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Abstract 
This study evaluates the influences of built environment on the frequency and severity 
of vehicle crashes with focuses on a comparative analysis between the crashes caused 
by distracted driving and non-distracted driving. Using a comprehensive dataset with 1.4 
million crash records in Ohio for the period 2013 - 2017 as an example, the 
relationships between built environments and the frequency and severity of vehicle 
crashes caused by distracted driving were examined using negative binomial regression 
and generalized order logit regression methods. Our study reveals that built 
environments, such as the length of a roadway segment, number of lanes, the location 
of the road (being in an urban area) have positive associations with crash frequencies. 
Conversely, other road features, such as median and a shoulder with asphalt pavement 
were found to have negative associations with crash frequencies caused by distracted 
driving. The outcomes of severity analysis confirm that distracted driving related 
crashes tend to be more severe than non-distracted driving related crashes in certain 
road environments. In particular, vehicle crashes caused by distracted driving were 
found to be more severe if the accident occurs at work zones or on interstate highways. 
On the other hand, roundabout was confirmed to be effective in reducing crash 
severities in general, but with a more significant effect on mitigating the severity of DD 
related crashes.  
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1. Introduction 

Distracted driving has become a severe issue given the wide adoptions of various 
electronic devices, such as cellphone, GPS and onboard entertainment systems. The 
National Highway Traffic Safety Administration (NHTSA) (2018) indicated that about 9% 
of all fatal crashes occurred on U.S. roadways in 2016 were due to driving distraction 
caused by the use of cellphone. The case in the state of Ohio is even worse. According 
to the Ohio Strategic Highway Safety Plan 2014-2019, the five-year rolling average 
historical trend shows a 35% increase in distracted driver fatalities and a 23% increase 
in serious injuries for the period 2003-2013 (Ohio Department of Transportation 
(ODOT), 2014). In addition, distracted driving-related crashes account for approximately 
18% of Ohio’s deaths and 16% of serious injuries (ODOT, 2014). The continuous 
increase in vehicle crashes caused by distracted driving has led to negative social and 
economic consequences. As a result, the increase in distracted driving related crashes 
in Ohio has become a major concern to various stakeholders, including insurance 
companies, transportation planners, and policymakers.  

Although a plethora of studies has investigated the risk and behavioral responses of 
distracted driving (Brace et al. 2007; Collet et al., 2010; Lipovac et al., 2017; Overton et 
al., 2015; Oviedo-Trespalacios et al., 2016), the understanding of the linkages between 
urban planning and distracted driving related crashes remains limited. Indeed, Fitch et 
al. (2013) indicated that the road traffic environment plays a major role in distracted 
driving that involves a use of mobile phone, but its effects have not been well 
understood. This is because most of the previous studies examined the influences of 
the environment on driving performance based on simulated data (Birrell and Young, 
2011; Koutouriotis and Meret, 2016; Oviedo-Trespalacios et al., 2017; Kircher and 
Ahlstrom, 2012; Rakauskas et al., 2004), which is essentially from a pre-accident 
perspective, whereas, very few study investigated the issue from a post-accident 
perspective with considerations of the actual environment and crash outcomes.  

The objective of this research is to improve our understanding of the influence of built 
environment on the frequency and severity of vehicle crashes caused by driving 
distraction from a post-accident perspective. Specifically, the following research 
questions are addressed: 

 
1) How do vehicle crashes caused by distracted driving vary temporally and spatially in 

Ohio? 
2) How does built environment (e.g. types of intersection, number of lanes, road 

condition, and etc.) influence the frequency and severity of vehicle crashes caused 
by distracted driving?  

3) How does the frequency and severity of vehicle crashes caused by distracted driving 
vary by major crash types (e.g. rear-end, fixed object, and etc.)?  
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4) How does the influence of built environment on the frequency and severity of a 
vehicle crash vary between distraction related crashes and non-distraction related 
crashes? 
 

Through an empirical analysis based on the Ohio Department of Transportation (ODOT) 
crash data for the period 2013 - 2017, this research is intended to provide policy 
implications to improve urban planning practice and transportation infrastructure design 
to reduce negative influences of built environment on the frequency and severity of 
vehicle crashes.   

The rest of the paper is organized as follows. Section 2 reviews the relevant literature. 
Section 3 and 4 introduce the data and methodology, respectively. Section 5 presents 
the research findings and Section 6 concludes and summarizes. 

2. Literature Review  

Table 1 presents a summary of the empirical analysis related to the recent work on 
distracted driving. For instance, Koutouriotis and Meret (2016) evaluated the driving 
performance by comparing the driving behaviors of non-distracted drivers and distracted 
drivers in the different road environment (straight and curved sections) using driving 
simulators. Their analysis showed that road environment does affect the driving 
behaviors as the increase in driving difficulty may force drivers to restrict the secondary 
tasks while focusing on the primary task --- driving. Similarly, Oviedo-Trespalacios et al. 
(2017) investigated the speed adaptation behaviors of distracted drivers under varying 
road infrastructure and traffic complexity conditions based on an advanced driving 
simulate data at the Queensland University of Technology. Their study revealed that 
distracted drivers do behave differently as compared to non-distracted drivers, 
especially in the road environment where driving conditions are complicated. Haque et 
al. (2016) examined decisions and actions of distracted drivers at the onset of yellow 
lights using the data collected from the National Advanced Driving Simulator located at 
the University of Iowa, in which they found that the propensity of yellow light running is 
significantly higher among elderly (50–60 years) distracted drivers. Likewise, Kircher 
and Ahlstrom (2012) examined the impacts of tunnel design and lighting on driving 
performance using driving simulated data, in which they found that light-colored wall 
helps to keep the drivers’ visual attention focused forward.  

Conversely, naturalistic driving data, as a new data source for road safety research, 
have also received an increased attention in the study of the driving behavior changes 
in different road and built environments.1 For instance, Dingus et al. (2016) investigated 
the causal risk factors of crashes using a naturalistic driving data that includes 905 

                                                           
1 Naturalistic driving data is collected by monitoring driver behavior during every day trips by recording details of 
the driver, the vehicle and the surroundings through unobtrusive data gathering equipment (e.g. motion cameras or 
sensors) and without experimental control. 
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crash events. Their results confirmed that distraction is detrimental to the safety of 
drivers with handheld electronic devices. However, the influences of other factors, such 
as built environment or roadway conditions were not captured in their analysis.   

In sum, except the work by Dingus et al. (2016), most of the previous studies examined 
the impacts of road infrastructure and environment on the performance of distracted 
drivers using simulated driving data and were evaluated from a pre-accident 
perspective, whereas little attention was paid to examine how the frequency and 
severity of crashes may differ among various built environments from a post-accident 
perspective. While a driving simulated environment does allow researchers to monitor 
how drivers may behave under various road environments, one should note that the 
data have limitations in capturing the uncertainties of human factors and the real world 
environmental conditions, which tend to be more complicated than a simulated 
environment. In addition, the studies based on simulated driving data may also involve a 
sample selection bias due to a limited sample size and the lack of randomization in the 
process of generating simulated environments. Although some of the issues, such as 
the sample selection and driving uncertainties may be addressed partially using 
naturalistic driving data, the cost of collecting such a data can be prohibitively 
expensive, hence, the applications of this data for distracted driving remain in an infant 
stage.      

