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Abstract

It is well understood that most crashes are the result of human errors. Among human-related errors, distracted
driving, particularly related to cellphones, has received significant attention. Conversely, the underlying
factors associated with in-vehicle distractions that are non-cellphone use have not been fully explored. Thus,
this paper uses data from driver distraction-related crashes to examine various in-vehicle distraction sources.
A Bayesian Multinomial Logit (BMNL) model was developed using 5,078 distracted-driving related crashes
from Iowa. Four in-vehicle distraction sources - cellphone use, non-cellphone electronic devices, passengers,
and reaching in-vehicle fallen objects - were investigated to determine factors that increase their odds of
occurrence. The results suggest that drivers under the influence of alcohol are more likely to be involved in
crashes associated with the distraction from cellphones. Furthermore, older drivers are less likely to be
involved with distracted driving due to passengers. As expected, the more people in the vehicle, the higher the
likelihood a driver can be distracted by passengers. Moreover, the association of driver distraction and speed
limit, time of the day, vehicle's age, among others, were evaluated. This study provides useful information for
developing and implementing strategies that minimize distractions from all in-vehicle sources.

Keywords - distracted driving, human-related errors, in-vehicle distractions, Bayesian Multinomial Logit
(BMNL) model, distracted-driving related crashes
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1. Background

Defined as the performance of secondary tasks when driving, distracted driving has been
extensively studied. In a ten-year study (1999-2008), researchers [1] found a nation-wide decline
in distracted driving-related fatalities from 2003 to 2005 then a rise thereafter. Another study [2]
evaluated the changes in driver distraction in Northern Virginia within a span of five years (2014-
2018). Their study reported no statistically significant difference in phone use but a significant
increase in the proportion of drivers engaging in non-cellphone secondary behaviors.

Studies have shown that distraction sources can originate within or outside a vehicle. Distraction
outside the vehicle can include looking at a roadside object, looking at a crash/incident scene, or
scanning for emergency/police vehicles, to mention a few. On the other hand, in-vehicle distraction
sources that have predominantly been considered are cellphone related (e.g., talking on a phone,
dialing a phone, reaching for a phone, or sending text messages). Other in-vehicle distraction
sources include adjusting the radio, eating, drinking, reaching for a fallen object, and distraction
from passengers [1-9]. Researchers have associated driver distractions with crash frequency and
severity [4, 8], demographic factors [5, 6, 10, 11], among other things. Recent studies have focused
on the distractions originating from cellphones while driving [12], smartwatch usage [13], and even
the impact of texting and web surfing on driving behavior [14]. However, there is limited
knowledge of the other in-vehicle distractions and how they contribute to crashes.

Although the investigation of in-vehicle driver distraction sources has been a topic of interest
in recent years, researchers have concentrated more on cell phone-related distractions. Therefore,
little knowledge is known on the other in-vehicle distractions. The authors did not perform in-depth
comparisons among distraction sources for the few studies involving in-vehicle. Besides, most
studies have been using data collected through survey questionnaires, which greatly depends on the
driver's honesty. Therefore, this study evaluates the factors affecting drivers' distractions for in-
vehicle sources of distractions. The current study uses actual crash data, in which drivers were asked
whether they were distracted and the distraction sources. Four in-vehicle distraction sources—
cellphone use, use of non-cellphone electronic devices (navigation device, DVD player, etc.),
distraction from passengers, and distraction from in-vehicle fallen objects—are compared. The
study findings will show the similarities and differences of the factors affecting the in-vehicle driver
distraction sources. The similarities and variations of these factors towards driver distraction
sources will pave the way for a better approach to combating each of the driver distraction sources
studied. The paper's remainder is organized as follows: the next part presents the literature review,
followed by the methodology, whereby data description and modeling methodology are discussed,;
the results and discussion follow; and lastly, the conclusion and recommendation are presented.

2. Study objectives

This study aims to achieve the following objectives.

