applications of spatial
analysis at various geographical units for traffic safety studies, and ends with correlational
analyses that aim to associate geospatial factors with crash/behavior risk. Chapter 3
(methodology) explains the methods used in the analyses, from Getis-Ord-Gi* hot-spot
analysis (to identify behaviors that cluster in the same location as near collisions and
collisions), to negative binomial models (employed to estimate coefficients for the
prediction models), and to median, elasticity, and weighted-average approaches, which are
used to develop the scoring system. Chapter 4 (datasets) describes the data collection
processes and sources, with summary statistics provided. Chapter 5 (analysis and results)
provides a detailed interpretation of analysis results. Chapter 6 (conclusions) assesses
overall contributions of the findings, limitations of present research, and suggestions for
future studies.
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Chapter Summary
In summary, most traffic crashes are the result of driver behavior/error. Therefore,
understanding the human side of driving will result in increased safety of road users and
will help in driver training. Identifying risky driver behaviors that can be used as a proxy
for crash risk can be a proactive approach to reducing collision risk. For this purpose, this
research aims to identify risky behaviors that cluster with crashes and to develop a behavior
prediction model for identifying geospatial factors that may help anticipate the occurrence
of risky driver behaviors. The identified geospatial factors or combinations of geospatial
factors can then be used to predict the probability of future crash risk and help in developing
risk maps to identify dangerous zones. This will assist in influencing driver behavior along
the dangerous zones and developing on-board technologies to assess real-time crash risk
as utility drivers navigate through various neighborhoods.
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CHAPTER TWO

LITERATURE REVIEW

This chapter synthesizes research on three topics that relate to the research project:
(1) identification of crash-contributing behaviors, (2) hot-spot analysis to discern clusters
(i.e., high concentration) of events (e.g., crashes and behavioral events), and (3)
correlational analyses employed in the prediction of traffic crashes or behaviors.
Identification of Crash-Contributing Factors
This section focuses on identifying risky driver behaviors that increase the crash
risk and affect driver performance. This analysis can offer new ways to prevent crashes
and improve safety. Driver behaviors such as distraction, following too close (tailgating),
intention to commit traffic violation, eating/drinking, etc., are found to chiefly increase
crash risk (7, 8, 9, 14, 15, and 16) or alter driver performance (e.g., reaction time, mental
load), which can potentially lead to an increase in crash risk (41, 42, and 43). The present
research study utilized a naturalistic driving dataset that recorded an array of 13 driver
behaviors and the collision outcomes (i.e., none, near collisions, and actual collisions) that
followed the onsets of these behaviors. These driver behaviors are: hand-held and handsfree cellphone use, eating/drinking while driving, other communication (driver
communicating on citizen band (CB) radio or some other communication devices),
distraction (internal or external to the vehicle), lack of awareness (failure to scan the
roadway typically due to late reaction), negative conduct (aggressive, reckless or risky
driving), following too close (i.e., headway between the two vehicles is less than two
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seconds), fundamental driving skill failure (failing to route the vehicle on proper path, or
poor lane choice), traffic violation (disregard for traffic signal, stop or yield sign, etc.),
surface condition (wet/icy), driver unbelted, and passenger unbelted.
One particular research study explored the effects of distraction on crash risk using
naturalistic driving data from 204 drivers. The researchers used three types of
communication devices to simulate different levels of distraction: hand-held, portable
hands-free (PHF), and integrated hands-free (IHF). Results showed that hand-held cell
phone usage contributed to an increase in safety-critical events, including crashes, near
crashes, and evasive/corrective maneuvers to avoid a crash (e.g., braking, steering, and
accelerating) because the drivers took their eyes off the roadway for a prolonged period of
time. No adverse safety effect was found for PHF or IHF cell-phone usage (44). Strayer
and Drew (45) concluded that talking on the phone, even using the hands-free mode,
impaired driving performance for younger and older adults. The reaction time was 18
percent slower, vehicle time headway was 12 percent longer, and an extra 17 percent of the
time was required to recover from the speed loss following braking. There was also a
significant increase in rear-end collisions when the drivers talked on cell phones.
Klauer et al. (9) established a direct relationship between driving behavior and
involvement in crashes and near-crashes using Naturalistic Driving Study (NDS) data
collected from 100 vehicles. The study found that drowsiness (exhibiting slack musculature
in the facial muscle, noticeable reduction in eye-scanning behavior, and limited overall
body movement ) and engaging in visual or manual tasks (using hand-held devices or
reading papers/magazines) increases near-crash/crash risk by four to six times compared
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to alert drivers (i.e., scanning the environment at particular locations [intersections]) and
by three times compared to attentive drivers (i.e., systematically scanning the
environment). Also, glancing away from the road ahead for more than two seconds for any
purpose doubled near-crash/crash risk compared to baseline driving.
A number of researchers have looked at the safety risk involved with using cell
phones while driving. A majority of the studies found that driver performance (i.e., reaction
time, mental load, and lateral control of the vehicle) is affected by the use of a cell phone
(41, 42, 43, and 46). It was also observed that the collision risk is higher with the use of
cell phones while driving (36, 47, and 48). For instance, a one-year (1994-1995) research
study in Toronto, Canada, investigated 699 drivers who had a cell phone and were involved
in motor-vehicle collisions. This study was done in areas with no regulation against using
a cell phone while driving. Out of the 699 drivers, the collision time was exact (when
information from subject’s statements, police records and telephone listings of calls to
emergency vehicles were available and consistent) for 231 subjects and inexact (when the
information from at-least one source was inconsistent/not available) for 486 subjects.
Detailed billing records were retrieved to infer each driver’s cell phone usage on the day
of a crash and the week before a crash. The study found that 170 subjects (24 percent) had
used a cell phone before the collision, 5 percent (37 subjects) used the cell phone during
the same period on the day before the collision, and 2 percent (13 subjects) used a cell
phone during both periods. The researchers found that the relative risk of having a motorvehicle collision while using a cell phone was 4.3 times higher than the risk without one.
The risk appeared to be greater for the calls made near the time of collision compared to
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calls made more than 15 minutes before the event (i.e., the relative risk was 4.8 versus 1.3
for former and latter, respectively) (36).
The National Highway Traffic Safety Administration (NHTSA) conducted a
national survey among 4,010 drivers in 2003. The survey found that nearly half of the
drivers (49 percent) reported eating or drinking while behind the wheel, affecting nearly
one-third of the trips (49). This observation echoes a research study by Stutts et al. (2005)
(7), which used video-camera data from 70 volunteer drivers (35 males and 35 females)
over a one-week period. Sources of distraction (i.e., adjusting radio/CD/climate control,
eating or drinking, using cell phone/other devices, smoking related activities, and outside
object, person or event) were studied while controlling for driver performance measures
(i.e., whether one hand, two hands or neither hand was on steering wheel, driving task
[driver eyes directed inside or outside the vehicle], whether the vehicle was swerving,
wandering within the travel lane, crossing into another lane, or stopping from sudden
braking). The research study found that eating/drinking increased crash risk due to lane
excursion and prolonged time when the drivers had their hands off the wheel and their eyes
off the road. This effect was found to be similar to that of cell phone use, as evidenced by
National Crashworthiness data (1995-1996) in which 1.7 percent and 1.5 percent of motorvehicle crashes were caused by eating/drinking and cell phone use, respectively (7).
An ergonomic research group at Brunel University in the United Kingdom studied
the effect of eating/drinking behavior on driver performance using a sample of 26
participants (16 males and 10 females) who had a driving license for a minimum of three
years and who drove an average of 12,000 miles per annum. Driver performance measures
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included speed, crashes (limited to collision with a pedestrian during the critical incident
in order to evaluate the effects of eating/drinking on driver responses), lane position, and
time to contact (measures of how close drivers are to the car in front). This study employed
simulated driving tests to retain the look and feel of a normal road-going car, using a Ford
Mondeo as the donor car in a typical urban environment. The evidence suggested that
eating and drinking did not influence driver performance, but the increased workload of
eating and drinking while driving can increase crash risk when faced with a critical incident
(e.g., pedestrian walking in front of the car) (8).
Failure to scan the roadway was also found to be a major cause of crashes among
newly licensed and young drivers (11, 50, and 51). One research study (11) used a narrative
description of 2,128 accidents involving 16- to 19-year-old drivers in California and
Maryland. Broad categories of behaviors were developed, including emergencies
(swerving, skid recovery, braking, tire and brake failure), basic control (lane keeping,
braking, turning speed, and path), communication, driver condition (fatigue and alcohol
impairment), maintaining space (following distance, crossing and entering, side clearance,
and overtaking), driver attention (maintain attention, attention sharing, and avoiding
distraction), scanning the roadway (roadside, left-turning vehicle, and car ahead), vehicle
condition, and adjusting speed (curves, slick surfaces, and high speed). Accident reports
were analyzed and a short description of each behavioral contributor was given. The study
found that 23 percent of non-fatal accidents resulted from errors in attention, 19.1 percent
from failure to scan the roadway, and 9.4 percent from emergency maneuvers (11).
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From the above research studies, a number of driver behaviors (e.g., distraction,
cell phone use, eating/drinking, driver inattention, driver impairment, aggressive driving,
following too closely, intentional sign violation, unsafe passing, and speeding) were found
to chiefly increase crash risk (7, 8, 9, 14, 15, 16, 36, 44, 47, and 49) or alter driver
performance (e.g., reaction time, mental load, failing to yield, improper turn, driving too
slowly, sudden braking/stopping, and failing to signal), which can lead to an increase in
crash risk (14, 41, 42, 43, and 45). The majority of these studies had a small sample size
so the conclusions cannot be generalized. Some of the studies used a crude estimate to
identify the risky behaviors by estimating the increase in crash risk when compared to
normal/baseline driving (normal, everyday driving conditions). An alternative method that
can be used to identify risky driver behaviors is through spatial clustering analysis. This
approach maps the location of crashes and behaviors and can identify the clusters of crashes
and behaviors based on the actual location of events. This will provide a more accurate
prediction of risky driver behaviors that predict crashes. Therefore, this research study
resorted to spatial clustering methods to identify risky behaviors that co-located with
crashes. These risky behaviors logically can be used as a proxy for crash risk.
Spatial Clustering Analysis
Spatial clustering is a method used to locate and map locations with high
concentration of crashes at the zones (e.g., census tract, county, and grids) or segment level.
This technique helps to identify the underlying pattern and suggests a reason for the pattern
characteristic (20, 23 and 40). The spatial analysis provides information about risky
locations, hot spots (areas with high crash concentration) and cold spots (areas with low

16
crash concentration). This method is commonly used across multiple domains, from
identifying the subset of the gene that clusters with others (gene microarray data study)
(52), through identifying locations of drug activity (53), to plotting hot spots for traffic
crashes and crimes (20, 40 and 54). A seminal study occurred in the 1840s to study the
outbreak of cholera in London (55). The advanced form of spatial cluster analysis (hot-spot
analysis) based on the location of behaviors and events provides the best predictions about
collision outcomes. This method takes into account the spatial dependence between
features and works by comparing the number of “events” (e.g., collisions) in a grid cell
with its neighboring grids. In other words, this approach accounts for spatial interaction
while identifying areas with high collision frequencies, which is different from identifying
areas based on collision density. Collision density maps take into account the location of a
crash/behaviors but not their attributes (i.e., areas with high crash concentration will
naturally be a hot spot compared to an area with low crash concentration) (23).
Spatial clustering technique has been widely used to identify crash clusters (20, 23,
26, 29, 40, 56 and 57). A cluster is defined as an area “where there is an increased likelihood
for an accident to occur based on spatial dependence”. Clustering analysis can be
conducted in many different ways including kernel density estimation (KDE), Getis-OrdGi* statistics (hot-spot analysis), ordinary kriging method, and nearest neighbor analysis
(22, 23, 26, 28, 29, 40, 58 and 59); all have been coded as standard functions in geographic
information system (GIS) software like ArcGIS (60). The choice of which method to use
depends on whether the research requires identifying the location of high crash/behavior
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concentration or analyzing the pattern as clustered, random or dispersed, and the reliability
of input parameters. The methods for conducting clustering analysis are described below:

Getis-Ord-Gi*-Based Hot-Spot Analysis
Hot-spot analysis works by comparing the number of “events” (e.g., crashes) in a
grid cell with its neighboring grids (23 and 40). The z-scores are calculated for each grid
cell and the strength of spatial dependence between a grid cell and its neighbors with regard
to the concentration of a certain driver behavior or outcome are measured. In other words,
z-score value discerns neighborhoods/areas where events cluster. Based on this calculation,
a high z-score value signals the presence of a “hot spot.” In this context, a hot spot means
that a high crash/behavior frequency is expected at a location, and neighboring locations
have similarly high frequencies for that event.
One particular research study used Getis-Ord-Gi* spatial statistics to identify
vehicle–pedestrian crash hot spots and unsafe bus stops in the Adelaide metropolitan area
in Australia. The study used 13 years (1996-2008) of pedestrian–vehicle crash data and
found that pedestrian–vehicle crash hot spots were more severe at near mid-block locations
and also ranked unsafe bus stops (61).
Khan et al. (29) used the Getis-Ord-Gi* statistic (hot-spot analysis) to plot hot spots
of weather-related crashes at the county level. These hot spots were used in prioritizing
crash risk locations for road weather safety audit purposes. Similar methodology was used
by Qin et al. (20) to find clusters of snow-related crashes at grid level in Madison,
Wisconsin, to prioritize candidate sites (grids) for road-weather safety audit (RSWA) in
the years 2000-2002.
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Kingham et al. (62) used crash data from 1980 to 2004 to study the impact of school
operations on road traffic accidents using spatial-temporal analysis at census area units in
Christchurch, New Zealand. The 25-year-long crash data were grouped into five-year
periods. Clusters were estimated using Getis-Ord Gi* statistic with a search radius
(threshold distance) of 1,500 meters used to detect statistically significant clusters. The
results showed that accidents did not occur in the immediate vicinity of the school, but
crash rates did increase during morning rush hours (8:00 to 9:00) and school runs (8:00 to
9:00 and 15:00 to 15:30, when children are dropped off to or collected from schools). This
suggested that school travel contributed to an increase in traffic accidents. Therefore, it is
important to focus on school-operation-related road accidents to reduce overall traffic
demand rather than focusing geographically on areas in the immediate vicinity of schools.

Kernel Density Estimation (KDE)
Kernel density method is a non-parametric approach in which density is estimated
by placing a symmetrical kernel surface over each event (crash/behaviors). A grid of cells
is overlaid on the study area and for a given cell, density is calculated by summing the
overlapping surfaces resulting from each event (58). In this method, instead of giving every
point in the neighborhood equal weight, the weights vary with distance (i.e., with the
increase in distance from the target event the weight decreases and becomes zero as it
reaches the threshold distance [scale of analysis]). The two main parameters that affect
KDE are bandwidth and cell size. As the output of the KDE is presented in raster format,
so the cell size has to be reasonable to represent the crash cluster. The selection of cell size
is a trade-off between the computation time, sample size, and the information to retain.
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Bandwidth is a smoothing parameter that determines the extent of the search area
(threshold distance). Narrower bandwidth intervals will lead to a finer kernel density
estimate with all the little peaks and valleys, whereas larger bandwidth interval will lead to
a smoother distribution and, therefore, will detect less variability between areas. The
present research study explored KDE method and found that the output was a closer
representation of a density map with the area of high crash concentration being naturally a
hot spot compared to areas with low crash concentration.
Lalita et al. (58) identified crash hot spots using kernel density estimation and
ordinary kriging method. The study was done in Hennepin County, Minnesota, using
historical crash data for 2003-2007. The two methods were compared based on the
prediction accuracy index (PAI) and a comparison in hot-spot ranking. The study found
that kriging method outperformed KDE method in its ability to detect hot spots. Flahaut et
al. (32) used kernel estimation technique to identify clusters of crashes (black zones) along
a corridor in Belgium.

Ordinary Kriging Method
This method is used to impute the missing value (due to incomplete data coverage,
device failure, or data transforming glitch) at locations based on a set of available
observations by characterizing and quantifying spatial variability of the area of interest.
The assumptions of kriging method include existence of spatial autocorrelation, data
should be normally distributed (and if not, then log transformation is preferred), and the
surface under observation should be continuous (22 and 58). A key feature of this method
is that it relies on an analysis of the spatial variability of the data and allows the
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representation of the variable under the study as a continuous process. The parameters of
the kriging method significantly affect the reliability of the results. However, there is no
guidance on how to select appropriate values for the parameters.
A research study delineated the hot spots of traffic accidents across counties in
North Dakota using the ordinary kriging method. The study used fatality crash data over
37 years (1975-2014) from the U.S. National Highway Traffic Safety Administration. The
hot-spot results were used to rank counties in terms of crash propensity and for the
consideration of safety funding allocations (22).