In terms of research methods for crash analysis, different statistical models have been 
adopted to examine either the severity or the frequency of vehicle crashes from a post-
accident perspective. For instance, Chen and Shen (2016) investigated the effects of 
built environment on cyclist injury severity in Seattle using a bicycle crash data for the 
period 2004 - 2013. It is worth noting that different built environment factors, such as 
land use, road-way design, and traffic controls were analyzed, in which they found that 
the effects of employment of density and land use mixture are the key factors that could 
reduce the severity of cyclist injury. Lee et al. (2017) evaluated the influences of built 
and socio-economic environments on car crashes in Columbus, Ohio, using a crash 
data for the period 2006 - 2011. Through spatial econometric analysis, their analysis 
provides several policy suggestions to reduce car crashes. 

Ma and Kockleman (2006) and Ma et al. (2008) classified the models that analyze crash 
or injury counts into two major groups: a) the conventional univariate Poisson and 
Negative Binomial modeling approach, and b) an approach with more sophisticated 
specifications, such as multivariate Poisson and multivariate Poisson Log-Normal 
regression. Unlike the conventional regression method where the underlying 
assumption for the distribution of the response or outcomes is continuous and normally 
distributed, crash (or injury) or accident on the road section are counts. These crash or 
injury counts during the observed period tend to be rightly skewed and potentially entail 
excessive zero counts that are neither observed nor under-reported (Miaou, 1994). In 
addition, given that one of the key assumptions of Poisson distribution is that the mean 
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and the variance of the Poisson random variable (distribution) is assumed to be equal, 
which may not be satisfied in many real-world cases, the issue of extra Poisson 
variability or overdispersion becomes inevitable (Lord and Mannering, 2010). To cope 
with such an issue, Negative Binomial distribution which incorporates overdispersion 
parameter as an extended form of Poisson distribution is preferred (Miaou, 1994; 
Ossiander and Cummings, 2002; Lee et al., 2002; Lord and Mannering, 2010; Chimba 
et al., 2018).  

In addition, scholars also attempted to adopt other specific models in crash analysis, 
such as using geographically weighted Poisson regression model to control for spatial 
heterogeneity (Li et al., 2013), or adopting the Bayesian framework to factor in 
correlation among responses (outcomes) to reveal the complexity and dependency of 
the frequency and severity (Ma and Kockelman, 2006; Ma et al., 2008; El-Basyouny and 
Sayed, 2009; Lord and Mannering, 2010).  

Overall, the review of the crash analysis method suggests that an appropriate approach 
to examine vehicle crashes is to start the modeling process by exploring the observed 
data first, and then move forward to identifying adequate modelling specification. Given 
that the frequency of crashes or injuries has a discrete nature, a preferred approach, as 
suggested by Michener and Tighe (1992), Miaou (1994), and Lee et al. (2002), is to 
adopt Poisson distribution to examine the statistical association between various 
explanatory variables and the count of crashes. If the data present excessive zeros or 
overdispersion in Poisson modeling process, then next step is to consider other 
specifications, such as Zero-Inflated Poisson (ZIP) or Negative Binomial (NB) 
regression. Meanwhile, the severity of crashes or injuries has a discrete and ordered 
nature, suggesting adequate approaches to be either Probit or Logit specification to 
examine the correlation between various independent variables and the severity of 
crashes (Malyshkina and Mannering, 2016; Savolainen et al., 2011; Chen and Shen, 
2016).   
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Table 1. Summary of the Empirical Analysis on Distracted Driving 

Authors Types of distraction  Region Conditions  Data Method Major Findings 
Oviedo-
Trespalacios 
et al. (2017) 

Mobile phone caused 
distraction 

Australia Road marking, geometry, 
layout, urbanization type, 
traffic 

32 young drivers (18–26 
years) were recruited to 
drive the CARRS-Q 
Advanced Driving 
Simulator 

Generalized Linear Mixed 
Model 

Distracted drivers selected a 
lower speed while driving along 
a curved road or during car 
following situations. 

Birrell and 
Young 
(2011) 

In vehicle information 
system (IVIS, smart 
driving aid system), 
Peripheral Detection 
Task (PDT) 

UK Interface design (control, 
EID, and DB), driving cycle 
(urban and Extra-Urban)   

25 participants (14 females 
and 11 males) with 
average age of 35.2 
completed to drive the 
BUDS simulation 
experiment 

Friedman and Wilcoxon 
Rank test, MANOVAs for 
pairwise comparison  

Delivery of smart driving 
information would neither 
increase driver workload nor 
adversely affect driver 
distraction. 

Koutouriotis 
and Meret 
(2016) 

A counting-backwards 
task (non-visual 
distraction and 
numbers tasks) and a 
visual search task 
(visual distraction or 
arrows task) 

UK Lead car (yes or no), road 
(straight or curved), and 
task (baseline, arrows, or 
numbers) 

15 participants per each 
experiment (age of 19-41) 
were recruited to complete 
UoLDS simulator driving 
(Jaguar S-type cab)   

Standard deviation of 
Yaw angle (SD Yaw) for 
measuring eye-
movement; Standard 
Deviation of Lateral 
Position (SDLP) for 
measuring main effects of 
tasks; Steering wheel 
reversal rates (SRRs) 

In more demanding 
environments, driving is 
prioritized over secondary 
tasks. Environmental factors 
can influence on the effect of 
driving performance on eye 
movements, speed control and 
steering move 

Kircher and 
Ahlstrom 
(2012) 

Visual distraction 
caused by illumination 
in tunnels on light and 
color of the walls 

Sweden  Tunnel design (dark or light 
colored), light intensity 
(three levels) and task load 
(additional  traffic events 
while driving) 

28 drivers (10 women and 
18 men) with an average 
age of 41.3 to drive VTI 
Driving Simulator III 

Generalized Linear Model  Driver’s attention to the driving 
task is the most crucial factor. 
Light colored tunnel walls are 
more important than 
illumination as it keeps the 
driver’s attention forward  

Haque et al. 
(2016) 

Cell phone caused 
distraction on the 
decision to go or stop 
at the onset of yellow 
light 

US  Urban versus rural area 
with 5 controlled 
intersections in each 
segment. 4 lanes road with 
differing traffic conditions 

69 drivers including 49 
adults (18-60)  and 20 
novice drivers (16-17) to 
drive NADS-1 simulator 

Logistic Regression 
model under the form of 
the generalized 
estimation equations 
(GEE) and decision tree  

Driver responses to distraction 
and running a yellow signal 
vary across gender and age  

Dingus et al. 
(2016) 

Cell phone, in-vehicle 
devices, conversation; 
eating, drinking, some 
extracted behaviors, 
and external objects    

US Normal Driving Condition Naturalistic Driving Study 
(SHRP 2 NDS), more than 
3,500 participants (18-98) 
across 3 years 

Mixed effect random 
logistic model 

Crash risk is two times higher 
for drivers who are engaging in 
distracting activities more than 
50% of the time while driving 

Source: Authors’ summary.
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3.  Data 

The data used in this analysis are obtained from the Ohio Department of Transportation 
(ODOT). The dataset is developed based on the crash report records completed by law 
enforcement agencies and is managed by the Ohio Department of Public Safety and 
ODOT. Although the data has a potential issue that the crash events may be 
underreported due to various reasons, it still provides sufficient amount of observations 
which would allow us to capture various built and natural environmental characteristics 
associated with each accident. Hence, we believe that this is still a valuable source to 
examine the aforementioned research questions. The period 2013 -2017 was selected 
to guarantee the consistency of the analysis. 