1. To examine the various in-vehicle distraction sources in relation to crashes.

2. To determine the factors that increase the likelihood of different in-vehicle distraction
sources.

3. To develop a Bayesian Multinomial Logit model to analyze the data from driver distraction-
related crashes.
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3. Literature review

Distracted driving has been a topic of interest over the years. One of the early studies was
performed in 2003 [15], focusing on distracted and drowsy driving using a nation-wide survey.
Since then, the Highway Traffic Safety Administration has been documenting driver distraction
statistics derived from the National Occupant Protection Use Survey (NOPUS). The presented
statistics have been used in evaluating the trends in driver distractions [1], whereby a ten-year study
(1999-2008) showed a decline in distracted driving from 1999 to 2005, then a rise thereafter.

Distracted driving has been linked to traffic safety and traffic flow [1, 3, 4, 8, 16]. Klauer et al
[4] evaluated the association of in-vehicle distraction sources to crashes and near-crashes
occurrence event using 42 and 109 novice and experienced drivers, respectively. Data collection
was through accelerometers, cameras, global positioning systems, and other sensors installed in the
vehicles. The study found that the risk of a crash or near-crash for novice drivers increased
significantly if they dialed cellphones, sent/received texts, reached for objects, looked at roadside
objects, or ate while driving. The risk of crashes and near-crashes increased for experienced drivers
when they were dialing a cellphone. Over time, the prevalence of being distracted has increased
among novice drivers, but not for experienced drivers. Further, the impacts of distracted driving on
traffic flow [3] have also been evaluated. The results show that fluctuation in speed, fewer lane
changes, and longer duration to complete a task (change lane, turning) were observed when a driver
was texting. Moreover, when drivers were either texting or talking on phones, other simulated
vehicles passed them more frequently than when they were undistracted. However, the results were
not statistically significant between the age groups. In another study, which used a national crash
database [8], the likelihood of severe crashes was reported to increase more for teen drivers if they
were distracted by either cellphones or passengers than by other in-vehicle devices.

Moreover, distracted driving was assessed per several personal attributes, including age and
gender [5, 6, 10]. One closed-road course study with a sample of 11 younger and nine older drivers
was performed [5]. The driving performance of these two groups of drivers while text messaging
via handheld mobile phones and an in-vehicle texting system was evaluated. The study found that
texting from an in-vehicle system resulted in slightly better driver performance than a handheld
mobile phone in terms of degraded steering measures. Steering control was also the assessment
measure for elderly and middle-aged drivers when evaluated in an instrumented vehicle, with a
controlled auditory-verbal processing load [6]. With a sample of 86 elderly and 51 middle-aged
drivers, the study [6] revealed that, compared to no-task, both groups reduced steering control in
the presence of an instructed task. A decrease and high variability in speed were observed more
with the elderly than middle-aged drivers. Another study focused on cell phone use while driving
among adolescents and emerging adults [10]. Utilizing logistic regression on survey questionnaire
data, the study concluded that participants whose peers frequently texted while driving were more
likely to text while driving the following year. One of the most recent studies [7], found no
significant influence in cellphone distraction by gender, but driver age was associated with
cellphone distraction. These findings are contrary to those reported in a ten-year study of trends in
distracted driving [1]. Their study revealed that males driving alone were more often distracted
driving crash victims than females. In a study conducted by Kim et al. (2019), it was found that
using an in-vehicle infotainment system significantly increased the risk of distracted driving,
especially when the task involved entering a destination into the navigation system. This highlights
the need for car manufacturers to design infotainment systems that are less distracting and safer to
use while driving. Another study conducted by [17] analyzed the effects of different types of
distractions, including cognitive, manual, and visual distractions, on driving performance. The
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results showed that cognitive distractions, such as listening to the radio, had the least impact on
driving performance, while manual distractions, such as reaching for a phone, had the greatest
impact. This highlights the importance of reducing manual distractions while driving to improve
road safety. In a study by [18], the effects of different types of smartphone usage, such as texting,
talking, and web browsing, on driving performance were evaluated. The results showed that texting
had the greatest negative impact on driving performance, followed by talking and web browsing.
These findings suggest that texting and other forms of smartphone use should be discouraged while
driving to minimize the risk of crashes. The impact of wearable technology, such as smartwatches,
on driving performance has also been studied. In a study by [13], it was found that using a
smartwatch while driving had a similar impact on driving performance as using a smartphone. This
suggests that wearable technology can also be a source of distraction while driving and should be
used with caution. Finally, a study by [14] evaluated the impact of texting and web surfing on
driving behavior and safety in rural roads. The results showed that texting and web surfing while
driving had a negative impact on driving behavior and increased the risk of crashes. This highlights
the need for drivers to be aware of the dangers of distractions while driving, regardless of the type
of road they are on.