Nearest Neighbor Index
Levine et al. (59) explored the spatial patterns of police-reported motor vehicle
crashes at the census tract level in 1990 in Honolulu, Hawaii, using the nearest neighbor
index (NNI). This method computes the distance from each point in a distribution to every
other point and the shortest distance is selected. The distribution being analyzed is
considered clustered when the average distance is less than the average distance for
hypothetical random distribution (i.e., data is considered clustered when the index value is
less than 1 and a value greater than 1 indicates dispersion). The study found that accident
patterns vary spatially with changing traffic patterns and volume. In addition, accidents
were observed to cluster near employment centers more than residential areas. Fatal and
severe injury crashes were found to concentrate during nighttime hours in suburban and
rural areas, as were alcohol-related crashes.
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Segment-Level Analysis
It is worth noting that spatial clustering results are influenced by the geographic
units (e.g., counties, census tract, or road segments) chosen to aggregate the data (see,
Modifiable Areal Unit Problem [MAUP], [63]). The current literature has employed
various geographical units (e.g., intersections [23], segments [64 and 65] and zones like
census tracts and cities [23, 29 and 40]) to depict crash clusters. Based on the literature
surveyed, no research study explored the effect of geographical unit choice on clustering
results.
Given the absence of consensus regarding the geographic unit for clustering
analysis, this research study also conducted the analysis at the road network level. The
purpose of a segment-based analysis is twofold. First, it will be used to validate results
regarding what risky driver behaviors co-located with crash clusters obtained at grid (zone)
level. Second, since events like crashes and driving behaviors happen along roadways, it
is a logical choice to use road segment as the geographic unit to more accurately reflect the
locations of events.
The procedure has been coded into an open-source software called Spatial Analysis
along Network (SANET), with applications sprung in traffic accident analysis (64, 65, and
66). One application analyzed the clustering patterns of traffic crashes along road networks
across the City of Albany, New York. The study analyzed 6,953 traffic crashes from
January 2013 to March 2014 across the city. The network kernel density estimation
(NKDE) method, coded in SANET software, was used to reveal road segments where
crashes concentrated. A bandwidth of 200 meters was used and 20 meters was selected as
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cell size. The results illuminated clusters of traffic crashes of each crash category and
suggested that a more detailed analysis was needed on those segments that bore significant
clusters across crash categories (64). Similar applications were found in Mohaymany et al.
(65) study of a 60-kilometer corridor in Markazi Province, Iran. This study considered a
bandwidth of 1km and the value of cell size was not indicated. However, these studies did
not investigate contextual factors like land use and road attributes that affect the emergence
of crash clusters.
From the above research reviews, it can be observed that risky driver behaviors are
the major contributing factors resulting in increased crash risk. Therefore, the present
research study predicts behaviors that happen more often, but only those behaviors that
predict crashes. Behaviors that are strong predictors can be a proxy for crashes. In order to
identify behaviors that co-locate with crashes, this research study adopts spatial clustering
analysis to identify clusters of crashes and behaviors. This method will help traffic
engineers and safety specialists determine the areas or segments where the crash risk is
higher. In addition, the identified risky driver behaviors were used to build behavior
prediction models to anticipate the occurrence of risky behaviors.

Correlational Analysis

Research that focuses on anticipating the occurrence of risky behaviors can offer
new ways to prevent crashes and improve safety. However, this type of research has been
sparse, due in a large part to a lack of driver behavioral data. Instead, researchers resort to
understanding how the physical driving environment affects occurrence of traffic crashes
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by directly relating geospatial layers (e.g., land use and road network attributes) to crash
frequency, but not risky behaviors associated with those crashes. These research studies
typically employ correlation analysis by using statistical models to estimate the effects of
road and land use factors on crash frequency obtained from historical crash data. Hence,
this section largely focuses on correlational analysis that aims to explain crash occurrence
or concentration.
One research study analyzed crash rates of 277,510 mainline segments and 15,781
frontage-road segments along a 72,994-mile-long highway network while controlling for
highway geometry, traffic, land use, climate, highway access, and local demographics in
Texas. Negative binomial and zero-inflated negative binomial models were used to reveal
crash contributory factors including higher local job density and population density, and
lower income and younger average age of inhabitants. Higher speed limit and distance to
the nearest hospital increased the fatality rate (67). Clark and Crushing (68) evaluated the
effect of population density on the rates of motor vehicle mortality in rural and urban areas,
while controlling for vehicle miles traveled (VMT) as an exposure. They employed the
crash data (1998 through 2000) from the Federal Highway Administration’s (FHWA’s)
Fatality Analysis Reporting System (FARS). The researchers found that mortality was
higher in rural areas but had a negative correlation with state population density.
In another research study, per-capita alcohol consumption, available at the state
level from the National Institute on Alcohol Abuse and Alcoholism, was found to be
positively related to crash fatality rates (the number of crash deaths per 100,000
population). In addition, crash fatality rates at the state level showed a negative correlation
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with per capita disposable income and the ratio of urban to rural driving (defined in terms
of vehicle miles traveled) (69).
Land use factors can also influence crash frequency. Kim et al. (70) investigated
the effects of land use factors (e.g., residential, commercial, education, institution,
industrial, agriculture, forest lands, and parks), population, employment by sector, and
economic activity on motor-vehicle accidents. Negative binomial models were used to
reveal the crash contributory factors in vehicle-to-vehicle accidents, pedestrian-related
accidents, bicycle-related accidents, and total accidents at an analysis unit of 0.1 squaremile grid cells. The study found that total job count was positively associated with all types
of accidents, but was not statistically significant for pedestrian- or bicycle-related accident
models. Economic output had a negative association with bicycle-related accidents but was
positively related to other types of accidents. Activities around the parks, schools, and
commercial areas were positively associated with the total accident model. Also, vehicleto-vehicle and pedestrian-related accidents were significantly affected by commercial
activities. Many other studies exist that range from time-series analysis (see 71, 72, and
73) to prediction models that control for spatial dependence and temporal correlations of
crash frequency (see 40, 74 and 75).
Annis et al. (76) examined 17 participants (10 females and 7 males) to study the
effect of road and traffic environment on distracted driving. The simulator-based study was
designed in a way that participants were made to drive in rural and urban areas with high
and low traffic volumes. The rural route was 2.1 km long and composed of incidents such
as the sudden appearance of animals on the roadway. The urban route was 17 km long and
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involved incidents related to the sudden appearance of an adult pedestrian or a young child
chasing a ball on the roadway. The study controlled for longitudinal (mean speed, mean
headway, and driver reaction time at unexpected incidents [in milliseconds]) and lateral
measures (vehicle distance from the central road axis in meters, and steering angle). The
results suggested that in rural areas with low traffic density, participants were observed
either talking on a mobile phone or with a passenger resulting in driving at lower speed
and with increased headway compared to driving without any distraction source.
Furthermore, conversation with passengers indicated higher variability in the vehicle
lateral position and increased reaction times at unexpected incidents.
Strong evidence is provided by the research reviews that crash risk increases with
land use, socio-economic, and transportation attributes. Therefore, it is important to control
for these variables while building a behavior-prediction model to see how the behavior risk
increases or decreases with the contextual factors. This will prove to be a proactive
approach of anticipating crash risk by using driver behaviors as a bridge between crash
outcomes and environment (environment  driver behaviors  crash outcomes).
Understanding how these contextual factors affect driver behavior is central to warning
drivers and planning routes that can avoid geospatial features that may increase crash risk.
For this reason, this study investigated not only where risky driver behaviors clustered, but
also how the locations of these behaviors are predicted by the characteristics of the driving
environment at the grid level (200 ft. by 200 ft., roughly a street block).
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Chapter Summary
Driver behaviors are the major contributory factor in the majority of road crashes.
Therefore, it is important to identify risky driver behaviors that co-locate in the same
locations as crash clusters. This will help us identify risky driver behavior that can be used
as a proxy for crash risk. For this reason, the study adopts spatial clustering analysis to
identify clusters of crashes and behaviors based on the locations of occurrence, and
statistical models were used to determine whether crashes and risky behaviors co-located
at the same locations.
This research study not only investigates where risky behaviors clusters with crash
risk, but also builds behavior prediction models to understand how the locations of these
behaviors are predicted by the characteristics of the driving environment at the grid level
(200 ft. by 200 ft., roughly a street block). This will help determine if distraction behaviors
are more common on low-volume rural roads, which in-turn will help us in driver training
and influencing driver behavior. In all, this study offers new knowledge that is essential to
driver training, and developing on-board technology to assess real-time crash risk.
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CHAPTER THREE

METHODOLOGY

This chapter describes the methods used in the analyses, from traditional statistical
model and Getis-Ord-Gi* hot-spot analysis (to identify behaviors that cluster in the same
location as near collisions and collisions), to negative binomial models (employed to
estimate coefficients for the prediction models), and to median, elasticity, and weightedaverage approaches used to develop the scoring system.
Step 1 sought to identify risky driver behaviors that co-locate with the collision
outcomes based on geo-referenced driving data for utility-truck drivers in the utility/power
industry. In Step 2, the study develops a behavior prediction model to determine which
geospatial factors (socio-economic data, land use, and road networks) predict the location
and density of the risky behaviors associated with crashes. Understanding how these
contextual factors affect driver behavior is central to warning drivers and attempting to
plan routes that can avoid geospatial features that may increase future crash risk.
Based on the statistical inference obtained from Step 2, Step 3 develops a scoring
system to predict the likelihood of the risky driver behaviors. Finally, Step 4 aims to
develop the visualization maps for identification of dangerous zones. These dangerous
zones are classified into different levels of hazard as high, medium and low-risk zones.
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Identifying Primary Driver Behaviors (Step 1)

The purpose of Step 1 analysis was to determine which driver behaviors (e.g., lack
of awareness, distraction, etc.) were most strongly associated with the three event outcomes
(near collision due to driver’s own error [NC- DOE], near collision initiated by other
drivers [NC-IOD], and collisions). This analysis will confirm that driver behaviors can be
used as a proxy for collisions—that is, which driver behaviors are the best predictors of
collision and near collisions.
Two fundamental types of analysis answered this question:


Traditional statistical models were used to determine if the presence or absence of
a driver behavior within an event predicted the outcome for that event (e.g.,
collision versus non-collision). In essence, this analysis assesses if behaviors
precede outcomes in time.



Advanced methods were used to determine which driver behaviors “cluster” in the
same locations as different event outcomes (e.g., collisions). In essence, this
analysis assesses if behaviors occur in a similar location as outcomes.

Traditional Statistical Method
The statistical method focuses on understanding the relationship between behaviors
and crash events versus non-crash events through statistical regressions of 58,929 events
reported by DriveCAM from 2010 to 2014. Binary logistic regression and negative
binomial models were used depending on the characteristics of each trigger (outcome)
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variable: near collision initiated by other driver (NC-IOD), near collision due to driver’s
own error (NC-DOE), and collisions.
A binary logit model was used to predict near-collision (NC-IOD and NC-DOE)
events based on the presence or absence of indicated driver behaviors. The response
variable is binary: a value of 1 indicates the occurrence of an event, and 0 indicates its nonoccurrence; the covariates include a host of binary variables to indicate if a driver behavior
was recorded along with that event.
For a binary response variable y (near-collision outcomes), the linear logistic
regression model has the form:
logit(pi ) = log[pi ⁄1 − pi ]
log[pi ⁄1 − pi ] = β0 + Xi ∙ βi 

(Equation 1)

where,β0 isaninterceptparameter,Xi is a vector of explanatory variables,
βi arethevectorofslopeparameterandthe ratio [pi ⁄1 − pi ] represents the odd ratio.
It is defined as the probability of success divided by the probability of failure.
A challenge in modeling collisions relates to an imbalance of collision outcomes in
the dataset. Specifically, actual collision events only take up a small percentage (1.49
percent) of the total events. Such a skewed sample can cause difficulty in the statistical
modeling process (e.g., non-convergence) and interpretation of model results (e.g., weak
statistical significance). To address this issue, individual events were aggregated at the
census tract level to increase counts of collisions per unit of analysis. A negative binomial
model (NB) was then used to predict the collision counts based on the counts for each
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behavior. NB model inserts a gamma-distributed error term to the function describing the
mean/expected crash frequency. Equation 2 represents the model form.
𝑌𝑖 ~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(λ𝑖 )
𝜆𝑖 = exp(𝛽0 + 𝑥𝑖1 ∙ 𝛽1  + x𝑖2 ∙ 𝛽2  + ⋯ + x𝑖𝑘 ∙ 𝛽𝑘  + 𝜀𝑖 )

(Equation 2)

where, 𝑌𝑖 represents the observed crash frequency at census tract i over the fouryear period and follows a Poisson distribution with an average crash frequency, λ𝑖 ; the
mean crash frequency, λ𝑖 , is unobserved/latent and can be described through a host of
behavioral and environmental variables (i.e., covariates); coefficients𝛽′𝑠 measure the
direction and magnitude at which the covariates influence the mean crash frequency; and
the error term, 𝜀𝑖 , follows a gamma distribution, Gamma (𝐾, 𝜃), and captures overdispersion.

Spatial Statistical Approach
While the statistical regressions will reveal correlations between outcomes and
driver behaviors, the cluster analysis is especially useful for identifying where collisions
tend to form and what driver behaviors are associated with them (co-locate) from a spatial
standpoint. Therefore, the cluster analysis specifically examined the association between
outcomes and the behavioral variables by mapping the events (crashes/behaviors) to
calculate event frequency and identify areas or road segments with clusters of events. The
analysis was done by assessing which driver behaviors co-located with the events and
thereby can be used as proxies for collisions and near collisions (NC-DOE and NC-IOD).
Hot-spot analysis (Getis-Ord Gi* statistic) was used to delineate clusters of events
and behaviors. The hot-spot analysis works by comparing the number of “events” (e.g.,
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crashes) in a grid cell with its neighboring grids (40). The z-scores were calculated for each
grid cell and measured the strength of spatial dependence between that grid cell and its
neighbors with regard to the concentration of a certain driver behavior or outcome. Based
on this calculation, a high z-score value signals the presence of a “hot spot.” In this context,
a hot spot means that a high event frequency is expected at that location and neighboring
locations have similarly high frequencies for the event in question. The Getis-Ord-Gi*
statistic (z-score) is given by equation 3.
Gi*(d) =

̅ n
∑n
j=1 wij xj −X ∑j=1 wij

,

2
n
2
[n ∑n
j=1 wij −(∑j=1 wij ) ]

S√

(Equation 3)

n−1

where 𝑥𝑗 is the variable of interest at grid j (e.g., event frequency); 𝑤𝑖𝑗 is the spatial
weight between grid i and j (which measures the distance between the two grids); and n is
the total number of grids. Distance was calculated as the straight-line distance between grid
centroids. P-value was also reported to indicate whether the spatial pattern was a random
process. For a very small p-value, it is very unlikely that the observed spatial pattern is the
result of a random process and there exists evidence of a clustering pattern. For example,
at 95 percent confidence interval, if the z-score is between -1.96 and +1.96 and the
associated p-value is larger than 0.05, that means we do not have strong evidence to reject
the null hypothesis because the pattern exhibits a random spatial process (77).
Figure 3 shows a conceptual representation of this hot-spot analysis process. It
starts by aggregating event counts at the grid level (left image), calculating the z-scores,
and then visualizing them across the grids (right image). The right image of Figure 3
illustrates the clustering patterns of events. Dark red indicates locations with high z-score
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values (hot spot), and light color indicates locations with low z-score values where events
are unlikely to form.

Figure 3. Conceptual Framework of Hot-Spot Analysis (Source: ESRI 2015)

Neighborhood size measurably shapes the cluster patterns and should be defined
prior to the hot-spot analysis. Therefore, it is important to define the number of neighbors
(or grids/segments) to be included in the analysis for target feature (or grids/segment). In
other words, it helps in defining the threshold distance (or the scale of analysis). For an
area-level analysis (e.g., grids, census tract, county, etc.), incremental spatial
autocorrelation technique was used to identify the threshold distance that exhibits the most
pronounced clustering pattern. At segment-level analysis, incremental spatial
autocorrelation cannot be used because it measures the threshold distance using Euclidean
method (i.e., straight-line distance method [measuring centroid to centroid distance]). For
this reason, at segment-level, the number of nearest neighbors was specified for the target
segment and the spatial weights were generated along the road network.
The hot-spot analysis was conducted at two geographical units: (1) Grid-level
analysis (area-level analysis); and (2) Segment-level analysis (linear analysis).
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Grid-Level Analysis (Area-Level): The hot-spot analysis was conducted at a 1,640feet-by-1,640-feet grid level. This grid size was chosen because it aggregates trigger events
at a resolution that is reasonably detailed for utility companies to discern high-risk areas
and yet requires computation that is feasible for common processing power and computer
memory. Figure 4 represents the grid cells in a county.

Figure 4. Representation of Grid Cell

Running the hot-spot analysis on the entire DriveCAM dataset would span 28 states
and cover 66,437 square miles and is computationally infeasible. Instead, the present
research study selected the counties that had crash counts above the median value as shown
in Table 1. This resulted in using 74.4 percent of the data (i.e., 95 counties) for the NC-
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IOD model, 68.8 percent of the data (i.e., 88 counties) for the NC-DOE model and 56.3
percent of the data (i.e., 42 counties) for the crash model.

S.no

1.

2.

3.