Figure 1 shows the annual crash counts of vehicle crashes caused by different types of 
distractions, such as electronic communication devices (e.g. phone, texting and 
emailing), inside the vehicles (e.g. using onboard electronic devices, such as GPS, 
radio, DVD) and external distractions. It is clear that vehicle crashes caused by 
distracted driving have gradually increased during 2013 and 2017. One of the major 
categories of distracted driving is in-vehicle distraction, which accounts for 48% of the 
total distracted driving related crashes. Distraction caused by external environment is 
also on the rise, which accounts for 31% of the total distracted driving related crashes. 

 
Source: Ohio Department of Transportation, Crash Database. 

Figure 1. Annual Trend of DD by Distraction Type 

The comparison of vehicle crash severity caused by distracted driving (DD) and non-
distracted driving (Non-DD) is illustrated in Table 2.  Although the distracted driving 
tends to be associated with fewer crashes that cause property damage only as 
compared to non-distracted driving, it is also clear that crashes that involve injuries 
(including possible injury, evident injury and severe injury) are more likely to be caused 
by distracted driving than non-distracted driving.   
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Table 2. The Comparison of Vehicle Crash Severity Caused by Distraction and Non-Distraction 

Year 2013  2014  2015  2016  2017 
Level of Severity DD Non-DD  DD Non-DD  DD Non-DD  DD Non-DD  DD Non-DD 

Property damage only 65.9
% 74.5%  66.4

% 75.5%  66.5% 75.4
%  66.0

% 75.0%  67.1
% 75.3% 

Possible injury 16.0
% 12.1%  15.7

% 11.7%  15.8% 11.9
%  16.3

% 12.2%  15.8
% 12.2% 

Evident injury 14.4
% 10.3%  14.5

% 10.0%  14.4% 10.0
%  14.4

% 10.1%  14.1
% 9.8% 

Severe injury 3.4% 2.8%  3.2% 2.5%  3.1% 2.4%  3.1% 2.4%  2.7% 2.3% 
Fatality 0.3% 0.3%  0.3% 0.3%  0.3% 0.3%  0.2% 0.4%  0.4% 0.4% 
Total Injuries (non-
PDO) 

34.1
% 25.5%  33.6

% 24.5%  33.5% 24.6
%  34.0

% 25.0%  32.9
% 24.7% 

Source: Ohio Department of Transportation, Crash Database. 

In terms of the comparison by vehicle crash types, 40% of distracted driving related 
vehicle accidents during the period 2013 - 2017 was found due to the rear-to-end crash 
type. In addition, vehicle crashes caused by distracted driving are also relatively high for 
fixed object and angle crash types. 

 
Table 3 presents the annual frequency comparison between DD and Non-DD crashes 
by different age groups. In general, the crash frequency caused by DD is about 9% 
greater than that of Non-DD in the targeted age groups, which depicts unique 
characteristic of DD crashes. In particular, age group of 15-29 appears to be more likely 
to drive distractedly than other cohorts since the five-year average combined shares are 
around 47% and 39% for DD and Non-DD, respectively.  
 

Table 3. The Comparison of Vehicle Crashes by Age Groups Caused by Distraction and Non-
Distraction 

Year 2013  2014  2015  2016  2017 

Age Groups DD Non-
DD  DD Non-

DD  DD Non-DD  DD Non-DD  DD Non-DD 

15-19 16.2
% 12.7%  16.0

% 12.0%  15.5
% 12.0%  15.7

% 12.3%  15.3% 12.1% 

20-24 19.1
% 15.6%  18.8

% 15.7%  18.4
% 15.7%  

17.9
% 15.4%  17.5% 14.9% 

25-29 12.1
% 10.8%  12.8

% 11.3%  13.1
% 11.5%  13.3

% 11.7%  13.5% 11.7% 
30-34 9.4% 8.8%  9.2% 8.9%  9.5% 9.0%  9.6% 9.0%  9.8% 9.0% 
35-40 7.4% 7.1%  7.2% 7.4%  7.9% 7.5%  8.0% 7.5%  8.3% 7.7% 

Subtotal (15-29)  47.3
% 39.1%  47.6

% 38.9%  47.0
% 39.2%  46.9

% 39.4%  46.3% 38.7% 

Subtotal (15-40) 64.1
% 55.0%  64.0

% 55.3%  64.4
% 55.7%  64.5

% 55.9%  64.4% 55.4% 
Note: Only Selected Age Groups are presented in this table.  
Source: Ohio Department of Transportation, Crash Database. 
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In terms of the distribution of crashes by road environment, over 11 thousand of the 
distracted driving related accidents occurred on freeways, around 9 thousand occurred 
on Interstate Highways, 1,934 cases occurred at work zone and 306 cases at school 
zone. In addition, over 17 thousand of the crashes occurred on undivided roadway and 
around 9 thousand crashes were reported at curved contour and around 50 thousand 
and 33 thousand crashes occurred on two-lane road and four-lane road, respectively. 

 

 
(a) Distracted Driving Related Crashes                         (b) Non-Distracted Driving Related Crashes 

 
Note: Numbers on the map represent the 12 ODOT districts. Specifically, District 1 – Lima, District_2 – Bowling Green, District_3 – 
Ashland, District_4 – Akron, District_5 – Jacksontown, District_6 – Delaware, District_7 – Sideny, District_8 – Lebanon, District_9 – 
Chillicothe, District_10 – Marietta, District_11 - New Philadelphia, District_12 - Garfield Heights. 

Figure 2. Spatial Distribution of Vehicle Crashes Caused by Distraction and Non-Distraction in 
Ohio 

The spatial distribution of vehicle crashes caused by distracted driving and non-
distracted driving is illustrated in Figure 2. Both DD and Non-DD related crashes 
present some similar spatial distributional patterns. For instance, crashes tend to occur 
more frequently in urbanized areas with concentrations on major cities, such as 
Cleveland, Columbus, and Cincinnati. However, it is also evident that Non-DD related 
crashes also appear to spread along major interstates and state routes, whereas it is 
less likely to be the case for DD-related crashes.  