In conclusion, these studies demonstrate the need for continued research on in-vehicle
distractions to understand the impact they have on driving and crashes. This information can be
used to design safer vehicles and promote safer driving habits, reducing the number of crashes and
improving road safety.

To summarize, distracted driving has been extensively investigated, whereby its association to
traffic safety and flow has been established. Moreover, in-vehicle and outside vehicle distraction
sources have been identified and evaluated per personal attributes. Most of the previous studies'
focus was cell phone-related distractions; meanwhile, other distraction sources have received less
attention. Furthermore, most previous studies used data collected through either survey
questionnaires, simulation, or instrumented vehicles. Additionally, the similarities and differences
of the factors associated with in-vehicle driver distraction sources have not been explored.

4. Study data description

This study used three-year data of distracted driving-related crashes collected and stored by the
Iowa Department of Transportation (IOWA DOT). IOWA DOT has an open data policy where the
collected data are released to the public for research [19].

The authors downloaded the crash data. Within crash data, the major causes of the crashes were
identified, including driver distraction. Different sources of driver distractions were listed in the
dataset, which includes in-vehicle and out of vehicle distraction sources. The authors were
interested in determining the similarities and differences of the factors affecting the distractions that
originate from inside the vehicle. These include distractions from the cellphones (handheld and
hands-free), passengers, radio and non-cellphone electronic devices, and fallen objects. Other
distraction sources listed in the dataset included inattentive and unrestrained animals, among others.
The dataset had the cellphone distraction-related crash data for 2015, 2016, and 2018. Therefore,
the authors selected three years for analysis. Moreover, radio and non-cellphone electronics were
grouped. After data cleaning for the few missing observations, a total of 5078 observations were
available for further analysis.
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Fig. 1 - Distribution of the number of crashes per year by distraction source

Figure 1 shows the distribution of the number of crashes according to the distraction sources. It
can be observed that the non-cellphone electronic devices have the largest proportion of all crashes.
On average, 45% of crashes in this study are due to distraction from non-cellphone electronic
devices inside the vehicle. The second source of distraction that contributed to a large number of
crashes is reaching for the fallen object. The distraction from the passengers accounts for between
15% and 18% of all crashes, which is much higher that the percentage reported in the a previous
meta-analysis [20]. On the other hand, cellphone use accounts for the smallest portion of the
crashes.

Table 1 shows the variables used in this study. These variables were selected based on the
knowledge gained through the literature review and engineering judgment. The authors grouped
the variables into driver characteristics, vehicle characteristics, roadway, and temporal
characteristics. The number of observations and the percentages across the categories is provided.
According to Table 1, male drivers account for a large percentage of distracted driving for all
sources of distractions except for distraction from passengers. The distribution of the driver's age
per distraction sources shows that drivers aged 18-24 years have the highest percentage of crashes
related to distraction from non-cellphone electronic devices and reaching for the fallen object. The
group of drivers aged 25-34 years leads in terms of cellphone use and passengers distraction
sources. Most of the distracted related crashes occurred when a driver was going straight, while a
relatively significant proportion is parking-related crashes. The distribution per crash type shows
that passenger car/SUVs have the largest percentage across all four distraction sources. The vehicle
year distribution shows that the percentage of distracted related crashes is relatively small for newer
(2015-2018) vehicles. However, this might be due to a low overall population of vehicles
manufactured within that time, which were operating. The passengers revealed a different insight.
As the number of occupants increases, the proportion of crashes due to distraction from cellphones,
fallen objects, and non-cellphone electronic devices decreases. Conversely, the vehicles with two
peoples have the largest proportion of crashes resulting from passengers' distraction. The speed
limit distribution shows a higher proportion of that driver distracted-related crashes at low speeds.
However, for cell phone use, a significant proportion of crashes (22.7%) is observed for 50 & 55
mph.
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Tab. 1 - Descriptive analysis of the variables