Table 1: Study Area for Step 1 Analysis
Collision types
Median value
Number of
counties above
the median value
Near Collision
2
95
initiated by other
driver
Near Collision
3
88
initiated due to
driver’s own error.
Actual Collision
4
42

For grid-level analysis, threshold distance was defined using Incremental Spatial
Autocorrelation (ISA) technique. ISA is a technique, coded in ArcGIS, to plot the spatial
strength with increasing distance and identify the threshold distance that exhibits the most
pronounced clustering pattern. Spatial strength is measured by z-score, and the peak zscore indicates the neighborhood size (threshold distance) producing the most significant
clustering patterns for a certain event. Figure 5 provides the sample plot obtained from
incremental spatial autocorrelation. This process was done for all the behaviors and
collision outcomes in each county.
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Figure 5. Incremental Spatial Autocorrelation to Identify Threshold Distance

Segment-Level Analysis (Linear Analysis): The grid level analysis is a gross
estimate because a grid may contain several roads, obscuring dangerous locations for road
users. For this reason, the segment-based analysis was done to reveal clusters of high-risk
driver behaviors and events along roadway links, instead of street blocks (i.e., grid cell). In
the segment-based analysis, the cluster pattern is associated with the road network, which
is more meaningful compared to the grid-level analysis. The segment-level analysis will
discern a clearer clustering pattern that exists in the dataset along the road network and
enables us to plan safer routes.
The segment-level analysis is more complex than areal-level analysis because
spatial interactions must be defined for segments that lie along the same corridor. In arealevel (grid) analysis, spatial interactions are defined by simpler rules like a search radius
or contiguity among grids. Moreover, neighborhood assumption is an essential part of the
spatial analysis because it defines for a target segment how many segments need to be
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included in the calculation of z-scores (measures for hot spots or clusters). Figure 6
represents the road network in a county on which the clustering analysis was implemented
as a proof- of-concept.

Figure 6. Representation of Road Network in a County

For segment-level analysis, spatial weights were generated along the road network.
For generating network spatial weights, the study specified different number of neighbors.
This was done because there is little guidance for selecting the number of neighbors for a
target segment. The study conducted hot-spot analysis for first-, second-, third- and fourthorder neighbors to see how the clustering pattern and ordinary least square regression
model results change with an increase in number of neighbors.
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Ordinary Least Square (OLS) Regression Model
Ordinary least square regression models were used to explain the variations in the
cluster patterns of each collision outcome (crash, NC-DOE, and NC-IOD) using the
clustering patterns of driver behaviors. This model was fitted on the obtained z-score values
at grid and segment-level. Results revealed which behaviors co-located with each collision
outcome at grid and segment level. These behaviors were identified as risky behaviors and
used in Step 2 for building the behavior prediction model.
𝑦𝑖 = 𝛽0 + 𝑥𝑖1 ∙ 𝛽1  + x𝑖2 ∙ 𝛽2  + ⋯ + x𝑖𝑘 ∙ 𝛽𝑘  + 𝜀𝑖

(Equation 4)

where, yi represents z-score values observed at the ith (1,640 feet by 1,640 feet) grid
cell. Coefficients𝛽′𝑠 measure the direction and magnitude at which the covariates
influence the mean frequency; 𝑥𝑖 ′𝑠 represents the driver behaviors.
Predicting Model for Risky Driver Behaviors (Step 2)

The purpose of Step 2 was to determine which geospatial features (e.g., population
density, land use, roadway connectivity, etc.) correspond with the location and density of
the risky behavior (identified in Step 1), and therefore may predict locations with increased
crash risk. A negative binomial (NB) model was used to establish the statistical relation
between risky behaviors and geospatial features.
𝑌𝑖 ~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(λ𝑖 )
𝜆𝑖 = (exposure)α × exp(𝛽0 + 𝑥𝑖1 ∙ 𝛽1  + x𝑖2 ∙ 𝛽2  + ⋯ + x𝑖𝑘 ∙ 𝛽𝑘  + 𝜀𝑖 )

where,

(Equation 5)
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Yi represents the number of behaviors observed at the ith (200 ft. by 200 ft.) grid cell
over the four-year period. It follows a Poisson distribution with an expected frequency of
𝜆𝑖 .
𝜆𝑖 is the mean/expected frequency. It is unobserved/latent and is a function of road,
land use, and socio-economic attributes (i.e., covariates) and their effect measures.
Coefficients𝛽′𝑠 measure the direction and magnitude at which the covariates influence the
mean frequency.
Error term,𝜀𝑖 , captures over-dispersion (extra variation that is uncontrolled by the
covariates and their coefficients). Specifically, exp (𝜀𝑖 ) follows a gamma distribution,
Gamma (𝐾, 𝜃) where K is the shape parameter, and θ is the scale parameter.
The number of driver behaviors observed at the grid level served as the response
variable and was regressed against geospatial variables related to socio-economics, land
use patterns (balance and mix), and road network details (e.g., connectivity, vehicle miles
travelled [VMT], etc.). Each model sought to identify which geospatial variables predicted
the prevalence of the risky driver behavior (i.e., number of risky driver behaviors expected
at the grid level). Road centerline miles (or VMT), population, and employment size of the
utility/power industry were combined into an exposure variable to separate size effect from
the risk estimates. In other words, the coefficient of a geospatial factor can be interpreted
as the effect of that factor on the risk of a generic behavior after controlling for exposure.
Overall performances of the models were also reported. Root mean squared error
(RMSE) measures the departure of the model-predicted value from the observed value.
Smaller RMSE values indicate better predictive power of the model. The values for RMSE
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were obtained based on the 15 percent holdout sample. The formula for calculating RMSE
value is given by equation 6.
2
∑n
i=1(Xobs,i −Xpredicted,i )

RMSE = √

numberofobservation

(Equation 6)

Adjusted McFadden’s Pseudo R-squared was used to measure the overall
goodness-of-fit of the models while penalizing models with redundant or nuisance
covariates (78). It is more objective than the standard R-squared because it illuminates how
well the model fits the data while accounting for the number of parameters to be estimated.
The adjusted McFadden’s Pseudo R-squared is formulated as shown in equation 7.
Likelihoodoffullmodel−K

PseudoR − Squared = 1 − Likelihoodofinterceptmodel.

(Equation 7)

where:
K= Degree of freedom for the full model
To measure the practical significance of a variable, elasticities were calculated as
the percent change in a response variable following a 1 percent increase in a predictor (i.e.,
covariate). Highly elastic predictors induce a disproportional change in the response
variable; in other words, a percentage change in such a variable is associated with a more
than 1 percent change in the response.
The NB models ended up being not very suitable based on the overall performance
of the model. The models had moderate RMSE and pseudo-R-squared values. This is
expected because many other contributing variables were not included in the focus of this
analysis, which can affect driver behaviors (such as driver demographics). In addition, the
data was aggregated at 200 feet by 200 feet, which resulted in having excessive zero
observations in the response variable (behaviors count at the grid cell). For this reason,

40
alternative models such as negative binomial-Lindley (NB-L) and finite mixture models
were tried to address the issue of excessive zeroes in the response variable. Previous
research studies have shown that NB-L and finite mixture models work better than the
traditional NB model when the dataset contains excessive zeroes or the dataset is highly
dispersed (79, 80, and 81). Due to the error in the implementation of the models, the present
research study could not benefit from the above-mentioned statistical models.
Step 2 was implemented on the three datasets that were assembled based on
different levels of availability of the geospatial features/factors. Dataset 1 included five
counties, Dataset 2 included two counties, and Dataset 3 spanned 20 counties, representing
more than 50 percent of the entire DriveCAM data. A comparison of model results among
the three datasets can help confirm the risk (factors that show positive correlation with
risky behaviors) and protective (factors that show negative correlation with risky
behaviors) geospatial factors to be considered in the scoring system developed in Step 3.
Development of Predictive Framework (Step 3)
The goal of Step 3 is to predict the locations where these primary driver behaviors
are likely to emerge. The study develops a scoring system that estimates the overall risk of
each risky driver behavior for a given location (grids). Since these risky driver behaviors
co-locate with crashes or near crashes (as shown in Step 1), the scoring system can be used
to predict locations that harbor higher collision risk while holding traffic exposure constant.
Step 2 identifies the risk (factors that show positive correlation) and protective
factors (factors that show negative correlation) for the risky driver behaviors based on the
comparison of results from a two-, five- and twenty-county dataset. To validate the Step 2
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results, Step 3 replicated the same model form (negative binomial models) on the three
datasets. A comparison of model results among the three datasets can help validate the
preliminary results in Step 2 and confirm the risk and protective factors to be considered
in the predictive framework.
To develop the scoring system, the present research study used three methods as
described below:

Method 1: Median Method
In method one, for a given zone, one point is assigned if a risk factor is higher than
the median level of that risk factor; and a negative point is assigned if a protective factor is
higher than the median value of that protective factor. The final score of that zone is the
cumulative points after taking into account of all the risk and protective factors of that zone.
The total risk score for the grid is calculated as shown in equation 8.
𝑛

𝑛

TotalRiskscoreforagrid =  ∑ Riskfactorscore𝑖 + ∑ Protectivefactorscore𝑗
𝑖=1

𝑗=1

(Equation 8)
where, i and j denotes the respective risk and protective factor and n= total number of risk
factors.

Method 2: Elasticity Method
In method two, elasticity values are used to assign weights. For building a
predictive framework, a grid scores 1 if one risk factor exceeds the median value of that
risk factor and it scores 2 if it exceeds the 75th percentile. Likewise, a grid scores -1 if one
protective factor exceeds the median value, and -2 if exceeds the 75th percentile. These
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calculated scores for each risk and protective factors are weighted by their elasticity values
and termed as risk score as shown in equation 9.
n

n

Totalriskscoreforagrid = ∑ R i × |elasticityvaluei | + ∑ Pj × |elasticityvaluej |
i=1

j=1

(Equation 9)
where: R =points allotted to a risk factor i
P= point allotted to a protective factor j

Method 3: Weighted Average Approach
In method three, the total risk score for a grid is expressed as a weighted average
of the mean risky behavior counts estimated by the negative binomial model and the risky
behavior counts observed during the same time period (82).
Totalriskscore = 0.5 × Observedriskybehaviors + 0.5 × estimatedriskybehavior
(Equation 10)

Risk Maps through GIS Visualization (Step 4)
The risk maps will help delineate zones or segments that are dangerous for utility
truck drivers. These dangerous zones or segments are classified into three levels of
hazards—high, medium and low—based on the risk scores of risk and protective factors.
The risk maps were mapped using ArcGIS (ESRI) and are presented on a 2-D scale.
Chapter Summary
This chapter discussed the methods used to attain the objective of this research. In
Step 1, this research used two approaches—traditional statistical model and spatial
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statistical approach—to identify the risky driver behaviors that can be used as a proxy for
crash risk. Step 2 uses negative binomial model to build a risky behavior prediction model
in order to anticipate the occurrence of risky driver behaviors while controlling for
geospatial features. Step 3 builds on Step 2 and develops a framework to identify the
common factors that can be used to predict the probability of risky behaviors. Finally, risk
maps were generated to identify zones according to different levels of hazards. This will
help in influencing the driver behaviors in high-risk zones.
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CHAPTER FOUR

DATASETS

This chapter describes the datasets used in achieving the objectives of this research.
Two different kinds of datasets are used, as discussed below:


DriveCAM dataset was used to record the driver behaviors and associated types of
collisions. The collected dataset was used to identify risky driver behaviors that colocate with crash risk and, hence, can be used as a proxy for crash risk (Step 1).



Dataset two-collected information about geospatial features from different
counties, which were used in developing behavior prediction models to explain the
prevalence of each risky behavior (Step 2).
DriveCAM Data
This research study employed video clips of driving events of 10,009 utility-truck

drivers from 2010 to 2014, recorded by DriveCAM units’ onboard light utility trucks or
travel trucks (weighing between 5,000 and 10,000 lbs.). An event is recorded when a strong
gravity (G) force is detected/read/measured and includes cornering, braking, accelerating,
speeding, uneven roadway surface, near collisions (initiated by other drivers [NC-IOD] or
by driver’s own error [NC-DOE]), and actual collisions. Once a trigger (event) occurred,
trained analysts reviewed the video logs to observe and record the behaviors associated
with that trigger. The analysts reviewing the videos were trained using a guidebook
containing standardized instructions and examples of videos that represent different types
of events (e.g., crash outcomes/behavior). Reviewers did a periodic evaluation to analyze
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the reliability of the events. Reviewers analyzed a set of video events that multiple judges
agreed represented a specific type of event. Table 2 lists the driver behaviors that were
associated with the above-mentioned triggers.

Table 2. List of Behaviors
No.

Behaviors

1

Cell Handheld

2

Cell Hands-free

3

Eating/Drinking

4

Other Communication

5

Distraction

6

Lack of Awareness

7

Negative Conduct

8

Following too close (FTC)

9

FUND

10

Traffic Violation (TV)

11
12
13

Surface Condition
Driver Unbelted
Passenger Unbelted

Description
The driver was on a handheld electronic
device.
The driver appeared to be using a hands-free
device.
The driver was drinking or eating.
The driver was communicating on a citizen
band (CB) radio or some other
communication device.
All “other distractions” (internal or external to
the vehicle) that could have been faced by the
driver.
The driver failed to scan the roadway or
intersection properly (typically due to late
reaction).
Aggressive, reckless, or intentional risky
driving by the driver.
The driver was closely following at
company’s threshold level (typically 2
seconds or less).
Fundamental driving skill failure of the driver
(often observed in novice teen drivers, such as
failing to route the vehicle on the proper path
while making a turn, or a poor lane choice for
a commercial driver).
Traffic violations (e.g., running a traffic light
or failing to yield) by the driver
Adverse road conditions (wet or icy).
The driver was not wearing a seat belt.
The passenger was not wearing a seat belt.

In addition, events triggered by uneven road surfaces were excluded because the
focus of this study is on events related to driver behaviors. The resulting primary dataset
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contained 58,929 geo-referenced events and associated driver behaviors. Table 3
summarizes the shares of event triggers and the shares of driver behaviors in proportion to
the total number of event triggers observed.

Table 3. Summary Statistics of Event Outcomes and Behavioral Variables
(No. of Observations = 58,929)
Triggers
Min Max Percentage (%)
Near collision initiated by other
driver
0
1
4.7
Near Collision by driver’s own error
0
1
4.3
Actual Collision
0
1
1.6
Cornering
0
1
15.41
Braking
0
1
63.14
Speeding
0
1
0.07
Accelerating
0
1
0.77
Driver Behaviors
Cell Handheld
0
1
4.0
Cell Hands-free
0
1
1.1
Eating/Drinking
0
1
1.9
Other Communication Device
0
1
1.3
Distraction
0
1
13.1
Lack of Awareness
0
1
12.4
Conduct all Negative
0
1
1.5
Following too Close
0
1
13.7
Fundamental Failure
0
1
15.8
Traffic Violation
0
1
8.9
Surface condition
0
1
0.10
Driver Unbelted
0
1
24.8
Passenger Unbelted
0
1
1.5

Geospatial Features (Dataset Two)

The goal of Step 2 is to explain the prevalence of each risky driver behavior using
correlated geospatial features. For this analysis, risky driver behaviors serve as a response
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variable in the form of the number of behaviors that were observed at the grid level. A grid
cell was defined as 200 feet by 200 feet square, roughly the size of a street block.

Study Area
Data was collected for the top 20 counties that were ranked based on the behavior
and collision outcome (near collisions and collision) counts and batches of the datasets
were created based on the availability of geospatial feature. Table 4 provides information
for the prevalence of events in each county and the region to which they belong. The county
name is not specified here because of the data confidentiality agreement.

Table 4. Summary Information of the 20 Counties
No. of Events
County No.
Region
County 1
South
4,859
County 2
South
3,534
County 3
South
2,540
County 4
South
2,229
County 5
South
2,134
County 6
West
1,862
County 7
South
1,843
County 8
North-East
1,730
County 9
North-East
1,540
County 10
North-East
1,481
County 11
South
1,439
County 12
North-East
1,223
County 13
South
1,150
County 14
North-East
1,098
County 15
North-East
934
County 16
South
805
County 17
North-East
783
County 18
South
763
County 19
North-East
633
County 20
North-East
396
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Description of Geospatial Variables
A majority of research studies have found an association between land use, roadway
features, and demographics with crash risk (28, 83, 84, 85 and 86). However, there is no
study that reveals how these contextual factors increase/decrease the behavior risk. The
present research study seeks to anticipate the occurrence of risky driver behaviors using
three layers of geospatial features that are considered in the statistical analyses:


Built environment characteristics, including human-made attributes surrounding
the roadway system through the lens of land use such as commercial, residential,
industrial, office and institutional parcels.



Transportation network details such as road centerline density by functional class,
network connectivity, number of lanes, vehicle miles traveled (VMT), and lanemiles; and



Socio-economic attributes including population, employment, household size, age
and household income.
The above-mentioned geospatial variables were obtained from different sources

and at different geographical units. Table 5 summarizes the sources that provide data for
these variables and definitions of the associated geographic “units” at which these data are
provided. These variables were overlaid onto the 200 by 200 ft. grid level (roughly
representing a block size) to achieve a uniform unit for the statistical analysis.
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Table 5. Built Environment Attributes, Transportation Network, and Social-Economic
Geographic Layer
Source
Geographic Unit
Vehicle ownership
American FactFinder1
Block Group2
No. of employees in
electric power generation,
distribution/transmission,
and natural gas (NAICS
Code 22113)
No. of households

Census Business Pattern

County

American FactFinder

Block Group

Population count

American FactFinder

Block Group

Average household size of American FactFinder
occupied housing units
Household income
American FactFinder

Block Group

Age and gender

American FactFinder

Block Group

Road network

U.S. Census Tiger/Line and
State Road Inventory
Each county’s GIS website

Road Segment

Built environment (land
use and land value)

Block Group

Land Parcel4

Built Environment Characteristic (Land Use): Built environment is seen to
influence the occurrence of all type of crashes (70, 87, and 88). Such factors affect
pedestrian exposure, traffic intensity (vehicle exposure), and general likelihood of a
collision.