The descriptive statistics of all the variables adopted in the analysis are summarized in 
Table 4 and 5. We focus on various types of explanatory variables, representing 
different built environments, such as number of lanes, work zone, school zone, light 
condition, road contour, whether the road has the following characteristics: undivided, 
freeway, Interstate, and roundabout. In addition, other factors, such as whether the 
crash was related to speeding or not, the traffic condition (which is measured by annual 
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average daily traffic (AADT)), weather condition and time trend are also considered. 
These variables are also identified as key factors affecting crash severities in previous 
studies (e.g. Malyshkina and Mannering, 2010; Ukkusuri et al., 2012; Chen and Shen, 
2016; Kountouriotis and Merat, 2016; Lee et al., 2017; Khazraee et al., 2018). 

One should note that the analysis of frequency and severity of vehicle crashes requires 
different data structures. Specifically, the unit of analysis for the frequency of vehicle 
crashes is based on aggregated counts in terms of roadway segments, which is derived 
from the roadway asset GIS file provided by the ODOT Transportation Information 
Management System (TIMS). Conversely, the unit of analysis for the severity 
investigation is based on each vehicle crash event and the data are obtained from the 
ODOT crash database.  

 
Table 4. Descriptive Statistics of the Frequency Analysis Dataset 

Variable Obs Mean Std. Dev. Min Max 
DD 580,059 0.132 0.692 0 83 
Non-DD 580,059 1.844 8.485 0 522 
DD_rear_end 12,235 1.122 0.439 1 11 
DD_fixed_object 19,951 1.782 1.858 1 74 
DD_angle 6,129 1.222 0.568 1 7 
Length 580,059 0.282 0.844 0.001 14.46 
No. of Lanes 558,770 2.128 0.821 0 10 
Median (yes/no) 580,059 0.854 0.353 0 1 
Speed_limit_no. 283,992 35.863 14.480 0 70 
No_access_control 580,059 0.116 0.321 0 1 
Freeway (yes/no) 545,958 0.006 0.075 0 1 
Principal Arterial (yes/no) 545,958 0.047 0.213 0 1 
Minor Arterial (yes/no) 545,958 0.075 0.264 0 1 
Major Collector (yes/no) 545,958 0.128 0.334 0 1 
Minor Collector (yes/no) 545,958 0.031 0.173 0 1 
Local Road (yes/no) 545,958 0.705 0.456 0 1 
Shoulder_asphalt (yes/no) 580,059 0.068 0.252 0 1 
Shoulder_concrete (yes/no) 580,059 0.000 0.021 0 1 
Shoulder_barrier_curb (yes/no) 580,059 0.038 0.192 0 1 
Urban_road (yes/no) 580,059 0.598 0.490 0 1 
District_2 – Bowling Green (yes/no) 181,471 0.081 0.273 0 1 
District_3 – Ashland (yes/no) 181,471 0.085 0.279 0 1 
District_4 – Akron (yes/no) 181,471 0.145 0.352 0 1 
District_5 – Jacksontown (yes/no) 181,471 0.061 0.239 0 1 
District_6 – Delaware (yes/no) 181,471 0.129 0.335 0 1 
District_7 – Sideny (yes/no) 181,471 0.110 0.313 0 1 
District_8 – Lebanon (yes/no) 181,471 0.155 0.362 0 1 
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District_9 – Chillicothe (yes/no) 181,471 0.051 0.220 0 1 
District_10 – Marietta (yes/no) 181,471 0.038 0.191 0 1 
District_11 - New Philadelphia (yes/no) 181,471 0.052 0.222 0 1 
District_12 - Garfield Heights (yes/no) 181,471 0.044 0.205 0 1 
AADT 248,266 5510.567 10538.490 0.2 149,422 
Year 181,471 3.534 1.601 1 5 

  Note: Outliers and abnormal observations were removed from the analysis.     
  Source: Ohio Department of Transportation, Road Asset Database and Crash Database. 

 

Table 5. Descriptive Statistics of the Severity Analysis Dataset 

Variable 
DD Related Crashes  Non-DD Related Crashes 

Obs. Mean Std. 
Dev. Min Max  Obs. Mean Std. Dev. Min Max 

Severity 92,81
1 1.558 0.872 1 5  1,268,704 1.418 0.803 1 5 

No_of_lanes 92,81
1 3.136 1.438 1 10  1,268,704 3.345 1.533 1 10 

Workzone (yes/no) 92,81
1 0.021 0.143 0 1  1,268,704 0.019 0.136 0 1 

Schoolzone (yes/no) 92,81
1 0.003 0.058 0 1  1,268,704 0.002 0.050 0 1 

Light_condition 92,81
1 1.869 1.487 1 8  1,268,704 2.078 1.604 1 8 

Road_contour 92,81
1 1.403 0.782 1 4  1,268,704 1.428 0.818 1 4 

Weather_condition 92,81
1 1.633 1.071 1 8  1,268,704 1.941 1.446 1 8 

Undivided (yes/no) 92,81
1 0.190 0.392 0 1  1,268,704 0.229 0.420 0 1 

Freeway (yes/no) 92,81
1 0.121 0.326 0 1  1,268,704 0.161 0.367 0 1 

Interstate (yes/no) 92,81
1 0.094 0.292 0 1  1,268,704 0.128 0.334 0 1 

Roundabout (yes/no) 92,81
1 0.002 0.040 0 1  1,268,704 0.003 0.056 0 1 

Speeding (yes/no) 92,81
1 0.106 0.307 0 1  1,268,704 0.109 0.311 0 1 

Urban area (yes/no) 92,81
1 0.773 0.419 0 1  1,268,704 0.788 0.409 0 1 

AADT 73,75
7 20,628 28,848 0 203,214  995,140 24,062 32,556 0 203,214 

Trend 92,81
1 3.117 1.396 1 5  1,268,704 3.054 1.393 1 5 

  Note: Outliers and abnormal observations were removed from the analysis.     
  Source: Ohio Department of Transportation, Crash Database. 

  



13 
 

 

4. Methodology 

4.1 Crash Frequency Analysis 
A Negative Binomial (NB) Regression Model is adopted to evaluate the influences of 
various built and natural environment variables on the frequency of vehicle crashes. NB 
model lessens the Poisson assumption as it allows the Poisson parameter 𝜇𝜇𝑖𝑖 (mean) to 
follow the Gamma distribution. Hence, it helps to address the overdispersion issue 
when modeling the count variable, which in our case, is the number of vehicle crashes 
at each roadway segment. According to Hilbe (2011), the mathematical structure for the 
probability density function (PDF) of Negative Binomial distribution can be expressed as 
follows:   

Pr(𝑌𝑌𝑖𝑖 = 𝑦𝑦𝑖𝑖) = 𝑃𝑃(𝑦𝑦𝑖𝑖) =  
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                     (1) 

 
where 𝜇𝜇𝑖𝑖 > 0 is the mean of  Y and 𝛼𝛼 > 0 denotes the negative binomial heterogeneity 
or overdispersion parameter. The log-likelihood function of the equation (1) is given as: 

𝑙𝑙(𝜇𝜇;𝑦𝑦,𝛼𝛼) = � 𝑦𝑦𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙Γ �
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Using the log link function, the negative binomial log-likelihood function, parameterized 
in terms of a vector of coefficients 𝛽𝛽, could be rewritten by: 

𝑙𝑙𝑙𝑙𝑙𝑙(𝜇𝜇𝑖𝑖) = 𝛽𝛽0 + 𝛽𝛽1𝑥𝑥i1 + 𝛽𝛽2𝑥𝑥i2 + ⋯+ 𝛽𝛽𝑝𝑝𝑥𝑥𝑖𝑖𝑝𝑝 =  𝑿𝑿𝑖𝑖𝑇𝑇𝜷𝜷                                          (3) 
 
Applying antilog (inverse logarithm) to equation (3) and plugging it into the log-likelihood 
function (2), the final equation is expressed as:  
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where 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑝𝑝 denote the various given explanatory variables representing different 
built environment factors, 𝛽𝛽0,𝛽𝛽1,𝛽𝛽2 … ,𝛽𝛽𝑝𝑝 denote the coefficients to be estimated via the 
maximum likelihood algorithm. 

 
4.2 Crash Severity Analysis 
Following Williams (2016) and Chen and Shen (2016), a generalized ordered logit 
model (GOL) is adopted to evaluate the influence of built environment on crash severity 
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caused by DD and non-DD in Ohio. The dependent variable is a categorical variable, 
which classifies vehicle related crashes into five categories, including property damage 
only (PDO), possible injury (PI), evident injury (EI), severe injury (SI) and fatality (FA). 
GOL assumes that any unobserved utility (the ordered rankings) has a cumulative 
distribution (Agresti, 2010; Williams, 2016; Chen and Shen, 2016). Hence, we assume 
M categories of the crash severity outcome random variable 𝑌𝑌𝑖𝑖,  the GOL model can be 
written as: 

𝑙𝑙𝑙𝑙𝑙𝑙 �
Pr(𝑌𝑌𝑖𝑖 > 𝑗𝑗)

1 − Pr(𝑌𝑌𝑖𝑖 > 𝑗𝑗)
� =  𝑙𝑙𝑙𝑙𝑙𝑙 �

g�𝛽𝛽𝑗𝑗𝑋𝑋𝑖𝑖�
1 −  g�𝛽𝛽𝑗𝑗𝑋𝑋𝑖𝑖�

� =  𝛼𝛼𝑗𝑗 + 𝛽𝛽𝑗𝑗𝑋𝑋𝑖𝑖                           (5) 

 

Pr (𝑌𝑌𝑖𝑖 > 𝑗𝑗) =  g�𝛽𝛽𝑗𝑗𝑋𝑋𝑖𝑖� =  
exp�𝛼𝛼𝑗𝑗 + 𝛽𝛽𝑗𝑗𝑋𝑋𝑖𝑖�

1 + exp�𝛼𝛼𝑗𝑗 + 𝛽𝛽𝑗𝑗𝑋𝑋𝑖𝑖�
                                                (6) 

where j = 1, 2, 3, 4, ∙∙∙, M-1. 𝛼𝛼𝑗𝑗 denotes the intercept. 𝛽𝛽𝑗𝑗 represents the vector of 
corresponding coefficients to be estimated. 𝑋𝑋𝑖𝑖 is the vector of independent variable 
which represents various built and natural environmental characteristics and g 
represents a logit link function (Chen and Shen, 2016; Williams, 2016). Hence, the 
probability functions of each 𝑌𝑌𝑖𝑖 taking j values can be further derived from equation (6) 
as follows (Agresti, 2010; Chen and Shen, 2016):  

Pr(𝑌𝑌𝑖𝑖 = 1) = 1 − g(𝛽𝛽1𝑋𝑋𝑖𝑖)                                                    (7) 
 

Pr(𝑌𝑌𝑖𝑖 = 𝑗𝑗) = g�𝛽𝛽𝑗𝑗−1𝑋𝑋𝑖𝑖� − g(𝛽𝛽𝑗𝑗𝑋𝑋𝑖𝑖), 𝑗𝑗 = 2, 3, 4,⋯ ,𝑀𝑀 − 1        (8) 
 

Pr(𝑌𝑌𝑖𝑖 = 𝑀𝑀) = g�𝛽𝛽𝑗𝑗−1𝑋𝑋𝑖𝑖�                                                      (9) 

where j is the cutoff point used for defining the ordered crash severity response 𝑌𝑌𝑖𝑖 and 
M is the highest ordered response, which in our case equals to 5. Therefore, four 
thresholds are derived, which include the cutoff points between level 1 and 2, 2 and 3, 3 
and 4, 4 and 5, corresponding to PDO and PI, PI and EI, EI and SI, SI and FA, 
respectively. The probabilities of the first category (PDO) and the last category (FA) 
could be represented by equation (7) and (9), respectively, whereas equation (8) 
represents the probabilities of the middle categories PI, EI and SI.  
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5. Results 

5.1 Frequency Analysis 

The Negative Binomial regression model is used to estimate the impacts of various road 
environment variables on the crash frequencies caused by DD and Non-DD in Ohio for 
the period 2013 - 2017. The estimate is transformed into exponential form, which is 
interpreted as Incidence Rate Ratio (IRR). The value of IRR represents the relative 
change of likelihood of the dependent variable (which in our case, the frequency of 
crash counts on a roadway segment) associated with the change of an independent 
variable.   

As illustrated in Table 6, the results show that vehicle crash frequency does appear to 
be affected by different built environments. For instance, factors such as the length of 
roadway segment, arterial roads, number of lanes, whether the road is in an urban area 
or not were found to have positive and statistically significant associations with the risk 
of crash frequencies. Conversely, other factors, such as whether the road has a 
median, whether the function of the road is either local or minor collector, and types of 
shoulder tend to have either a negative or mixed association with crash frequency in a 
given road segment, ceteris paribus.  

Specifically, road segments with median were found to be associated with a lower 
frequency measured in terms of crash counts in the case of DD than the Non-DD case, 
while holding other factors constant. The estimated IRR indicates that as compared to 
the no-median case, a road segment with some types of median is associated with a 
decrease in crash frequency by 13.5% and 1.2% in the cases of DD and Non-DD, 
respectively, suggesting that a median tends to be more effective in reducing the 
frequencies of DD related crashes than those of Non-DD related crashes.  