1

American fact finder (http://factfinder.census.gov/faces/nav/jsf/pages/index.xhtml)
provides socio-economic information about the U.S. population. This information was collected
from American Community Surveys and the Biennial Census. The data are available at various
geographical units (block groups, census tract, counties, etc.).
2
A block group is the smallest geographic unit that the U.S. Census Bureau uses for
publishing demographic data. The data can also be aggregated at census tract (which is larger than
block group) or county (which is larger than census tract). Employment data are published at the
county level.
3
North America Industry Classification System (NAICS) is a standard used by Federal
(statistical) agencies to classify business entities for describing and assessing this country’s
economy. Economic attributes specific to the utility industry are available by referencing the
NAICS code (#2211) for electric power generation, distribution and transmission, and natural gas.
4
Land parcel is a plot of land that is or can be developed for a certain use type (e.g.,
residential single family, residential multi-family, commercial, office, etc.).
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Three sets of land use variables are controlled for here in the models of risky
behavior count. These include share of individual land use type, land use entropy, and land
use mix. These variables were computed at the grid cell (200 feet by 200 feet) level as
shown in Table 6.

No.
1.

2.
3.


Table 6. Land Use Variables
Variable Name
Share of land use
Percent share of commercial parcel
Percent share of residential parcel
Percent share of office parcel
Percent share of industrial parcel
Percent share of public and institution parcel
Dissimilarity index (land use mix)
Entropy (land use balance)

Share of individual land use type (i.e., residential, commercial, industrial, office,
and public and institution) was computed by dividing the land area of a certain type
by the total land area (excluding water) of the grid for each 200 ft. by 200 ft. grid
cell.



Dissimilarity index (DI) measures the mixing of parcels with different land use. It
was obtained by dissolving land parcels into hectares (i.e., 100 meter by 100 meter
squares) and, for each hectare, calculating the percentage of the eight neighboring
hectares that have a different land use type from that hectare. The computed DI was
spatially joined to the 200 ft. by 200 ft. grid cell layer. Figure 12 in the appendix
shows the spatial distribution of DI values for each county.



Land use entropy measures the balance of land use and is expressed as:
Entropy =  ∑5𝑗=1 𝑝𝑗

[ln(𝑝𝑗 )]
ln(𝐽)

(Equation 11)
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where:
pj denotes the proportion of land area of the jth land use type; j =5, the total number
of land use categories (residential, commercial, office, public and institution, and
industrial). Figure 13 in the appendix shows the spatial distribution of entropy values for
each county.

Transportation Attributes: Highway geometry and traffic characteristic have been
observed to influence accident frequency (31, 33, and 89). There was no study found during
the literature review that studied the influence of transportation attributes on risky
behaviors counts.
Census Tiger/Line road networks and state road inventory maps were used for
extracting transportation attributes using various tools in ArcGIS and overlaid onto the 200
ft. by 200 ft. grid level. Table 7 summarizes the list of transportation attributes used in the
statistical analysis.

No.
1.
2.
3.
4.
5.
6.
7.
8.
5

Table 7: Description of Transportation Variables
Variable Name
Road centerline mile density by functional class5 and by urban/rural
indicator per grid cell
Number of 3-leg intersection per grid cell
Number of 4-leg intersection per grid cell
Number of 5-leg intersection per grid cell
Number of 6-leg intersection per grid cell
Vehicle miles traveled (VMT)
Average number of travel lanes
Lane miles

Road functional class is a classification system used by transportation agencies to
categorize road facilities. Roads from the same functional class serve similar functions and share
similar geometric standards (e.g., radius and grade), traffic volume, and cross-section (e.g., number
of lanes).
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Road centerline miles by functional class were computed to reveal the differences
in behavior prevalence across different types of roadway facilities. Road functional
class was further grouped into rural and urban by overlaying the road networks with
the urban areas that are defined by the U.S. Census Bureau (90). The U.S. Census
Bureau adopts a six-class system: primary roads (e.g., freeways), secondary roads
(e.g., arterial streets), local roads, ramps (i.e., auxiliary roads that run parallel to the
mainlines), parking lot roads, and service drives (e.g., roads that provide access to
structures along the highways).



The number of intersections per grid cell represented connectivity of the road
networks. Intersections were grouped according to the number of intersecting
legs/roads, ranging from 3-leg (T) intersections to 6-leg intersections. Grids with a
large number of intersections have a dense road network (like those in downtowns
or city centers). A dense road network is typically associated with more
weaving/merging vehicle movements, stop-and-go traffic, and higher pedestrian
volumes (thanks to smaller block size).



Number of lanes and traffic volume (annual daily traffic [ADT]) were available
from the road inventory data of each state’s department of transportation. Lanemiles were defined as the number of lanes multiplied by segment length (in miles).
Vehicle miles traveled (VMT) for each grid was expressed as the product of
segment length and ADT, summed over all segments that lie within that grid.
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Socio-Economic Attributes: In this research study, socio-economic variables (e.g.,
household size and household density) come from the American Community Survey
(ACS) five-year estimates from 2010 to 2014 and were downloaded from American Fact
Finder (AFF) at the block group level. Since the behavior/crash data concerns utility truck
drivers in the electric and power industry, the data for employment count (available for
each year) of this industry were also retrieved from the AFF over the same period (2010–
2014) and averaged. This industry was identified using the North America Industry
Classification System (NAICS) code No. 2211, which pertains to electric power
generation, distribution and transmission, and natural gas. Table 8 provides a list of these
attributes used to define socio-economic attributes.

No.
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.

Table 8. Description of Socio-Economic Variables
Variable Name
Average No. of vehicles per household
No. of households per block group area (square mile)
No. of employees of the utility industry per square mile
Total population
Average household size
No. of households with annual income less than $15,000 per land area
No. of households with annual income greater than $100,000 per land
area
Population density for ages up to 5 (young children)
Population density for ages above 65 (elderly)
Total population density

Batches of Datasets
Data on certain geospatial correlates (such as land use variables) are not regularly
provided to researchers, and if they are, they need to be retrieved from each county’s or
city’s planning organization. Step 2 was implemented on the three datasets that were
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assembled based on different levels of availability of the geospatial features/factors as
described below:

Five-County Dataset: Dataset 1 contains the following geospatial features:


Land use variables: share of individual land use type (i.e., residential, commercial,
industrial, office, and public and institution), dissimilarity index (a proxy measure
for land use mix), and entropy (a proxy measure for land use balance).



Transportation attributes: road centerline mile density by functional class,
connectivity of road network, and total road centerline miles (controlled for as the
exposure term).



Socio-economic variables: vehicle ownership, household size, household density,
employment density, and population density. Table 9 provides summary statistics
for these geospatial variables at grid level.

Table 9. Summary Statistics for Geospatial Features (No. of Obs. =813,632 grids)
Variables
Min
Max
Mean
Std. dev.
Land Use Variable
Dissimilarity Index
0
1.00
0.318
0.298
Entropy
0
0.999
0.279
0.297
% commercial share
0
1.00
0.033
0.136
% industrial share
0
1.00
0.025
0.125
% office share
0
1.00
0.005
0.056
% residential share
0
1.00
0.190
0.293
% institutional share
0
1.00
0.017
0.107
Transportation Attributes
a. Road centerline mile density (miles per square mile)
Rural local roads
0
76.3
2.09
6.87
Rural parking lot
roads
0
33.8
0.0007
0.136
Rural primary roads
0
36.22
0.167
1.99
Rural ramps
0
39.11
0.051
1.11
Rural secondary roads
0
133
0.512
3.55
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Variables
Min
Max
Mean
Rural service drive
usually along a limited
access highway
0
57.55
0.150
Urban local roads
0
68.69
16.7
Urban parking lot
roads
0
57.94
0.068
Urban primary roads
0
42.9
0.264
Urban ramp
0
63.4
0.540
Urban Secondary
Roads
0
64.43
0.828
1
Urban service drive
0
56.30
0.523
Total roadway length
(in miles) per grid cell
0.000004
0.217
0.031
b. Network Connectivity (No. of intersections per grid cell)
No. of 3-leg
intersection per grid
cell
0
8
0.150
No. of 4-leg
intersection per grid
cell
0
12
0.057
No. of 5-leg
intersection per grid
cell
0
4
0.001
No. of 6-leg
intersection per grid
cell
0
3
0.0004
Socio-economic Variables
Average no. of
vehicles per
households
0
2.99
1.60
Household density
(no. per square mile)
0
35,471
1,379
Density of utility
industry employees
0.418
11.0
6.53
Average Household
Size
0
6.33
2.83
Low-income
household density
(annual income less
than $14,999)
0
36,098
405

Std. dev.

1.94
10.9
1.29
2.50
3.52
4.44
3.56
0.016

0.405

0.279

0.037

0.021

0.635
1,506
4.59
0.612

755

Variables
High-income
household density
(annual income more
than $100,000)
Young children
density (age less than
5 years)
Elderly density (age
above 65 years)
Population density
Population count per
grid cell
No. of employees of
the utility industry
count per grid cell
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Table 9. Continued
Min
Max

Mean

Std. dev.

0

15,153

384

478

0

17,982

259

383

0
0

11,366
127,066

422
3,794

538
4,832

0

182

5.44

6.93

0.0003

0.02

0.009

0.007

Notes: 1. usually along a limited access highway

Two-County Dataset: Dataset 2 includes two counties and, contains detailed road
and traffic information—traffic volume (measured by the average daily traffic [ADT]), and
number of lanes along the road segments- in addition to the above-mentioned features:
Table 10 provides summary statistics for these geospatial features at grid level.
Table 10. Summary Statistics for Geospatial Variables (No. of Obs. =463,503 grids)
Variables
Min
Max
Mean
Std. Dev.
Land Use Variables
Dissimilarity index (DI)
0
1
0.311
0.303
Entropy
0
0.994
0.302
0.301
% commercial
0
1.00
0.024
0.109
% industrial
0
1.00
0.028
0.130
% office
0
0.988
0.007
0.063
% residential
0
1.00
0.146
0.244
% institutional
0
1.00
0.022
0.117
Transportation Attributes
a. Road lane-mile density (miles per square mile)
Rural local roads
0
76.3
2.10
6.91
Rural parking lot roads
0
18.4
9.29E-05
0.038
Rural primary roads
0
36.2
0.204
2.20
Rural ramps
0
39.1
0.053
1.12
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Table 10. Continued
Min
Max
0
41.9
0
57.5
0
67.0
0
57.9
0
42.9
0
60.4
0
64.4
0
56.3
0.002
614
2.34E-06
0.881

Variables
Mean
Rural secondary roads
0.561
Rural service drive
0.227
Urban local roads
17.4
Urban parking lot roads
0.012
Urban primary roads
0.209
Urban ramp
0.582
Urban secondary roads
0.541
Urban service drive
0.864
Total lane-mile density
64.3
Lane miles per grid cell
0.09
b. Traffic
Vehicles miles traveled
0.0003
20,611
246
c. Network Connectivity (No. of intersections per grid cell)
3-leg intersections
0
8
0.147
4-leg intersections
0
12
0.064
5-leg intersections
0
2
0.002
6-leg intersections
0
3
0.0006
Socio-economic Variables
Average no. of vehicles
per household
0
2.99
1.65
Household density (no.
per square mile)
0
25,449
1,505
Density of utility
industry employees
0.839
10.7
7.83
Average household size
0
6.33
2.93
Low-income household
density (annual income
less than $14,999)
0
10,923
297
High-income household
density (annual income
more than $100,000)
0
7,047
424
Young children density
(age less than 5 years)
0
17,982
301
Elderly density (age
above 65 years)
0
5,469
478
Population density
3.62
127,066
4,296
Population per grid cell
0.003
182
6.16
No. of employees of the
utility industry per grid
cell
0.0006
0.015
0.011

Std. Dev.
3.66
2.39
10.7
0.509
2.25
3.65
3.59
4.56
42.9
0.061
858
0.403
0.304
0.041
0.026

0.596
1,329
4.52
0.623

379

502
386
538
5,259
7.54

0.006
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Twenty-County Dataset: Dataset 3 spans 20 counties, which represents more than
50 percent of the entire DriveCAM data. The 20-county dataset includes transportation and
socio-economic features as listed in the five-county dataset, but does not provide land use
variables because they are unavailable for the majority of the 20 counties. In addition, the
dataset includes regional information about the counties.
The 20-county dataset encompass 15,256 square miles of land area and includes
85,853 centerline miles of roadway. This resulted in 2,718,851 analysis units (or grids,
each of 200 ft. by 200 ft., roughly the size of a street block). The data were compiled using
the rbind function in R as they exceed the standard storage of an Excel spreadsheet
(1,048,576 rows or entries). The current computing resource available in Montana State
University’s transportation labs cannot provide sufficient Random Access Memory (RAM)
for storing the combined data to implement these models (written in R, an open-source
statistical software) at the same time. Therefore, the models were run using the
supercomputing resource (3,000 Central Processing Unit [CPU] hours for Maverick6)
through a start-up account with the Texas Advanced Computing Center (TACC). The 20county dataset used is considerably large when compared to the Second Safety Highway
Research Program (SHRP 2) Naturalistic Driving Study (NDS) data. Big data was first
introduced in the NDS study, which collected data for six states: Florida, Indiana, New

6

Maverick is a super computer for data analysis and visualization. An alternative is the
Stampede computer, a recent improvement to supercomputing resources for open science research
in this country. Stampede has technology ranging from highly parallel algorithms, high throughput
computing (i.e., use of multiple computing resources over long time periods [months and years]),
scalable visualization (i.e., visualizing the performance behavior of parallel programs that can scale
in problem size and/or number), and next-generation programming languages (OpenCL
heterogeneous computing language and interactive data language).
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York, North Carolina, Pennsylvania, and Washington. The study collected data for
approximately 212,538 miles of data from highway inventories. Table 11 provides
summary statistics for these geospatial features at grid level.

Table 11. Summary Statistics for Geospatial Variables (No. of Obs. = 2,718,851 grids)
Variables
Min
Max
Mean
Std. Dev
Transportation Attributes
a. Road centerline mile density (miles per square mile)
Rural local roads
0
69.9
4.26
8.88
Rural parking lot roads
0
62.0
0.003
0.252
Rural primary roads
0
36.9
0.213
2.24
Rural ramps
0
55.5
0.119
1.66
Rural secondary roads
0
92.6
0.552
3.61
Rural service drive
0
51.3
0.126
1.74
Urban local roads
0
68.9
15.8
11.0
Urban parking lot roads
0
51.8
0.041
0.908
Urban primary roads
0
47.4
0.208
2.13
Urban ramp
0
62.9
0.504
3.38
Urban secondary roads
0
63.1
1.02
4.90
Urban service drive
0
58.6
0.258
2.48
Total roadway length (in
miles) per grid cell
5.08E-05
0.256
0.033
0.018
b. Network Connectivity (No. of intersections per grid cell)
3-leg intersections
0
9
0.154
0.400
4-leg intersections
0
25
0.055
0.272
5-leg intersections
0
3
0.001
0.035
6-leg intersections
0
3
0.0003
0.015
Socio-economic Variables
Average no. of vehicles
per households
0
3.12
1.73
7.19
Household density (no.
per square mile)
0
38,491
1,586
4,255
Density of utility
industry employees
0.183
69.7
2.43
8.56
Average Household Size
0
6.33
3.59
4.75
Low-income household
density (annual income
less than $14,999)
0
36,104
420
1,021

Variables
High-income household
density (annual income
more than $100,000)
Young children density
(age less than 5 years)
Elderly density (age
above 65 years)
Population density
Population per grid cell
No. of employees of the
utility industry per grid
cell
Regional Indicators
West
North-East
South
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Table 11. Continued
Min
Max

Mean

Std. Dev

0

59,340

439

985

0

62,844

333

959

0
0
0

45,094
338,333
486

512
4,094
5.87

1,146
10,072
14.4

0.0001

0.100

0.003

0.012

0
0
0

1.00
1.00
1.00

0.028
0.369
0.602

0.116
0.478
0.480

Chapter Summary
This chapter discusses the details about the two datasets (DriveCAM and geospatial
features) used to achieve the goals of this research. The DriveCAM dataset collected
information about 13 types of driver behaviors and the outcomes associated with them. The
dataset was collected for utility truck drivers in 28 states, mostly from the Northeast and
South regions. Trained analysts viewed the recorded events. This dataset was used to
identify risky driver behaviors that co-locate with collision outcomes and, hence, can be
used as a proxy for crash risk in Step 2 of this research study.
Geospatial features (dataset 2) was collected to anticipate the occurrence of risky
behaviors using three layers of geospatial features that are considered in the statistical
analyses. The dataset was collected for 20 counties based on the availability of geospatial
features. This dataset will help reveal the contextual factors that increase/decrease the risky
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behaviors risk. Hence, controlling for these risky behaviors through the lens of geospatial
features can prove to be a proactive approach to reducing collisions.
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CHAPTER FIVE

RESULTS AND ANALYSIS

This chapter first describes the results that show which behaviors co-located with
each of the three event outcomes. The behaviors that consistently emerged as a strong
predictor throughout the three collision models are used as risky behaviors. Subsequently,
the chapter discusses the correlations between these risky behaviors and geospatial features
using negative binomial models. Based on the statistical inference obtained, the chapter
describes the results from the scoring system used to estimate the overall risk of each risky
driver behaviors for a given location (grids). Finally, the visualization maps are presented
on a 2-D scale to delineate zones (grids) into different levels of hazards.
Step 1: Identifying Primary Driver Behaviors

Step 1 of this research identifies risky driver behaviors that can be used as a proxy
for collision outcomes—that is, which driver behaviors are the best predictors of crashes
and near collisions. The results from both approaches are discussed.