Similarly, the IRR of the asphalt shoulder as compared to the no-shoulder case was 
found to be statistically significant both in the DD related crashes and Non-DD cases, 
which could be interpreted as the crash count related to DD tends to be 7.4% lower in a 
road segment with an asphalt shoulder than the road without such a feature, ceteris 
paribus.   
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Table 6. Regression Results of the Crash Frequency Analysis 
Variable DD  Non_DD  DD_Rear_End  DD_Fixed_Object  DD_Angle 

 IRR Z-stat.  IRR Z-stat.  IRR Z-stat.  IRR Z-stat.  IRR Z-stat. 
Length 1.872*** 31.12  2.024*** 62.81  1.688*** 23.26  1.527*** 14.84  1.059 0.89 
No_of_Lanes 1.089*** 9.69  1.168*** 32.18  0.981 -1.12  1.080*** 6.99  1.006 0.29 
Median 0.865*** -4.37  0.988 -0.63  1.085 1.12  0.863*** -3.57  1.001 0.01 
Speed_limit_no. 0.998* -2.56  0.998*** -3.78  1.002 1.23  1.004** 3.22  1 0.03 
No_access_control 0.975 -0.76  1.001 0.03  1.178* 2.29  0.936 -1.60  0.912 -1.11 
Freeway 1.204** 3.21  1.303*** 8.56  0.847* -2.00  1.453*** 4.99  1.012 0.05 
Principal_arterial 1.881*** 10.66  1.902*** 20.15  0.746** -3.15  2.621*** 12.42  1.424 1.55 
Minor_arterial 1.695*** 8.31  1.655*** 14.79  0.782* -2.44  2.421*** 10.66  1.136 0.53 
Major_collector 1.209** 2.88  1.277*** 6.94  0.824 -1.89  1.793*** 6.68  1.118 0.45 
Minor_collector 0.840* -2.24  0.934 -1.73  0.777* -2.24  1.337 1.94  0.869 -0.50 
Local_road 0.722*** -4.53  0.733*** -8.31  0.635*** -4.18  1.809*** 5.34  0.881 -0.48 
Shoulder_asphalt 
( / ) 

0.926*** -3.68  0.959*** -3.83  0.955 -1.36  0.945 -1.95  1.052 0.78 
Shoulder_concrete 
( / ) 

1.087 0.67  0.972 -0.40  0.965 -0.19  1.179 1.06  0.938 -0.14 
Shoulder_barriercurb 
( / ) 

1.018 0.66  1.079*** 5.14  0.843** -2.94  0.974 -0.75  1.239** 2.91 
Urban_road 1.658*** 22.94  1.506*** 36.79  1.147*** 3.73  1.587*** 13.9  1.113 1.65 
District_2 1.162*** 3.86  1.157*** 8.03  1.327*** 4.19  1.034 0.55  1.041 0.4 
District_3 1.266*** 6.31  1.109*** 5.91  1.142* 1.99  1.202** 3.15  0.905 -1.00 
District_4 1.249*** 6.13  1.164*** 8.8  1.342*** 4.56  1.097 1.67  0.815* -2.11 
District_5 1.368*** 7.6  1.128*** 6.08  1.125 1.61  1.219** 3.12  1.260* 2.15 
District_6 1.504*** 10.94  1.314*** 15.09  1.244** 3.27  1.241*** 3.77  1.314** 2.85 
District_7 1.115** 2.91  1.038* 2.13  1.067 0.95  1.012 0.2  1.212* 2.05 
District_8 1.429*** 9.91  1.415*** 20.09  1.401*** 5.25  1.125* 2.14  0.989 -0.12 
District_9 1.308*** 6.05  1.098*** 4.44  1.208* 2.56  1.249** 3.17  0.879 -0.99 
District_10 1.017 0.35  0.873*** -6.20  1.170* 2.11  0.951 -0.62  0.733 -1.90 
District_11 1.264*** 5.08  1.099*** 4.32  1.158 1.9  1.104 1.38  0.731* -2.20 
District_12 1.366*** 7.39  1.486*** 18.42  1.152 1.78  1.175** 2.66  0.983 -0.16 
AADT 1.000*** 16.16  1.000*** 33.97  1.000** 3.11  1.000*** 12.98  1 -0.42 

Year 1.383*** 61.37  1.312*** 117.19  1.123*** 13.28  1.308*** 33.46  1.255*** 13.1 

No. of Obs. 74,460   74,460   38,891   33,784   18,661  

Log-likelihood -6,728.57   -203,052.93   -19,647.56   -35,092.83   -9,548.57  
alpha 1.373   0.720   0.426   1.444   1.045  
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Likelihood-ratio test of 
alpha=0:Prob>=chibar2 0.000   0.000   0.000   0.000   0.000  

Pseudo R2 0.092   0.115   0.033   0.047   0.025  
   Note * p<0.05, ** p<0.01, *** p<0.001 
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In addition, whether the segment locates in an urban area or not also has different 
effects on crash frequencies caused by DD and Non-DD. Specifically, the crash counts 
in urban areas are expected to be 1.658 and 1.506 times greater than that in rural areas 
in the case of DD and Non-DD, respectively. Such a finding further confirms that vehicle 
crashes caused by DD would be more likely to occur in urban areas.  

In terms of the spatial variation, major urbanized regions, such as Columbus, Cincinnati 
and Cleveland, corresponding to District 6, 8, and 12, respectively, were found to have 
relatively higher IRRs. Specifically, the crash frequency related to DD was found the 
highest in Columbus area, ceteris paribus. The IRRs were found to be 1.504 and 1.314 
times higher than the reference region (District 1 – Lima) in the cases of DD and non-
DD, respectively, suggesting that the risk of vehicle crash due to DD tends to be around 
20% higher than that of Non-DD in Columbus, ceteris paribus.  

The influences of built environments on the frequencies of DD related crashes by crash 
types were also investigated. The results are consistent with that of the overall analysis, 
but unveil more heterogeneous effects of the built environment among different crash 
types. For instance, while the overall analysis found that a road segment with a median 
is associated with a reduction on crash frequency related to DD in general, the result is 
found to be significant only in the case of fixed object crash but not in the cases of rear-
to-end and angle crashes. In addition, a road with no access control is found to be 
associated with a 17.8% increase in DD related crash counts in the rear-to-end crash 
type, ceteris paribus. Similarly, the influence from road functions also varies among 
different crash types. For instance, in the rear-to-end crash type, as compared to the 
interstate highways, the frequency of crashes caused by DD tends to be lower by 15-
36% in other types of road. Conversely, in the fixed object crash type, the frequency of 
crashes caused by DD is likely to be 45.3-162.1 % higher in non-interstate roadways.  

 

5.2 Severity Analysis 

The regression results of vehicle crash severity are summarized in Table 7.  The overall 
analysis of DD and non-DD reveals the probabilities of crash severity at different 
thresholds due to the influences of various control variables. Specifically, some factors, 
such as light condition, weather, speeding, number of lanes, road contour, whether the 
road is undivided or not, AADT and trend, are found to have significant but relatively 
minor influences on crashes caused by DD and non-DD. However, the result also 
shows that DD related crashes tend to be more severe than non-DD related crashes in 
other environments. For instance, the result of the threshold comparison between EI 
and SI shows that the probability of a crash involving a higher level of severity (from EI 
to SI) tends to be 49.4% higher if the crash is caused by DD on Interstate Highways 
than non-DD, ceteris paribus.  

In addition, when the accident occurs at a work zone particularly in the threshold 
between SI and FA, the estimated odds ratio is found statistically significant with a value 
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of 2.119. This could be interpreted as the probability of vehicle crash severity from 
severe to fatal is likely to be 2.12 times greater if the crash occurs at a work zone, 
ceteris paribus. Conversely, the estimates of the urban variables are statistically 
significant across different thresholds in both DD and Non-DD models. The odds ratio 
decreases monotonically as the thresholds move to a higher level, suggesting that the 
probabilities of vehicle crashes that involve more severe injuries tend to be lower if the 
crash events occur in urban areas, ceteris paribus.  

The influence of roundabout on crash severity is also investigated. Interestingly, 
although roundabout is found to have a significant influence in reducing the probabilities 
of crash severities across all the thresholds of comparisons in the non-DD case, the 
estimates in the DD case are found to be statistically significant only in the two lower-
level of thresholds, between PDO and PI, and PI and EI. This could be due to the fact 
that no severe crashes (SI and FA) were recorded at roundabout caused by DD during 
the period of investigation. In general, the results show that vehicle crashes at a 
roundabout tend to be less severe, ceteris paribus. For instance, in the threshold of 
PDO - PI, the estimate of roundabout is found to be 0.393 in the DD model, whereas the 
value is found to be 0.449 in the non-DD model. This could be interpreted as the 
probability of a vehicle crash involving a higher level of severity (from PDO to PI) tends 
to be 60.7% and 55.1% lower if the crash involves DD and non-DD, respectively. 
Similarly, when comparing the severity of PI and EI, the odds of a vehicle crash 
involving a higher level of severity are 70.8% and 60.1% less in DD and non-DD cases, 
respectively. This suggests that the probability of a crash that occurs at a roundabout 
with a severer level at EI as opposed to PI is 10.7% lower if the crash involves DD. 

Our analysis also investigated the top three types of vehicle crashes due to a driving 
distraction. The results do reveal built environments tend to have the heterogeneous 
effects on the severity among different types of crashes. For instance, the odds of 
vehicle crashes that involve a death rather than a severe injury tend to be 5.3 times and 
10.4 times greater for the rear-to-end and angle crash types, respectively, if it is caused 
by distracted driving. Similarly, the probability of being a fatal crash rather than a severe 
injury is likely to be much higher if a distracted driver is involved in an angle crash, 
ceteris paribus. Conversely, roundabout is again, found to have a strong effect on 
reducing the likelihood of severity from PDO to PI in both the fixed-object crash and 
angle crash types.   

Overall, although the odds of crash severity influenced by different environments do 
vary among different thresholds, the analysis reveals that vehicle crashes that involve a 
distracted driving tend to be more severe than those of non-distracted driving, especially 
in road environments, such as a work zone area and on Interstate Highways. 
Conversely, roundabout is confirmed to be an effective road design in reducing crash 
severities. In particular, roundabout is found to be more effective in reducing crash 
severities caused by distracted driving. 
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Table 7. Regression Results of Vehicle Crashes Severity 

Model DD  Non_DD  DD_Rear-End  DD_Fixed_Object  DD_Angle 
  Odds 

 
Z-stat.  Odds 

 
Z-stat.  Odds Ratio Z-stat.  Odds Ratio Z-stat.  Odds 

 
Z-stat. 

Threshold between PDO and 
 

              

No_of_lanes 0.986 -1.60  1.008** 3.24  0.988 -1.05  0.958 -1.60  0.993 -0.22 
Work_zone 1 -0.01  0.944*** -3.43  1.190* 2.49  0.88 -1.00  0.588 -1.78 
School_zone 0.696* -2.38  0.981 -0.38  0.669* -2.00  0.751 -0.59  0.452 -1.60 
Light_condition 0.989* -1.97  0.939*** -41.77  1.040*** 4.32  0.978* -2.26  1.002 0.09 
Road_contour 1.008 0.74  1.084*** 28.55  0.994 -0.29  1.016 0.94  1.092 1.72 
Weather_condition 0.950*** -6.89  0.964*** -22.17  0.964** -3.24  0.922*** -5.31  0.971 -1.16 
Undivided 1.031 0.98  0.966*** -3.83  1.100* 2.37  0.89 -1.22  1.168 1.53 
Freeway 0.887* -2.28  0.797*** -15.48  0.956 -0.63  1.008 0.06  0.941 -0.23 
Interstate 0.945 -1.03  0.871*** -9.39  1.155 1.89  0.854 -1.38  0.905 -0.29 
Roundabout 0.393*** -3.79  0.449*** -15.51  0.494 -1.77  0.356* -2.10  0.278* -2.24 
Speeded  1.744*** 21.85  1.772*** 80.3  1.961*** 13.97  1.548*** 10.47  2.417*** 8.99 
Urban 0.769*** -13.10  0.973*** -4.39  0.700*** -10.76  0.829*** -4.77  0.580*** -7.04 
AADT 1.000** 2.87  1.000*** 13.55  1 -1.04  1.000*** 3.7  1 -1.18 
Year 0.988* -2.09  0.997 -1.69  0.976** -3.04  0.993 -0.57  1.038 1.89 
Threshold between PI and EI               

No_of_lanes 0.950*** -4.59  0.963*** -11.49  0.947*** -3.38  0.917** -2.81  0.954 -1.35 
Work_zone 0.954 -0.74  0.899*** -4.88  1.078 0.84  0.967 -0.24  0.552 -1.54 
School_zone 0.574** -2.64  0.961 -0.61  0.695 -1.24  0.152 -1.83  0.315 -1.54 
Light_condition 1.022*** 3.52  0.977*** -12.78  1.058*** 4.82  0.993 -0.62  1.021 0.86 
Road_contour 1.051*** 4.26  1.124*** 34.99  0.996 -0.14  1.016 0.88  1.131* 2.25 
Weather_condition 0.953*** -5.26  0.939*** -30.16  0.977 -1.55  0.924*** -4.57  0.976 -0.85 
Undivided 1.087* 2.13  1.048*** 4.05  1.215*** 3.57  1.047 0.42  1.326* 2.47 
Freeway 0.989 -0.17  0.850*** -8.73  0.995 -0.05  1.008 0.06  0.863 -0.49 
Interstate 1.123 1.77  0.911*** -5.02  1.429*** 3.6  0.926 -0.60  1.33 0.74 
Roundabout 0.292** -3.16  0.399*** -12.14  0.318 -1.58  0.49 -1.32  0.134 -1.95 
Speeded  1.975*** 24.46  1.992*** 84.15  2.260*** 15.05  1.646*** 11.06  2.218*** 8.29 
Urban 0.568*** -24.09  0.709*** -45.05  0.519*** -16.29  0.724*** -7.29  0.422*** -10.61 
AADT 1 -0.13  1.000*** 6.9  1 -0.99  1.000** 2.79  1 -0.18 
Year 0.981** -2.82  0.987*** -6.42  0.968** -3.09  0.974 -1.89  1.015 0.66 
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Threshold between EI and SI               