Traditional Statistical Model Results
The traditional statistical method was used for understanding the relationship
between behaviors and crash events versus non-crash events through statistical regressions
of a total of 58,929 events. Binary logistic regression model was used to predict near
collisions due to a driver’s own error (NC-DOE) and near collisions initiated by other
drivers (NC-IOD). For collision outcomes, negative binomial model (NB) was used
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because collision outcome events take up a small percentage (1.49 percent) of the total
events. For this reason, the events were spatially joined to census tract layer to increase
counts of the collision per unit of analysis. The results for each collision outcome are
summarized below:
Model to Predict Near-Collision due to Driver’s Own Error (NC-DOE): A binary
logit model was used to predict NC-DOE events based on the presence or absence of
indicated driver behaviors (see Table 12). The results of this model indicated that the
likelihood that an event was coded as near-collisions that were initiated by the drivers
themselves was significantly increased by the presence of driver distraction (internal or
external to the vehicle), failure to scan the roadway, negative conduct (aggressive, reckless,
or intentionally risky driving), failure of fundamental driving skills (failure to drive on
proper path while turning or poor lane choice), traffic violations (disregard traffic signal or
stop sign, failure to yield, etc.), and road condition (wet/icy). The model explained 25.2
percent of the variation in the likelihood of NC-DOE (i.e., adjusted R-squared = 0.252).
Table 12. Results of the Binary Logit Model for NC-DOE
Coefficients
Intercept
Cell Handheld
Cell Hands-free
Food/Drink
Communicating on CB
(Citizen band) radio
Distraction
Driver failed to scan the
roadway
Aggressive/Reckless/Risky
driving
Following too close

Estimate
-4.88
-1.11
-2.31
-2.51

Std. Error
0.062
0.107
0.293
0.203

z value
-78.903
-10.339
-7.885
-12.393

Pr(>|z|)
< 2e-16
< 2e-16
3.15E-15
< 2e-16

-2.65
2.99

0.306
0.079

-8.650
37.860

< 2e-16
< 2e-16

2.62

0.069

37.679

< 2e-16

2.49
-4.67

0.127
0.102

19.727
-45.917

< 2e-16
< 2e-16
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Table 12. Continued
Coefficients
Estimate Std. Error
Fundamental driving skill
failure
4.65
0.083
Traffic Violation
1.63
0.082
Road condition (wet/icy)
4.58
0.287
Driver Unbelted
-0.528
0.090
Passenger Unbelted
0.188
0.249
Null deviance: 19617 on 58723 degrees of freedom
Residual deviance: 14644 on 58710 degrees of freedom
AIC: 14672; Number of Observations= 58,929

z value

Pr(>|z|)

56.304
19.853
15.985
-5.845
0.756

< 2e-16
< 2e-16
< 2e-16
5.05E-09
0.450

Pseudo-R-Squared = 0.252
Percentage of events correctly predicted = 73%
Overall significance of the model (p-value) = 0.001

Model to Predict Near-Collision Initiated by Other Driver (NC-IOD): A binary logit
model was also used to predict NC-IOD events based on the presence or absence of
indicated driver behaviors (see Table 13). The results of this model indicated that the
likelihood that an event was coded as near-collisions that were initiated by other drivers in
traffic was significantly increased by the use of hand-held or hands-free cellphones,
eating/drinking, and following too close (i.e., headway between the two vehicles is less
than two seconds) while operating the vehicle. The model explained 17 percent of the
variation in the likelihood of NC-IOD (i.e., adjusted R-squared = 0.17).

Table 13. Results of the Binary Logit Model for NC-IOD
Coefficients
Intercept
Cell Handheld
Cell Hands-free
Food/Drink
Communicating on CB
(Citizen band) radio
Distraction
Driver failed to scan the
roadway

Estimate

Std. Error

z value

Pr(>|z|)

-2.03
1.39
1.15
1.52

0.023
0.251
0.343
0.275

-88.213
5.540
3.349
5.545

< 2e-16
3.03E-08
8.12E-04
2.94E-08

-0.08
-2.68

0.498
0.219

-0.171
-12.264

0.864
< 2e-16

-17.2

122.646

-0.140

0.888
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Table 13. Continued
Coefficients

Estimate

Std. Error

z value

Aggressive/Reckless/Risky
driving
-3.12
0.502
-6.218
Following too close
2.22
0.507
4.378
Fundamental driving skill
failure
-3.65
0.501
-7.280
Traffic Violation
-3.06
0.194
-15.750
Road condition (wet/icy)
-1.81
1.011
-1.787
Driver Unbelted
-2.89
0.107
-26.960
Passenger Unbelted
-0.613
0.232
-2.646
Null deviance: 21146 on 58723 degrees of freedom
Residual deviance: 17571 on 58710 degrees of freedom
AIC: 17599; Number of Observations=58,929

Pr(>|z|)

5.04E-10
1.20E-05
3.33E-13
< 2e-16
0.073
< 2e-16
0.008

Pseudo-R-Squared = 0.17
Percentage of events correctly predicted=72%
Overall significance of the model (p-value)=0.001

Model to Predict Collisions: The results of NB model are summarized in Table 14.
These results indicated that the likelihood that an event was coded as a collision was
significantly increased by distraction (internal or external to the vehicle), failure to scan
the roadway (due to late reaction), and failure of fundamental driver skills (failing to route
the vehicle on proper path, or poor lane choice). However, the model experienced a low
goodness-of-fit (adjusted R-squared of 0.03). This is as expected due to the low frequency
of actual collisions, even after aggregation at the census tract level.
Table 14: Results of the Negative Binomial Model for Collision
Coefficients
Intercept
Cell Handheld
Cell Hands-free
Food/Drink
Communicating on CB
(Citizen band) radio
Distraction

Estimate
-2.60
-0.010
0.070
-0.025

Std. Error
0.049
0.061
0.081
0.088

-0.050
0.069

0.061
0.028

z value
Pr(>|z|)
-52.572 < 2e-16
-0.166
0.868
0.965
0.335
-0.291
0.771
-0.830
2.389

0.407
0.017
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Table 14. Continued
Coefficients
Estimate Std. Error
Driver failed to scan the
roadway
0.134
0.028
Aggressive/Reckless/Risky
driving
0.005
0.042
Following too close
-0.175
0.077
Fundamental driving skill
failure
0.179
0.072
Traffic Violation
0.029
0.020
Road condition (wet/icy)
-0.618
0.718
Driver Unbelted
-0.005
0.003
Passenger Unbelted
0.019
0.042
Null deviance: 2,837.7 on 6,833 degrees of freedom
Residual deviance: 2,647.2 on 6,820 degrees of freedom
AIC: 4,406.5; Number of Observations=6,845
Theta: 0.914; Std. Err.: 0.217
2 x log-likelihood: -4,382.435

z value

Pr(>|z|)

4.694

2.68E-06

0.112
-2.278

0.911
0.023

2.477
1.402
-0.861
-1.61
0.457

0.013
0.161
0.389
0.107
0.648

Pseudo-R-Squared = 0.03
Root mean squared error=0.0085 (based on 15% hold-out sample)
Overall significance of the model (p-value)=0.001

Spatial Statistical Approach (Cluster Analysis)
This section describes the results that show which behaviors co-located with each
of the three event outcomes. The behaviors that consistently emerged as strong predictors
throughout the three collision models are used as risky behaviors. The risky driver
behaviors were identified at two geographical units: (1) Grid-level analysis (area-level
analysis); and (2) Segment-level analysis (linear analysis).

Grid-Level Analysis: Cluster analysis can be conducted at zone (e.g., grids, census
tract) or segment level (e.g., roadway). A zonal cluster analysis can discern which zones
are prone to collisions, whereas a segment-based cluster analysis can reveal where in the
road network collisions are inclined to occur. Both analyses are valuable as they provide
opportunities to cross validate the results.
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As describe in Chapter 3, hot-spot analysis (Getis-Ord Gi*) was conducted at a grid
level, with each grid cell of 1,640 feet by 1,640 feet. This size was chosen because it
aggregates trigger events at a resolution that is reasonably detailed for utility companies to
discern high-risk areas and yet requires computation that is feasible for common processing
power and computer memory.
As noted earlier, Getis-Ord Gi* hot-spot analysis was used to generate z-scores
across the upper 50 percentile counties for each behavior and collision outcome. The zscores measure the clustering strength of behavior/event density among neighboring grids.
Ordinary least square regression model (OLS) was used to relate the z-scores of each
collision outcome to the z-scores of driver behaviors to discern which behaviors cluster
with collision clusters. Table 15 provides the results obtained from OLS model fitted on
the obtained z-score value.

Table 15. OLS Model Results for the Three Collision Outcomes
Coefficient
Estimate Std. Error z value
Pr(>|z|)
a. Results for the Near Collision due to driver’s own error (NC-DOE) model

Intercept
-0.004
0.002
-2.28
0.022
Eating/Drinking
0.033
0.002
19.8
< 2e-16
Distraction
0.066
0.001
55.6
< 2e-16
Lack of Awareness
0.200
0.001
159 < 2e-16
Conduct all Negative
0.125
0.002
77.6
< 2e-16
Following too close
0.158
0.001
133
< 2e-16
Traffic Violation
0.075
0.001
56.8
< 2e-16
Surface Condition
0.150
0.003
46.8
< 2e-16
Driver Unbelted
-0.011
0.002
-6.88 5.76E-12
Residual standard error: 1.114 on 384,907 degrees of freedom
Multiple R-squared: 0.5451, Adjusted R-squared: 0.5451
F-statistic: 5.126e+04 on 9 and 384,907 DF; p-value: < 2.2e-16
Number of observations: 436,694
Root mean squared error (RMSE) = 0.0016 (based on 15% hold-out sample)
b. Results for the Near Collison initiated by other drivers (NC-IOD) model
Coefficient

Estimate

Std. Error

z value

Pr(>|z|)
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Table 15. Continued
Intercept
-0.005
0.002
-2.95
Cell Handheld
0.028
0.002
16.7
Cell Hands-free
0.014
0.002
6.55
Eating/Drinking
0.038
0.002
22.8
Distraction
0.052
0.001
35.9
Lack of Awareness
0.167
0.001
127
Conduct all Negative
0.240
0.002
145
Following too close
0.113
0.001
97.2
Traffic Violation
0.092
0.001
68.8
Driver Unbelted
0.048
0.001
29.2
Residual standard error: 1.148 on 432,417 degrees of freedom
Multiple R-squared: 0.5297; Adjusted R-squared: 0.5297
F-statistic: 5.412e+04 on 9 and 432,417 DF; p-value: < 2.2e-16
Number of observations: 484,204
RMSE = 0.0018 (based on 15% of hold-out sample)

0.003
< 2e-16
5.73E-11
< 2e-16
< 2e-16
< 2e-16
< 2e-16
< 2e-16
< 2e-16
< 2e-16

c. Results for the Actual Collision model

Coefficient
Estimate Std. Error z value
Intercept
0.002
0.002
1.14
Cell Handheld
0.059
0.002
33.5
Cell Hands-free
0.064
0.002
28.6
Eating/Drinking
0.069
0.002
35.2
Other Communication
0.103
0.002
55.1
Distraction
0.005
0.001
3.58
Lack of awareness
0.070
0.001
59.4
Following too close
0.017
0.001
16.0
Surface Condition
0.016
0.003
6.03
Driver Unbelted
0.063
0.0018
35.1
Passenger Unbelted
0.023
0.0017
12.9
Residual standard error: 1.055 on 274,610 degrees of freedom
Multiple R-squared: 0.2014; Adjusted R-squared: 0.2013
F-statistic: 6924 on 10 and 274,610 DF; p-value: < 2.2e-16
Number of observations: 326,398
RMSE =0.0019 (based on a 15% hold-out sample)

Pr(>|z|)
0.254009
< 2e-16
< 2e-16
< 2e-16
< 2e-16
3.36E-04
< 2e-16
< 2e-16
1.59E-09
< 2e-16
< 2e-16

Based on the adjusted R-squared values, the NC-DOE and NC-IOD models
explained 54.5 percent and 53.0 percent of the variations in the clustering patterns of their
respective collision outcomes. The actual collision model yields a much lower R-squared
value of 20.1 percent, probably due to the lower frequency of actual collisions, which can
obscure clustering patterns (90) and affect the accuracy of the OLS results.
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In the initial modeling attempt, certain behaviors (e.g., surface condition, passenger
unbelted, etc.) exhibited negative effects on the respective event cluster. A plausible cause
of the negative signs is the low frequency at which the behaviors were observed (less than
10 percent among all behaviors observed in the study areas that span at least 326,398 grids
across 42 counties). The low frequency can render unreliable depictions of the behavior
clusters and consequently spurious correlations between the behaviors and the event
clusters. After removing those behaviors, the new models (shown in Table 15) were found
to retain almost the same level of goodness-of-fit and prediction accuracy (i.e., RMSE).
Nevertheless, in the new model for NC-DOE, one behavior (driver unbelted) became
negatively related to the event clusters. An explanation is that some behaviors are more
positively related to the event outcomes and can offset the effect estimates of other less
prominent behaviors. This is an unfortunate side effect inherent to all correlational
analyses. For the other two models, all behaviors were estimated to have positive signs, as
shown in Table 15. The results obtained from both approaches (traditional statistical model
and grid-level analysis) are compared as shown in Table 16.
Table 16. Comparison of Results from the Two Approaches
NC-DOE
Model Used

Cell Handheld
Cell Hands-free
Food/Drink
Communicating on CB
(Citizen band) radio
Distraction
Lack of awareness

(1)
BL

NC-IOD

Collision

(2)
Cluster

(1)
BL

(2)
Cluster











(1)
NB

(2)
Cluster
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Table 16. Continued
NC-DOE
Model Used

(1)
BL

(2)
Cluster

NC-IOD
(1)
BL

(2)
Cluster

Collision
(1)
NB

(2)
Cluster

Aggressive/Reckless/Ri



sky driving
Following too close




Traffic Violation



Road condition



(wet/icy)
Driver Unbelted


Passenger Unbelted
Fundamental Driving


Skills
25%
54.51%
17%
52.97%
3.0%
20.13%
Adjusted R-Squared
Notes:
a. (1) Denotes the first method; (2) Denotes the second/cluster method. For the first method,
the binary logit (BL) models were used to relate the occurrence of a collision outcome to
the presence or absence of driver behaviors. Due to the rare occurrence of actual collisions,
a negative binomial (count) model was used to regress the number of collisions on the
counts of driver behaviors; all were aggregated at the census tract level (number of
observations = 6,845).
b.

BL = Binary Logit; NB = Negative Binomial; Significant behaviors are marked by .

The advanced form of cluster analysis based on the location of behaviors and events
provides the best prediction about the collision outcomes. This is fortunate given that the
goal of this project is to utilize mapping as a way to predict and identify high-risk locations.
The fact that Step 1 demonstrates that the location of behaviors is a significant predictor of
the location of collisions supports the overall goal of this project. Also, in terms of overall
model performance, the results are more reliable for spatial statistical method compared to
the traditional statistical models. For this reason, the study used the results obtained from
the spatial statistical approach at grid level.
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Four behaviors were selected as primary risky behaviors because they were found to
consistently co-locate (positively related) with all three collision outcomes (see Table 16).
The four behaviors were distraction, following too close (FTC), lack of awareness, and
eating/drinking. These risky behaviors were generally consistent with prior research
findings. The adverse effect of distraction (due to factors other than cell-phone usage) has
been documented (7, 92, and 93). Experimental studies (7 and 8) suggested that the
physical demands of eating/drinking while driving increased crash risk. Lack of awareness
was also found to be a major cause of crashes among newly licensed and young drivers
(11, 50, and 51). FTC (tailgating) was identified as a major cause of rear-end collisions
(17, 94, and 95). Cell phone usage emerged as a significant predictor for actual collisions,
echoing previous research (36 and 93), and near-collisions initiated by other drivers, but
was found to be insignificant in explaining near-collisions due to driver’s own error.

Segment-level Analysis: The analysis was done for the road network in a county. Each
segment was split into two equal parts resulting in average segment length of 0.06 miles.
The challenge in segment-level analysis is to define the spatial interaction. Spatial
interaction is an essential part of spatial analysis because it defines for a target segment
how many segments need to be included in the calculation of z-scores (measures for hot
spots, or clusters). In grid-level analysis, spatial interactions are defined by simpler rules
like a search radius or contiguity among grids.
At segment-level, the research study explored higher-order neighbors (first-order,
second-order, third-order, and fourth-order neighbors) such that a greater number of
segments are considered for a target segment while depicting clusters. This will introduce
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richer spatial interactions, which can facilitate the identification of clusters. For proof-ofconcept, the study presented visualization results for one behavior (driver not wearing a
seat belt) in a county (shown in Figure 7). The study highlighted a corridor in a County to
discern the clustering pattern. The red color indicates the segments where clustering is
significant followed by yellow color segments. Blue color segments represent the cold
spots.

Figure 7. Cluster Analysis Results for Driver Unbelted Behaviors

Ordinary least square regression model (OLS) was used to relate the z-scores of
each collision outcome to the z-scores of driver behaviors to discern which behaviors co-
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locate with the collision outcomes (collision and near collision). The results from the
neighborhood assumption were compared and summarized in Table 24 (See Appendix B).
From the results, it can be observed that adjusted R-square remains moderate with an
increase in number of neighbors. In addition, the relationship between driver behaviors and
collision outcomes is consistent between the numbers of neighbors. However, it is
subjective to decide the number of neighbors that should be considered for the analysis.
For this reason, the study is still exploring higher order neighbors and is in the development
phase.
Step 2: Predictive Models for Risky Driver Behaviors

Step 2 analysis focused on the datasets collected from groups of counties that had
high event outcomes. Data for these counties were combined into a single dataset (sample
size = 813,632, 463,503 and 2,718,851 grids, each of 200 ft. by 200 ft., roughly a street
block) and analyzed using negative binomial models (one for each risky behavior).
Specifically, the number of driver behaviors observed at the grid level served as the
response variable and was regressed against geospatial variables related to socioeconomics, land use patterns (balance and mix), and road network details (e.g.,
connectivity, VMT, etc.), as detailed in Chapter 4 of this thesis. Each model sought to
identify which geospatial variables predicted the prevalence of the risky behavior (i.e.,
number of risky behaviors expected at the grid level). Population, total road centerline
miles (or VMT in the case of the two-county dataset), and employment size of the
utility/power industry were combined into an exposure variable to separate size effect from
the risk estimates.
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To measure the practical significance of a variable, elasticities were reported as the
percent change in a response variable following a 1 percent increase in a predictor (i.e.,
covariate). Highly elastic predictors induce a disproportional change in the response
variable; in other words, a percentage change in such a variable is associated with a more
than 1 percent change in the response.
Variables that are statistically significant in at least two of the three models are
selected as risk factors7 (factors that show positive correlation with behaviors) for
interpretation and development of a predictive framework (Step 3). The risk factors
identified from the models are as follows.
Well-balanced land use and areas with higher commercial share contributed to the
prevalence of lack of awareness, and distraction behaviors. Balanced land use is typical of
downtowns and city centers that have higher pedestrian volume (100) and excess road
signage (like billboards, traffic signs, and signals). Driving in those environments can result
in a (utility) driver’s failure to scan the roadway for potential risk due to the complex
driving tasks involved (101). Traffic volume in commercial neighborhoods are higher
throughout the day and it is observed that areas near commercial parcels experience higher
crash frequencies (81 and 102).

7

The risk factors should be interpreted differently from causal factors. A causal factor will
cause a behavior to happen if activated, whereas a risk factor is positively correlated with a behavior
(i.e., a behavior increases or decreases in the same direction as the risk factor changes) holding
other factors constant. While correlation serves as the basis for a causal relationship, to confirm
causality one would need to use a specific test or experiment (e.g., control groups or before-andafter study (94), which is out of the scope of this project. Nevertheless, the risk factors identified
by correlational analysis (e.g., the NB models) when being controlled for altogether can help
estimate the likelihood of behavior (see 95 and 96). The same interpretation holds for protective
factors.
.
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Highly connected (dense) road networks were found to contribute to risky driver
behaviors (especially lack of awareness, distraction, and following too close). This is
expected, as dense road networks are often associated with complex traffic conditions
(weaving/merging traffic and traffic congestion). Navigating such road networks can be
stressful and induce an increase in certain risky behaviors (103). There is not much
knowledge on the effect of road network attributes on driver behavior, and this result points
to an interesting direction. The result can be useful for planning safe routes for the utility
industry as it relates network attributes to driver behavior.
In urban areas, secondary roads were estimated to have higher chances of all the
risky behaviors after controlling for exposure. These roads typically carry high throughput
traffic volume and can encourage drivers to follow front vehicles more closely or may
result in distraction (e.g., observing the outside condition). Higher traffic volume results in
smaller headway between lead and following vehicle (104). The effect of these roads are
unclear on eating/drinking and lack of awareness behaviors. In addition, drivers were prone
to distraction, following too close, and lack of awareness when traveling along urban
primary roads. Navigating heavy and complex traffic on these multi-lane, high-speed
facilities requires a lot of skills and experience and can cause some drivers to exhibit risky
behaviors related to reaction time and distraction.
Drivers were prone to FTC behaviors in areas with high concentration of elderly
people (65 years and above). The reasons for this are not clear. Much evidence exists
regarding traffic safety involving these vulnerable users, with a general consensus of high
fatality rates among the elderly (27 and 105). However, it is less clear how drivers behave
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in the presence of these vulnerable roadway users and how their behaviors alter collision
risks and severity levels. Low-income household density (annual income less than $14,999)
was found to be a risk factor for distraction behaviors. The possible reasons behind the
income effects are unclear.
Protective factors (factors that show negative correlations with behaviors) generally
include average household size, local road (in rural areas), and share of residential land
use. Distraction, lack of awareness, and FTC behaviors tend to drop in areas that are chiefly
residential development. This might result from area-wide traffic calming schemes (e.g.,
speed reduction devices and removal of through traffic by one-way streets or street
closure), which are commonly deployed in residential areas (106). FTC, and lack of
awareness behaviors decrease with large household size, which is indicative of singlefamily residential development (107).
In rural areas, local roads were estimated to have a lower incidence of following
too close and lack of awareness behavior, possibly due to low traffic volume. In addition,
rural areas have sparse land use, which reduces changes in complex traffic conditions (e.g.,
congestion) and unexpected events like children darting out into streets.
Table 17 to 19 summarize the model results.
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Table 17: Negative Binomial Results for the Prevalence of Risky Behaviors in Five-County
Arc
Coefficient
Std.
Elasticity
Variables
estimate
Error
Z-value Pr(>|z|)
(%)
a. Distraction behavior
Intercept
-6.04
0.304
-19.9 < 2e-16
Land Use Variable
Entropy (land use
balance)
0.285
0.133
2.15
0.031
0.452
% industrial share
0.705
0.253
2.79
0.005
0.059
% residential share
-1.60
0.209
-7.66
0.000
-0.514
% institutional share
-0.834
0.42870
-1.94
0.051
-0.024
Socio-Economic Variable
Average no. of vehicles
per household
-0.141
0.064
-2.19
0.028
-0.161
Average Household
Size
-0.327
0.064
-5.13
0.000
-2.14
Low-income household
density (annual income
less than $14,999)
0.0001
0.00003
3.28
0.001
0.100
Young children density
(age less than 5 years)
0.0003
0.00008
3.93 0.00008
0.019
Elderly density (age
above 65 years)
0.0002
0.00006
3.34
0.0008
0.192
Transportation Attributes
3-leg intersections
0.475
0.071
6.61
0.000
0.151
4-leg intersections
0.732
0.078
9.28 < 2e-16
0.092
5-leg intersections
1.56
0.529
2.94
0.003
0.006
6-leg intersections
2.76
0.774
3.57
0.0004
0.003
Rural local road
-0.054
0.013
-4.08 0.00004
-0.364
Rural primary roads
-0.121
0.043
-2.77
0.005
-0.036
Urban local roads
0.009
0.005
2.11
0.035
0.821
Urban primary roads
0.031
0.011
2.74
0.006
0.018
Urban ramp
0.021
0.008
2.65
0.008
0.018
Urban secondary road
0.056
0.006
9.75 < 2e-16
0.082
Log(population*emplo
yment*total roadway
length)
0.059
0.053
1.12
0.264
0.810
Null deviance: 5101.9 on 813540 degrees of freedom
Residual deviance: 4406.9 on 813520 degrees of freedom
AIC: 13066; Theta: 0.006; Std. Err.: 0.0005
2 x log-likelihood: -13021.899
No. of observations=813,632
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Coefficient
Std.
Variables
estimate
Error
Z-value Pr(>|z|)
Pseudo- R –Squared=0.04
Root mean squared error=4.68E-05 (based on a 15% hold-out sample)
Variables

Coefficient
estimate
Std.Error Z value Pr(>|z|)
b. Lack of awareness behavior
Intercept
-3.17
0.327
-9.67
< 2e-16
Land Use Variable
Dissimilarity index
0.651
0.160
4.07
0.000
Entropy
1.35
0.168
8.07
0.000
% residential share
-1.83
0.248
-7.40
0.000
Socio-Economic Variable
Density of utility
industry employees
-0.199
0.016
-12.3 < 2e-16
Average Household
Size
-0.624
0.069
-8.97 < 2e-16
Transportation Attributes
3-leg intersections
0.377
0.082
4.59
0.000
4-leg intersections
0.746
0.065
11.43 < 2e-16
5-leg intersection
2.16
0.395
5.46
0.000
Rural local roads
-0.060
0.020
-3.07
0.002
Rural primary roads
-0.061
0.022
-2.79
0.005
Urban primary roads
0.075
0.007
10.1 < 2e-16
Urban secondary roads
0.064
0.004
14.0 < 2e-16
Log(population*total
roadway
length*employment)
0.6397
0.0763
8.3850 < 2e-16
Null deviance: 4869.4 on 813540 degrees of freedom
Residual deviance: 3500.5 on 813527 degrees of freedom
AIC: 8597.2; Theta: 0.013; Std. Err.: 0.0015
2 x log-likelihood: -8567.175
No. of observations=813,632
Pseudo- R –Squared=0.123
Root mean squared error=0.0013 (based on a 15% hold-out sample)
Coefficient
Variables
estimate
Std.Error
c. Following too close (FTC) behavior
Intercept
-4.37
0.371
Land-Use Variable

Z value

Pr(>|z|)

-11.8

< 2e-16

Arc
Elasticity
(%)

Arc
Elasticit
y (%)

0.493
1.08
-0.698

-3.28
-4.78
0.150
0.153
0.485
-0.185
-0.045
0.058
0.145

0.015

Arc
Elasticit
y (%)
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Z value
5.19
6.30
2.75
-7.05

Pr(>|z|)
0.000
0.000
0.006
0.000

Arc
Elasticit
y (%)
0.483
0.695
0.064
-0.572

5.01

0.000

0.413

-11.0

< 2e-16

-0.061

-6.76

0.000

-3.23

-4.16
5.01

0.000
0.000

-0.095
0.227

3-leg intersections
0.343
0.078
4.38
0.000
4-leg intersections
0.356
0.065
5.41
0.000
5-leg intersections
1.75
0.371
4.73
0.000
6-leg intersections
2.48
0.514
4.84
0.000
Rural local road
-0.038
0.014
-2.68
0.007
Rural primary road
-0.047
0.018
-2.62
0.008
Urban primary road
0.094
0.006
14.6 < 2e-16
Urban secondary road
0.077
0.004
18.9 < 2e-16
Log(total
population*total
roadway
length*employment)
0.475
0.078
6.03
0.0000
Null deviance: 5573.5 on 813540 degrees of freedom
Residual deviance: 4105.2 on 813523 degrees of freedom
AIC: 8953.6; Theta: 0.0213; Std. Err.: 0.0028
2 x log-likelihood: -8915.634
No. of observations=813,632
Pseudo- R –Squared=0.127
Root mean squared error=1.38E-05 (based on a 15% hold-out sample)
d. Eating/drinking behaviors

0.114
0.042
0.0053
0.004
-0.217
-0.011
0.061
0.160

Coefficient
Variables
estimate
Std.Error
Dissimilarity index
0.795
0.153
Entropy
1.04
0.165
% Commercial share
0.577
0.209
% Residential share
-1.56
0.222
Socio-Economic Variables
Household density (no.
per square mile)
0.0001
0.00
Density of utility
industry employees
-0.172
0.015
Average Household
Size
-0.460
0.068
Low-income household
density (annual income
less than $14,999)
-0.0002
0.0000
Population Density
0.0001
0.0000
Transportation Attributes

Variables
Intercept

Coefficient
estimate
Std.Error
-6.57
0.833

Z value
-7.88

Pr(>|z|)
0.000

0.015

Arc
Elasticit
y (%)
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Table 17. Continued
Land use variables
% residential share
Socio-Economic Variable
Average Household
Size
Transportation Attributes
3-leg intersections

-2.00

0.753

-0.521
0.229
Table 17. Continued
0.624
0.065

0.308
0.024

-2.66

0.007

-0.835

-2.27

0.023

-3.36

2.02
2.66

0.043
0.007

0.223
0.124

Urban secondary roads
Log(population*emplo
yment*total roadway
length)
0.266
0.163
1.63
0.102
Null deviance: 310.03 on 813540 degrees of freedom
Residual deviance: 272.87 on 813535 degrees of freedom
AIC: 2120.2; Theta: 0.000129; Std. Err.: 9.73e-06
2 x log-likelihood: -2106.221
No. of observations=813,632
Pseudo- R –Squared=0.005
Root mean squared error=7.004E-06 (based on a 15% hold-out sample)

0.463

Table 18. Negative Binomial Results for the Prevalence of Risky Behaviors in TwoCounty

Variables

Coefficient
estimate

a. Distraction
Intercept
Land use variables
Entropy
% residential
% commercial
Socio-Economic variables
Household density (no.
per square mile)
Young children density
(age less than 5 years)
Elderly density (age
above 65 years)
Population density
Transportation Attributes

Std.
Error

Z value

Pr(>|z|)

Arc
Elasticity
(%)

-7.71

0.158

-48.7

< 2e-16

0.518
-1.23
0.838

0.189
0.383
0.350

2.74
-3.20
2.39

0.006
0.001
0.017

0.362
-0.412
0.047

0.0002

0.00004

5.83

0.000

0.698

-0.0004
0.0003

0.0002
0.00008

-2.63
1.52

0.009
0.009

-0.028

-0.00005

0.00002

-3.62

0.0003

0.100
-0.492
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Variables

Coefficient
estimate

Std.
Error
0.074
0.580
0.646
0.044
0.006
0.014
0.009
0.009
0.025

Z value

Pr(>|z|)

Arc
Elasticity
(%)

3-leg intersections
0.455
6.14
0.000
0.152
4-leg intersections
1.206
2.08
0.037
0.183
5-leg intersections
2.095
3.24
0.001
0.009
6-leg intersections
-0.126
-2.88
0.004
-0.0002
Rural primary roads
0.013
2.34
0.019
0.006
Urban local roads
0.036
2.56
0.010
1.46
Urban primary roads
0.031
3.53
0.000
0.015
Urban ramp
0.028
3.16
0.002
0.038
Urban secondary roads
0.165
6.62
0.000
0.216
Log(population *
employment*VMT)
0.455
0.074
6.14
0.000
0.207
Null deviance: 3133.6 on 463465 degrees of freedom
Residual deviance: 2808.8 on 463449 degrees of freedom
AIC: 5866; Theta: 0.019; Std. Err.: 0.004
2 x log-likelihood: -5830.00700
Number of observations: 463,503
Pseudo R-Squared=0.052
Root mean squared error (RMSE)=0.004 (based on a 15% hold-out sample)
b. Lack of awareness
Arc
Elasticity
Coefficient
(%)
Variables
estimate
Std.
Z value Pr(>|z|)
Error
Intercept
-7.52
0.35
-21.38 < 2e-16
Land use variables
Entropy
1.36
0.239
5.70
0.000
0.955
% residential
-2.06
0.606
-3.41
0.001
-0.687
% commercial
0.755
0.422
1.79
0.073
0.042
% institution
-2.23
1.17
-1.91
0.056
-0.111
Socio-Economic variables
Average household size
-0.519
0.101
-5.17
0.000
-3.44
Higher-income
household density
(annual income more
than $100,000)
0.0002
0.0001
2.13
0.033
0.196
Transportation Attributes
4-leg intersections
0.213
0.072
2.97
0.003
0.032
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Z value

Pr(>|z|)

Arc
Elasticity
(%)

5-leg intersections
1.37
2.87
6-leg intersections
1.86
3.48
Rural primary roads
-0.123
-4.14
Rural secondary roads
-0.024
-1.60
Urban parking lot roads
0.077
1.74
Urban primary roads
0.063
5.70
Urban ramp
0.021
2.39
Urban secondary roads
0.035
4.04
Urban service drive
0.014
1.77
Total lane-mile density
0.007
6.50
Log (population *
employment*VMT)
0.026
0.032
0.835
Null deviance: 2629.6 on 463465 degrees of freedom
Residual deviance: 2044.6 on 463447 degrees of freedom
AIC: 3734.6; Theta: 0.043; Std. Err.: 0.012
2 x log-likelihood: -3694.6170
Number of observations: 463,503
Pseudo R-Squared=0.065
RMSE=9.81E-07 (based on a 15% hold-out sample)
c. Following too close