No_of_lanes 0.961 -1.57  0.938*** -9.03  0.952 -1.13  0.891 -1.82  0.969 -0.44 
Work_zone 0.991 -0.07  0.966 -0.78  1.342 1.57  1.053 0.21  1.175 0.27 
School_zone 0.427 -1.47  0.869 -0.99  0.908 -0.14  1.92E06 -0.02  0.869 -0.13 
Light_condition 1.034** 2.64  1.022*** 6.07  1.059* 2.06  0.989 -0.48  1.119** 2.84 
Road_contour 1.031 1.31  1.170*** 24.96  0.907 -1.50  0.972 -0.75  1.034 0.34 
Weather_condition 0.903*** -4.98  0.869*** -30.29  0.895** -2.65  0.901** -2.82  0.868* -2.37 
Undivided 1.177 1.9  1.109*** 4.28  1.450** 2.7  1.313 1.24  1.780** 2.85 
Freeway 1.083 0.58  0.831*** -4.74  1.278 1.13  0.802 -0.75  1.191 0.36 
Interstate 1.494** 2.91  0.981 -0.49  1.441 1.66  1.589 1.75  1.805 0.98 
Roundabout 0.248 -1.39  0.245*** -6.71  0.000 -0.02  0.776 -0.25  0.000 -0.01 
Speeded  2.205*** 15.55  2.109*** 49.63  2.718*** 9.1  1.923*** 7.64  2.615*** 6.59 
Urban 0.495*** -14.89  0.582*** -37.38  0.410*** -9.64  0.745** -3.25  0.319*** -8.36 
AADT 1.000*** -4.08  1 -0.29  1 -1.91  1 0.54  1 -1.04 
Year 0.925*** -5.42  0.961*** -9.46  0.909*** -3.50  0.894*** -3.88  0.944 -1.39 
Threshold between SI and FA               

No_of_lanes 1.006 0.07  0.869*** -6.26  1.272 1.43  0.758 -1.14  0.716 -0.79 
Work_zone 2.119* 2.34  1.023 0.18  5.339*** 3.31  2.81 1.55  10.37* 2.08 
School_zone 0.000 -0.02  1.021 0.05  0.000 -0.01  1 -.  0.000 -0.00 
Light_condition 1.022 0.53  1.146*** 14.93  0.984 -0.13  0.925 -0.96  0.991 -0.06 
Road_contour 1.052 0.66  1.295*** 16.56  1.003 0.01  0.939 -0.47  1.32 0.97 
Weather_condition 0.855* -2.08  0.827*** -14.14  0.921 -0.44  0.853 -1.06  0.801 -0.85 
Undivided 0.987 -0.04  1.302*** 3.72  1.681 0.94  0.817 -0.18  6.700* 2.21 
Freeway 1.426 0.78  0.849 -1.47  0.526 -0.58  2.847 0.89  0.000 -0.01 
Interstate 1.078 0.17  1.054 0.46  2.121 0.68  0.636 -0.57  6.985 -0.00 
Roundabout 0.000 -0.01  0.256* -2.37  1 -0.00.  0.000 -0.01  1 -0.00 
Speeded  2.561*** 5.97  2.709*** 26.84  3.397** 2.83  2.458** 3.08  4.107** 3.09 
Urban 0.336*** -6.85  0.433*** -21.58  0.320** -2.78  0.606 -1.49  0.191*** -3.32 
AADT 1 -0.69  1 -1.46  1 -0.35  1 1.36  1 -1.05 
Year 0.998 -0.04  0.996 -0.31  0.988 -0.10  1.037 0.34  0.868 -1.04 
No. of Obs. 73757   995140   36835   14299   5607  

Log-likelihood 71,629.4
9 

  817,591.
9 

  34,026.39   14,192.19   6,306.79  
Pseudo R2 0.016   0.015   0.013   0.012   0.029  
Note: * p<0.05, ** p<0.01, *** p<0.001 
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6. Conclusions 

The increase in vehicle crashes caused by distracted driving has received a rising attention from 
different stakeholders, yet, the understanding of the influence of the built environment on the 
frequency and severity caused by distracted driving remains limited. This study fills this gap by 
conducting an empirical assessment using a comprehensive dataset with 1.4 million crash 
records in Ohio for the period 2013 - 2017 as an example. The relationships between built 
environments and the frequency and severity of vehicle crashes caused by distracted driving 
were examined using Negative Binomial regression and Generalized Ordered Logit regression 
methods. The results reveal that built environments, such as the length of roadway segment, 
number of lanes, the location of road (urban or not) have positive associations with the increase 
in crash frequency. Urbanized areas such as Columbus, Cleveland, and Cincinnati have much 
higher risk in vehicle crashes than other regions in Ohio. The risk of vehicle crashes due to 
distracted driving is found to be highest in Columbus area. Conversely, other road environments 
such as median and shoulder with an asphalt pavement are found to have negative 
associations with crash frequencies caused by distracted driving.   

The outcomes of severity analysis suggest that distracted driving related crashes tend to be 
more severe than non-distracted driving related crashes. In addition, the severity of crashes was 
found to vary among different built environments. For instance, the probability of involving a 
severe injury or fatality is much higher if the crash caused by distracted driving occurs at work 
zones or on interstate highways. Conversely, roundabout was found to be an effective measure 
in reducing crash severities in general and its mitigating effect on severity is more significant for 
DD related crashes.  

Overall, our study suggests that the influences of built environments on vehicle crashes 
measured in terms of frequency and severity are different between DD and Non-DD related 
crashes. This implies that there is a need to improve traffic safety and road management. For 
instance, given that crashes caused by distracted driving could be more severe in some road 
environments, such as work zones and urban roads, a policymaking with an objective to 
improve traffic signs and safety regulations for distracted driving at these specific areas should 
be emphasized. In addition, the research implies that improving road designs by introducing 
roundabouts to urbanized areas or divide facilities such as median may also be effective 
strategies to reduce crash frequencies and severities.  

One should note that our study also has several limitations which could be further improved in 
future research endeavors. For instance, the study could be further enhanced by examining the 
influences of other factors, such as land use patterns and socio-demographic features. In 
addition, future research could be expanded by examining the influences of built environment on 
vehicle crashes related to distracted driving in other states to test whether the results are still 
consistent or not. Another worth noting area is that given that the major metropolitan areas in 
Ohio were identified to be associated with a relatively higher risk of vehicle crashes caused by 
distracted driving, it would be interesting to further examine the causes for such a 
heterogeneous pattern associated with the driving behavior at the city level so as to test 
whether any spatial cluster patterns of distracted driving exist or not.   
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