0.004
0.001
0.000
0.110
0.0828
0.000
0.017
0.000
0.075
0.000

0.006
0.003
-0.056
-0.031
0.002
0.031
0.028
0.044
0.028
1.05

0.404

0.012

Variables

Variables

Coefficient
estimate

Coefficient
estimate

Std.
Error
0.476
0.536
0.030
0.015
0.045
0.011
0.009
0.009
0.008
0.001

Arc
Elasticity
(%)
Std.
Error

Z value

Pr(>|z|)

Intercept
Land use variables
% residential
Socio-Economic variables
Average household size
Elderly density (age
above 65 years)
Transportation Attributes
Urban parking lot roads
Urban secondary roads
Log(population *
employment*VMT)

-5.83

1.20

-4.85

1.25E06

-2.31

1.35

-1.72

0.086

-0.769

-0.729

0.396

-1.84

0.066

-4.80

0.0001

0.00006

1.92

0.005

0.127

0.719
0.108

0.433
0.062

1.66
1.74

0.097
0.082

0.023
0.137

0.325

0.096

3.40

0.001

0.148
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Table 18. Continued

Variables

Coefficient
estimate

Std.
Z value
Error
Null deviance: 153.56 on 463465 degrees of freedom
Residual deviance: 119.59 on 463460 degrees of freedom
AIC: 5761.6; Theta: 4.544e-05; Std. Err.: 1.43e-06
2 x log-likelihood: -5747.62500000
Number of observations: 463,503
Pseudo R-Squared=0.09
RMSE=2.26E-06 (based on a 15% hold-out sample)
d. Eating/Drinking

Variables

Coefficient
estimate

Pr(>|z|)

Arc
Elasticity
(%)

Arc
Elasticity
(%)
Std.
Error
0.365

Z value

Pr(>|z|)

Intercept
-9.15
-25.1
Socio-Economic variables
Population density
-0.0001
0.0001
-1.78
Transportation Attributes
4-leg intersections
1.00
0.513
1.95
Urban secondary roads
0.062
0.042
1.91
Log (population *
employment*VMT)
0.272
0.094
2.89
Null deviance: 136.99 on 463465 degrees of freedom
Residual deviance: 112.32 on 463461 degrees of freedom
AIC: 901.75; Theta: 0.00012; Std. Err.: 1.32e-05
2 x log-likelihood: -889.7480000
Number of observations: 463,503
Pseudo R-Squared=0.026
RMSE=0.003 (based on a 15% hold-out sample)

< 2e-16
0.076

-0.977

0.050
0.145

0.151
0.080

0.004

0.125

Table 19. Negative Binomial Results for the Prevalence of Risky Behaviors in Twenty
County
Arc
Coefficient
Std.
Elasticity
Variables
estimate
Error
Z value Pr(>|z|)
(%)
a. Distraction behavior
Intercept
-7.304
0.074
-97.7
< 2e-16
Socio-Economic Variable
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Coefficient
Variables
estimate
Average no. of vehicles
per household
0.00024
Household density (no.
per square mile)
0.00001
Low-income household
density (annual income
less than $14,999)
0.00028
Elderly density (age
above 65 years)
-0.00005
Transportation Attributes
3-leg intersections

0.498
0.877
1.67
1.94
0.014
-0.024
0.030
0.032
0.055

Z value

Pr(>|z|)

Arc
Elasticity
(%)

0.00006

3.97

0.00007

0.246

0.00000

3.19

0.00142

0.356

0.00001

19.7

< 2e-16

0.339

0.00002

-3.19

0.0014

-0.043

0.034
0.037
0.276
0.569
0.004
0.008
0.005
0.003
0.002

14.3
23.5
6.06
3.42
3.53
-2.96
5.36
8.65
23.0

< 2e-16
< 2e-16
0.00000
0.0006
0.0004
0.0030
0.00000
< 2e-16
< 2e-16

0.142
0.122
0.005
0.002
0.015
-0.023
0.011
0.046
0.116

Std.
Error

4-leg intersections
5-leg intersections
6-leg intersections
Rural secondary roads
Rural service drive
Urban primary road
Urban ramp
Urban secondary road
Log(population*employ
ment*total
roadway
length)
0.018
0.015
1.19
0.232
West
1.44
0.091
15.7 < 2e-16
South
0.189
0.044
4.23 0.00002
Northeast
NA
NA
NA
NA
Null deviance: 20858 on 2718850 degrees of freedom
Residual deviance: 18545 on 2718834 degrees of freedom
AIC: 49546; Theta: 0.0087; Std. Err.: 0.00044
2 x log-likelihood: -49510.059
No. of observations=2,718,851
Pseudo- R –Squared=0.05
Root mean squared error=1.32E-05 (based on a 15% hold-out sample)
b. Lack of awareness

-0.318
0.149
0.186

Arc
Coefficient
Elasticity
Variables
estimate
Std.Error Z value Pr(>|z|) (%)
Intercept
-6.63
0.091
-72.7 < 2e-16
Socio-Economic Variable
Average no. of vehicles
per household
0.0006
0.0000
13.0 < 2e-16
2.05
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Coefficient
Std.
Variables
estimate
Error
Z value Pr(>|z|)
Density of utility
industry employees
0.007
0.0011
6.57
0.0000
Low-income household
density (annual income
less than $14,999)
0.0002
0.0000
14.7 < 2e-16
Young children density
(age less than 5 years)
-0.00004
0.0000
-3.79
0.0002
Population density
0.00001
0.0000
5.62
0.0000
Transportation Attributes
3-leg intersections
0.414
0.034
12.1 < 2e-16
4-leg intersections
0.873
0.028
31.0 < 2e-16
5-leg intersections
1.95
0.201
9.73 < 2e-16
6-leg intersections
1.92
0.423
4.54
0.0000
Rural local road
-0.016
0.004
-4.11
0.0000
Rural ramp
0.041
0.008
4.90
0.0000
Urban parking road
-0.055
0.029
-1.88
0.0598
Urban primary road
0.067
0.004
17.4 < 2e-16
Urban ramp
0.031
0.003
9.34 < 2e-16
Urban secondary road
0.074
0.002
38.9 < 2e-16
Urban service drive
0.016
0.005
3.56
0.0004
Log(population*employ
ment*total roadway
length)
0.163
0.022
7.45
0.0000
West
0.345
0.102
3.38
0.0007
South
-0.450
0.043
-10.3 < 2e-16
Northeast
NA
NA
NA
NA
Null deviance: 25080 on 2718850 degrees of freedom
Residual deviance: 19982 on 2718831 degrees of freedom
AIC: 43946; Theta: 0.02212; Std. Err.: 0.00119
2 x log-likelihood: -43904.38900
No. of observations=2,718,851
Pseudo- R –Squared=0.09
Root mean squared error=4.56E-06 (based on a 15% hold-out sample)
c. Following too close (FTC)

Arc
Elasticity
(%)
1.04

0.949
-0.335
0.559
0.912
0.945
1.02
0.051
-0.840
1.01
-1.09
1.08
1.05
1.04
0.879
1.08

1.02
-0.989

Arc
Coefficient
Elasticitie
Variables
estimate
Std.Error Z value Pr(>|z|) s (%)
Intercept
-6.9480
0.0850
-81.78 < 2e-16
Socio-Economic Variables
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Variables
Average no. of vehicles
per household
Density of utility
industry employees
Low-income household
density (annual income
less than $14,999)
Young children density
(age less than 5 years)
Elderly density (age
above 65 years)
Population density

Coefficient
estimate

Std.
Error

Z value

Pr(>|z|)

Arc
Elasticity
(%)

0.0006

0.0000

11.86

< 2e-16

0.852

0.0038

0.0012

3.07

0.0021

0.041

0.0001

0.0000

10.63

< 2e-16

0.025

-0.00005

0.0000

-3.98

0.0001

-0.049

0.00004

0.0000

3.62

0.0003
6.26E05

0.015

0.000007
1.80E-06
4.00
Transportation Attributes
3-leg intersections
0.410
0.030
12.8 < 2e-16
4-leg intersections
0.610
0.030
21.8 < 2e-16
5-leg intersections
1.67
0.200
8.37 < 2e-16
6-leg intersections
1.71
0.410
4.22 0.00002
Rural local road
-0.017
0.004
-4.84
0.0003
Rural primary road
0.022
0.005
4.33
0.0004
Rural ramp
0.039
0.007
5.35
0.0002
Urban primary road
0.082
0.003
23.8 < 2e-16
Urban ramp
0.032
0.003
10.9 < 2e-16
Urban secondary road
0.089
0.001
53.4 < 2e-16
Log(population*employ
ment*total
roadway
length)
0.086
0.019
4.39
0.0000
West
0.473
0.101
4.68
0.0000
Northeast
-0.253
0.041
-6.15
0.0000
South
NA
NA
NA
NA
Null deviance: 27787 on 2718850 degrees of freedom
Residual deviance: 22313 on 2718831 degrees of freedom
AIC: 47512; Theta: 0.02626; Std. Err.: 0.00144
2 x log-likelihood: -47470.271
No. of observations=2,718,851
Pseudo- R –Squared=0.07
Root mean squared error=2.45E-06 (based on a 15% hold-out sample)
d. Eating/drinking behavior
Intercept
-10.2
0.265
-38.4 < 2e-16
Socio-Economic Variables

0.021
0.142
0.089
0.007
0.0009
-0.035
0.016
0.009
0.052
0.044
0.191
0.940

0.021
-0.169
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Table 19. Continued
Coefficient
Std.
Variables
estimate
Error
Z value Pr(>|z|)
Density of utility
industry employees
0.015
0.0061
2.60
0.0093
Low-income household
density (annual income
less than $14,999)
0.0004
0.0001
7.30
0.0000
Transportation Attributes
No. of 3-leg intersection
per grid cell
0.725
0.142
5.08
0.0000
No. of 4-leg intersection
per grid cell
0.985
0.199
4.95
0.0000
Urban ramp
0.048
0.016
2.93
0.0033
Urban secondary road
0.064
0.011
5.64
0.0000
Log(population*employ
ment*total
roadway
length)
-0.108
0.051
-2.10
0.0354
West
1.78
0.408
4.37
0.0000
South
0.455
0.159
2.86
0.0043
Northeast
NA
NA
NA
NA
Null deviance: 1359.7 on 2718850 degrees of freedom
Residual deviance: 1166.7 on 2718841 degrees of freedom
AIC: 9350.6; Theta: 0.0002; Std. Err.: 5.72e-06
2 x log-likelihood: -9328.606
No. of observations=2,718,851
Pseudo- R –Squared=0.08
Root mean squared error=2.39E-04 (based on a 15% hold-out sample)

Arc
Elasticity
(%)
1.02

0.524

0.235
0.129
0.054
0.129
-0.229
0.169
0.320

Step 3: Development of Predictive Framework
The scoring system was used to predict the locations that harbor higher collision
risk while holding traffic exposure constant. As shown in Step 2, certain geospatial features
(e.g., mixed land use and dense road network) are correlated with an increase in the
expected frequency of risky behaviors, while percent residential share, average household
size, and rural local roads were found to dampen the expected frequency of risky behaviors.
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Step 3 developed a scoring system that estimates the overall risk of each risky driver
behavior for a given location (grids) as described below.

Distraction Behavior
The negative binomial model was used to relate the response variable (number of
distraction behaviors) to the covariates (e.g., land use, transportation, and socio-economic
variables). A distraction behavior describes an incident in which the driver was observed
to be preoccupied by factors internal or external to the vehicle.
Table 20 compares the analysis results from the three datasets. Statistically
significant variables are marked by “+” or “–” signs depending on the directions of the
effects. The variables with positive signs are associated with an increase in a risky
behavior. Therefore, these variables are called risk factors. The variables with negative
signs are called protective factors, as they are associated with a decrease in a risky behavior.
Variables that are statistically significant in at least two of the three models are selected
and will be used in the prediction framework. Also reported are arc elasticities8 in brackets.
Highly elastic variables indicate that a percentage change in such a variable is associated
with a more than 1 percent change in the response. These highly elastic variables are
indicated by “+ +” or “– –”, depending on the direction of the effect. Exposure terms are
also included for the three dataset.

8

Elasticity measures the effect that a 1 percent change in an explanatory variable has on the
response variable. The values are shown as a percentage. Arc elasticities are reported here. It is
calculated as the percent change in a response variable following a 1 percent increase in a predictor
(i.e., covariate). For example: for a 1 percent increase in a geospatial feature (say, land use balance),
the expected behavior (say, distraction) counts increase by 0.362 percent.
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Table 20. Models Comparisons for the Distraction Behavior
Geospatial
Distraction Behavior
Variables
5 Counties 2 Counties
20
Predictive
(Arc
(Arc
Counties
framework
Variables
elasticity
elasticity
(Arc
(Average arc
[%])
[%])
elasticity
elasticity [%])
[%])
Log
+(0.810)
-(0.318)
(population*employ
ment*total roadway
length)
Log (population *
+(0.207)
employment*VMT)
Land use variables
Land use balance
+(0.452)
+(0.362)
NA
 (0.407)
(entropy)
Land use mix
NA
(dissimilarity index)
% commercial share
+(0.047)
NA
% residential share
– (–0.514) – (–0.412) NA
 (–
0.463)
% Industrial share
+ (0.059)
NA
% Institutional share – (–0.024)
NA
% office
NA
Transportation Attributes
3-leg intersections
+ (0.151)
+(0.152)
+(0.142)
 (0.14
8)
4-leg intersections
+ (0.092)
+(0.183)
+(0.122)
 (0.13
2)
5-leg intersections
+(0.006)
+(0.009)
 (0.00
03)
6-leg intersections
+(0.003)
– (–
+(0.002)
0.0002)
Rural local roads
– (–0.364)
Rural ramp
Rural primary roads – (–0.036) +(0.006)
Rural secondary
+(0.015)
roads
Rural service roads
– (–0.023)
Urban local roads
+(0.821)
++(1.46)
 (1.14)
Urban parking roads
Urban primary road +(0.018)
+(0.015)
+(0.011)
 (0.01
5)

Factor
Type
(Risk or
Protectiv
e)

Risk

Protectiv
e

Risk
Risk
Risk

Risk
Risk
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Table 20. Continued
Distraction Behavior

Geospatial
Variables

Variables

Urban secondary
road
Urban service drive
Urban ramp

5 Counties
2 Counties
. Table
20. Continued 20
(Arc
(Arc
Counties
elasticity
elasticity
(Arc
[%])
[%])
elasticity
[%])
+(0.082)
+(0.216)
+(0.116)

Predictive
framework
(Average arc
elasticity [%])
 (0.13
8)

Factor
Type
(Risk or
Protectiv
e)
Risk

 (0.03
4)

Risk

Total lane mile
NA
NA
density
Socio-Economic Variables
Average # of vehicle -(0.161)
+(0.246)
per household
Density of utility
industry employees
Young children
+(0.019)
– (–0.028)
density (age less
than 5 years)
Elderly density (age +(0.192)
+(0.100)
– (–0.043)
above 65 years)
Population density
– (–0.492)
Average household
– – (–
size
2.14)
Low-income
+(0.10)
+(0.339)
 (0.21
household density
9)
(annual income less
than $14,999)
High-income
– (–0.172)
household density
(annual income more
than $100,000)
Household density (#
+(0.698)
+(0.356)
 (0.52
per square mile)
7)
Root mean squared
4.68E-05
0.004
1.32E-05
error
Pseudo R-Squared
0.044
0.052
0.05
Number of
813,632
463,503
2,718,851
observations
 Note: NA indicates that the variables were not present for the model

Risk

+(0.018)

+(0.038)

+(0.046)

Risk
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In general, results are consistent between the three models (shown in Table 20).
Three variables (density of young children, density of elderly and average number of
vehicle per household) have conflicting coefficient signs across the three model
possibly due to correlation among covariates (108).

Following Too Close (FTC)
This behavior describes incidents in which the driver followed the front vehicle at a
distance equal to or under the company’s threshold level (typically two seconds). A
negative binomial model was used to relate the response variable (i.e., number of FTC
behaviors) with the covariates (e.g., land use, transportation, and socio-economic
variables). The same logic applies here—variables that are statistically significant in at
least two of the three models are selected and will be used in the prediction framework as
shown in Table 21.

Table 21. Models comparisons for the Following Too Close (FTC) Behavior
Geospatial
FTC
Variables
5
2
20
Predictive
Factor
Counties Counties
Counties framework
Type
Variables
(Arc
(Arc
(Arc
(Average arc
(Risk or
elasticity elasticity
elasticity elasticity [%])
Protective
[%])
[%])
[%])
)
Log(population*e +(0.015)
+(0.940)
mployment*total
roadway length)
Log(population *
+(0.148)
employment*VMT
)
Land use variables
Land use balance
+ (0.695)
NA
(entropy)
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Geospatial
Variables

Variables

FTC
5
Counties
(Arc
elasticity
[%])
+(0.483)

Land use mix
(dissimilarity
index)
% commercial
+(0.064)
share
% residential share –(–0.572)

2
Counties
(Arc
elasticity
[%])

20
Counties
(Arc
elasticity
[%])
NA

Predictive
framework
(Average arc
elasticity [%])

Factor
Type
(Risk or
Protective
)

NA
– (–0.769) NA

 (–
0.671)

Protective

% Industrial share
% Institutional
share
% office
Transportation Attributes
3-leg intersections +(0.114)

NA
NA

+(0.142)

 (0.128)

Risk

4-leg intersections
5-leg intersections

+(0.042)
+(0.005)

+(0.089)
+(0.007)

Risk
Risk

6-leg intersections

+(0.004)

Rural local roads

– (–
0.217)
– (–
0.011)

+(0.0009
)
– (–
0.035)
+(0.016)

 (0.066)
 (0.0006
)
 (0.0002
)
 (–
0.126)

+(0.052)

 (0.057)

Risk

+(0.191)

 (0.115)

Risk

Rural primary
roads
Rural secondary
roads
Rural service roads
Rural ramp
Urban local roads
Urban parking
roads
Urban primary
+(0.061)
road
Urban secondary
+(0.160)
road
Urban service
drive
Urban ramp

NA

Risk
Protective

+(0.009)
+(0.023)

+(0.137)

+(0.044)
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Table 21. Continued
FTC

Geospatial
Variables

Variables

5
Counties
(Arc
elasticity
[%])
NA

Total lane-mile
density
Socio-Economic Variable
Average # of
vehicle per
household
Density of utility
– (–
industry
0.061)
employees
Young children
density (age less
than 5 years)
Elderly density
(age above 65
years)
Population density +(0.227)
Average
– – (–
household size
3.23)
Low-income
– (–
household density 0.095)
(annual income
less than $14,999)
High-income
household density
(annual income
more than
$100,000)
Household density +(0.413)
(# per square mile)
Root mean squared 1.38E-05
error
Pseudo R-Squared 0.127
Number of
813,632
observations

2
Counties
(Arc
elasticity
[%])

20
Counties
(Arc
elasticity
[%])
NA

Predictive
framework
(Average arc
elasticity [%])

Factor
Type
(Risk or
Protective
)

+(0.852)

+(0.041)
– (–
0.049)
+(0.127)

+(0.015)

 (0.071)

Risk

+(0.021)

 (0.124)
 (–4.05)

Risk
Protective

– – (–
4.80)
+(0.025)

2.26E-06

2.45E-06

0.09
463,503

0.07
2,718,85
1
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Lack of Awareness
This behavior describes incidents in which the driver failed to scan the roadway or
intersection properly (typically due to late reaction). A negative binomial model was used
to relate the number of awareness behaviors to the covariates (e.g., land use, transportation,
and socio-economic variables). Table 22 compares the results between models and
identifies the variables that should be used in the predictive framework.
Table 22. Models comparison for the Lack of Awareness Behaviors
Geospatial Variables
Lack of Awareness
5
2 Counties
20
Predictive
Counties
(Arc
Counties
framework
Variables
(Arc
elasticity
(Arc
(Average arc
elasticity
[%])
elasticity
elasticity [%])
[%])
[%])
Log(population*emp +(0.015)
+(1.08)
loyment*total
roadway length)
Log(population *
+(0.012)
employment*VMT)
Land use variables
Land use balance
++(1.08) +(0.955)
NA
(entropy)
Land use mix
+(0.493)
NA
(dissimilarity index)
% commercial share
+(0.042)
NA
% residential share
– (–
– (–0.687) NA
 (–
0.698)
0.693)
% Industrial share
NA
% Institutional share
– (–0.111) NA
% office
NA
Transportation Attributes
3-leg intersections
+(0.150)
+(0.912)
 (0.531)
4-leg intersections
+(0.153) +(0.032)
+(0.945)
 (0.377)
5-leg intersections
+(0.485) +(0.006)
++(1.02)
 (0.503)
6-leg intersections
+(0.003)
+(0.051)
 (0.027)
Rural local roads
– (–
– (–
 (–
0.185)
0.840)
0.513)

Factor
Type
(Risk or
Protectiv
e)

Protectiv
e

Risk
Risk
Risk
Risk
Protectiv
e
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Geospatial Variables

Variables

Rural primary roads

5
Counties
(Arc
elasticity
[%])
– (–
0.045)

Rural secondary
roads
Rural service roads
Urban local roads
Urban parking roads
Urban primary road +(0.058)
Urban secondary
+(0.145)
road
Urban service drive
Urban ramp
Total lane-mile
density
Socio-Economic Variables
Average no. of
vehicle per
household
Density of utility
– – (–
industry employees
3.28)
Young children
density (age less
than 5 years)
Elderly density (age
above 65 years)
Population density
Average household
– – (–
size
4.78)
Low-income
household density
(annual income less
than $14,999)
High-income
household density
(annual income more
than $100,000)

Lack of Awareness
2 Counties
20
Predictive
(Arc
Counties
framework
elasticity
(Arc
(Average arc
[%])
elasticity
elasticity [%])
[%])
– (–0.056)
 (–
0.505)
– (–0.031)

+(0.002)
+(0.031)
+(0.044)
+(0.028)
+(0.028)
+(1.05)

– – (–
1.09)
++(1.08)

+(0.879)
++(1.05)

Factor
Type
(Risk or
Protectiv
e)
Protectiv
e

 (0.569) Risk
 (0.141) Risk
 (0.454) Risk
 (0.539) Risk

++(2.05)

++(1.04)
– (–
0.335)

+(0.559)
 (–4.79) Protectiv
e

– – (–
3.44)
+(0.949)

+(0.196)
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Geospatial Variables

Variables

Household density
(no. per square mile)
Root mean squared
error
Pseudo R-Squared
Number of
observations

5
Counties
(Arc
elasticity
[%])

Lack of Awareness
2 Counties
20
Predictive
(Arc
Counties
framework
elasticity
(Arc
(Average arc
[%])
elasticity
elasticity [%])
[%])

0.001

9.81E-07

4.56E-06

0.123
813,632

0.065
463,503

0.09
2,718,85
1

Factor
Type
(Risk or
Protectiv
e)

Eating/Drinking
A negative binomial model was used to relate the number of eating/drinking behaviors
to the covariates (e.g., land use, transportation, and socio-economic variables) as shown in
Table 23.

Table 23. Models Comparison for Eating/Drinking Behavior
Geospatial
Eating/Drinking
Variables
5 Counties 2 Counties 20
Predictive
(Arc
(Arc
Counties framework
Variables
elasticity
elasticity
(Arc
(Average arc
[%])
[%])
elasticity elasticity [%])
[%])
Log(population*em +(0.463)
–
ployment*total
(0.229)
roadway length)
Log(population *
+(0.125)
employment*VMT)
Land use variables
Land use balance
NA
(entropy)
Land use mix
NA
(dissimilarity index)
% commercial share
NA
% residential share (–0.835)
NA

Factor
Type
(Risk or
Protective)
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Geospatial
Variables

Variables

Eating/Drinking
5 Counties
(Arc
elasticity
[%])

2 Counties
(Arc
elasticity
[%])

% Industrial share
% Institutional
share
% office
Transportation Attributes
3-leg intersections
+(0.223)
4-leg intersections
5-leg intersections
6-leg intersections
Rural local roads
Rural primary roads
Rural secondary
roads
Rural service roads
Urban local roads
Urban parking roads
Urban primary road
Urban secondary
+(0.124)
road
Urban service drive
Urban ramp
Socio-Economic Variables
Average # of
vehicle per
household
Density of utility
industry employees
Young children
density (age less
than 5 years)
Elderly density (age
above 65 years)
Population density

20
Counties
(Arc
elasticity
[%])
NA
NA

Predictive
framework
(Average arc
elasticity [%])

Factor
Type
(Risk or
Protective)

NA
+(0.235)
+(0.151)

+(0.129)

+(0.080)

+(0.129)

+(0.054)

++(1.02)

– (–0.977)

 (0.22 Risk
9)
 (0.14 Risk
0)

 (0.11 Risk
1)

98
Table 23. Continued
Eating/Drinking

Geospatial
Variables

Variables

Average household
size
Low-income
household density
(annual income less
than $14,999)
High-income
household density
(annual income
more than
$100,000)
Household density
(# per square mile)
Root mean squared
error
Pseudo R-Squared
Number of
observations

5 Counties
(Arc
elasticity
[%])

2 Counties
(Arc
elasticity
[%])

20
Counties
(Arc
elasticity
[%])

Predictive
framework
(Average arc
elasticity [%])

Factor
Type
(Risk or
Protective)

– – (–3.36)
+(0.524)

7.00E-06

0.003

0.005
813,632

0.026
463,503

2.39E04
0.08
2,718,85
1

Step 4: Risk Maps through GIS Visualization
As a proof of concept, risk maps were produced in a county. ArcGIS (ESRI) was
used to plot the risk scores across the 108,847 grids (152 square miles) in that county. The
identified risk and protective factors in the predictive framework (Step 3) for each
behavioral model were used in the calculation of dangerous zones. After the computation
of a final score, the grids were divided into different levels of hazards such as low-,
medium-, and high-risk zones. The risk maps, one for each behavior, are shown from
Figure 8 to Figure 11. The maps presented here are based on the elasticity method. For the
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median and weighted-average approach, the maps are attached in Appendix C. From the
risk maps, it can be observed that historically risky behaviors were found in zones that
were predicted by the study as high-risk zones. This research study is in the phase of
developing a metric to evaluate the accuracy of predicting high-risk zones by median,
elasticity, and weighted-average approach. The study will also explore whether these maps
can be used for route planning.

Figure 8. Visualization Map for Distraction Behaviors
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Figure 9. Visualization Map for Following Too Close Behaviors
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Figure 10. Visualization Map for Lack of Awareness Behavior
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Figure 11. Visualization Map for Eating/Drinking Behaviors
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CHAPTER SIX

CONCLUSIONS

This research explored two methods to identify which road user behaviors predict
event outcomes such as collisions. These predictive behaviors—, which are more
common—can then be used as proxies for collisions, which are rare events. Three primary
conclusions emerged from these results.
First, the advanced form of cluster analysis based on the location of behaviors and
events provides the best predictions about collision outcomes. This is fortunate, given that
the goal of this project is to utilize mapping as a way to predict and identify high-risk
locations. The fact that Step 1 demonstrates that the location of behaviors is a significant
predictor of the location of collisions supports the overall goal of this project.
Second, Getis-Ord-Gi* hot-spot analysis identified eating/drinking while driving,
failure to scan the roadway (due to late reaction), distraction, and following front vehicle
too closely (i.e., headway between the two vehicles is less than two seconds) as the four
risky behaviors that are consistently among the most reliable predictors of collision
outcomes.
Third, driver behaviors most broadly and significantly clustered in the location of
near collisions (near collisions initiated by other drivers [NC-IOD] and near collisions due
to the driver’s own error [NC-DOE]). This suggests an opportunity for modifying these
risky behaviors and avoiding their associated locations to prevent events that might
otherwise escalate into an actual collision. For example, a well-designed road with no
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collision history can still be a risk zone based on the risky driver behaviors. Therefore,
understanding the contributory factors that may have resulted in near-collisions through
the lens of risky behaviors can be a proactive approach in preventing the future risk of
actual collisions.
The study then focused on developing behavior prediction models that relate
geospatial factors (socio-economics, land use, and road network) to anticipate where risky
driver behaviors tend to emerge across grids (200 feet by 200 feet) that are roughly the size
of street blocks (Step 2).
The prediction models will help in identifying zones that exhibit an above-even
chance of risky driver behaviors and, hence, more opportunities for collisions. After
controlling for exposure, contributory factors (risk factors) for risky driver behaviors
include well-balanced land use, dense road network, and lane-mile density of secondary
and primary roads (if urban areas). Residential neighborhoods, local roads (in rural areas),
and larger average household size were shown to dampen the incidence (protective factors)
of the risky driver behaviors. The results are generally consistent with prior research.
Understanding how these contextual factors affect driver behavior offers insight for driver
training (e.g., scenarios encountered along high-speed facilities and in downtown areas
with complex traffic conditions) and influencing driver behavior. This can allow for
proactive planning for zones that harbor those risk factors that may increase crash risk as
drivers navigate different neighborhoods.
Based on the geospatial features identified in Step 2, Step 3 predicted the locations
where these risky driver behaviors are likely to emerge. The scoring system based on
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median, elasticity, and weighted-average approach was used to estimate the overall risk of
each risky driver behavior for a given zone. The visualization maps were developed on a
2-D scale to discern zones that harbor higher collision risk while holding traffic exposure
constant. By looking at the visualization maps the historically observed risky driver
behaviors tend to occur in zones that are predicted by the study as high-risk zones. This
provides an opportunity for using these maps for influencing driver behaviors in high-risk
zones and developing on-board technologies to assess real-time crash risk.
Admittedly, it is not possible to ascribe causality from this analysis. That is, it is
not clear if these geospatial features cause the risky behaviors that contributed to the forms
of collision or if the effects of these geospatial features on risky behaviors is underpinned
by a causal factor that is unobserved (e.g., traffic calming techniques employed in
residential areas or weaving/merging traffic in a dense road network). Missing from the
current prediction models are driver demographic variables (e.g., age, gender, and marital
status) and information on prior traffic violations and driver training, which all measurably
shape behaviors (13, 109, and 110). This in part caused the negative binomial models to
suffer from low goodness-of-fit (pseudo R-squared values). In addition, Step 2 analysis
focused on counties that had the highest behavior and collision counts, so the conclusion
cannot be generalized, but it provides an opportunity to focus on building behavior
predictions. More efforts are needed to generalize the results obtained in this study, and
geo-referenced driving data (e.g., the SHRP2’s naturalistic driving study data) present
exciting opportunities to spawn future research and offer new ways for safety improvement
and crash prediction modeling.
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Building on these results the study recommends a parallel analysis for identifying
risky driver behaviors and implementing the rest of the steps at the segment-level. The
analysis at the segment level will discern the clearer clustering patterns that exist in the
dataset and will help in identifying the segments that are harbor higher behavior risk. In
Step 2, the present research study used a negative binomial model, which suffered greatly
due to low goodness of fit. Use of alternative models, such as negative binomial-Lindley
and finite mixture models, is suggested for the dataset that has excessive zeroes in the
response variables. The results from alternative models will help cross-validate the results
and may improve the overall performance of the models. The method used to develop the
visualization maps should be checked for accuracy by developing a metric.
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APPENDIX A

DISSIMILARITY INDEX AND ENTROPY MAPS
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121

Figure 12. Land Use Mix (Dissimilarity Index) Maps
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123

Figure 13. Land Use Balance (Entropy) Maps
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APPENDIX B

ORDINARY LEAST SQUARE COMPARISON RESULTS AT SEGMENT LEVEL

125
Table 24. OLS Results Comparison at Segment Level
a. Results for the Near Collision due to driver’s own error (NCDOE) model
Variables
First
Second
Third
Fourth
order
order
order
order
neighbor
neighbor
neighbor
neighbor
Cell Handheld
Cell Hands-free
Eating/Drinking
Other Communication
Distraction
+
+
+
+
Lack of Awareness
+
+
+
+
Conduct all Negative
+
+
+
+
Following too close
Fundamental driving skill
failure
Traffic Violation
+
+
+
+
Surface Condition
+
+
+
Driver Unbelted
+
+
+
+
Passenger Unbelted
+
+
+
+
Adjusted R-Square
0.109
0.243
0.182
0.182
b. Results for the Near Collison initiated by other drivers (NCIOD) model
Variables
First
Second
Third
Fourth
order
order
order
order
neighbor
neighbor
neighbor neighbor
Cell Handheld
+
+
+
+
Cell Hands-free
Eating/Drinking
+
+
+
+
Other Communication
Distraction
Lack of Awareness
Conduct all Negative
Following too close
Fundamental driving skill
failure
+
+
+
+
Traffic Violation
Surface Condition
Driver Unbelted
+
+
+
+
Passenger Unbelted
Adjusted R-Square
0.018
0.028
0.041
0.041
c. Results for the Actual Collision model

126
Variables

Cell Handheld
Cell Hands-free
Eating/Drinking
Other Communication
Distraction
Lack of Awareness
Conduct all Negative
Following too close
Fundamental driving skill
failure
Traffic Violation
Surface Condition
Driver Unbelted
Passenger Unbelted
Adjusted R-Square

Table 24. Continued
Second
Third
First order
order
order
neighbor
neighbor
neighbor

Fourth
order
neighbor

+

+

+

+

5.469e-05

6.652e-05

4.342e-05

3.402e-05
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APPENDIX-C

RISK MAPS FOR MEDIAN AND WEIGHTED-AVERAGE METHOD
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Median Method

Distraction behavior

Figure 14. Visualization Map for Distraction Behaviors Based on Method 1

129
Following too close (FTC)

Figure 15. Visualization Map for FTC Behaviors Based on Method 1

130
Lack of Awareness

Figure 16. Visualization Map for Lack of Awareness Behaviors Based on Method 1

131
Eating/drinking

Figure 17. Visualization Map for Eating/Drinking Behaviors Based on Method 1
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Weighted-Average Method

Distraction behavior

Figure 18. Visualization Map for Distraction Behaviors Based on Method 3
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Following too close (FTC)

Figure 19. Visualization Map for FTC Behaviors Based on Method 3

134
Lack of Awareness

Figure 20. Visualization Map for Lack of Awareness Behaviors Based on Method 3