Non-cellphone Cellphone Passengers Reaching fallen
electronic devices use objects
Count | Percent Count | Percent Count | Percent Count | Percent
Driver characteristics
Driver's gender
Female 1026 44.5% 208 47.2% 463 53.5% 637 43.5%
Male 1281 55.5% 233 52.8% 402 46.5% 828 56.5%
Driver's age
Less than 18 years 247 10.7% 16 3.6% 80 9.2% 104 7.1%
18-24 years 644 27.9% 101 22.9% 151 17.5% 340 23.2%
25-34 years 505 21.9% 103 23.4% 227 26.2% 254 17.3%
35-44 years 333 14.4% 68 15.4% 131 15.1% 220 15.0%
45-54 years 252 10.9% 68 15.4% 108 12.5% 225 15.4%
55-64 years 205 8.9% 52 11.8% 101 11.7% 203 13.9%
65 and over 121 5.2% 33 7.5% 67 7.7% 119 8.1%
Driver's condition
No DUI 2186 94.8% 407 92.3% 837 96.8% 1440 98.3%
DUI 121 5.2% 34 7.7% 28 3.2% 25 1.7%
Driver action
Going straight 1366 59.2% 260 59.0% 491 56.8% 855 58.4%
Turning left, right U-turn 188 8.1% 55 12.5% 98 11.3% 91 6.2%
Decelerating 185 8.0% 20 4.5% 65 7.5% 93 6.3%
Braking 10 0.4% 15 34% 19 2.2% 4 0.3%
Lane change 28 1.2% 8 1.8% 13 1.5% 14 1.0%
Parking related 530 23.0% 83 18.8% 179 20.7% 408 27.8%
Vehicle characteristics
Vehicle type
Other vehicles 85 3.7% 30 6.8% 13 1.5% 89 6.1%
Light truck/pick-up 335 14.5% 70 15.9% 136 15.7% 249 17.0%
Passenger car SUV 1762 76.4% 318 72.1% 642 74.2% 1027 70.1%
Bus/van 125 5.4% 23 5.2% 74 8.6% 100 6.8%
Vehicle year
Before 2000 290 12.6% 54 12.2% 108 12.5% 192 13.1%
2000-2004 566 24.5% 99 22.4% 209 24.2% 394 26.9%
2005-2009 638 27.7% 130 29.5% 260 30.1% 416 28.4%
2010-2014 551 23.9% 116 26.3% 202 23.4% 318 21.7%
2015-2018 262 11.4% 42 9.5% 86 9.9% 145 9.9%
Number of occupants
One person 1814 78.6% 368 83.4% 233 26.9% 1197 81.7%
Two people 369 16.0% 59 13.4% 413 47.7% 182 12.4%
Three people 95 4.1% 10 2.3% 163 18.8% 53 3.6%
Four or more 29 1.3% 4 0.9% 56 6.5% 33 2.3%
Road and temporal characteristics
Speed limit
Less than 30 mph 588 25.5% 133 30.2% 252 29.1% 507 34.6%
30 & 35 mph 721 31.3% 113 25.6% 306 35.4% 427 29.1%
40 & 45 mph 265 11.5% 38 8.6% 103 11.9% 161 11.0%
50 & 55 mph 491 21.3% 100 22.7% 161 18.6% 223 15.2%
60 & 65 mph 168 7.3% 28 6.3% 28 3.2% 91 6.2%
Over 65 mph 74 3.2% 29 6.6% 15 1.7% 56 3.8%
Temporal factors
Non-peak hour 466 20.2% 111 25.2% 239 27.6% 402 27.4%
Night time 684 29.6% 131 29.7% 189 21.8% 295 20.1%
Peak hours 1157 50.2% 199 45.1% 437 50.5% 768 52.4%
Day of the week
Weekday 1703 73.8% 362 82.1% 622 71.9% 1137 77.6%
Weekend 604 26.2% 79 17.9% 243 28.1% 328 22.4%
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5. Modeling methodology

To study the complex issue of in-vehicle distraction, a robust and comprehensive statistical
model was needed. In this research, a multinomial logit model was used to investigate the different
types of distraction, such as cellphones, passengers, and non-cellphone electronic devices, and their
associated risk factors. This model was chosen because the response variable was unordered in
nature. Bayesian inference was used to estimate the posterior distributions of the model parameters,
offering several advantages over traditional frequentist methods.

The use of Bayesian inference allowed for the incorporation of prior knowledge in the analysis,
which improved the accuracy of the results. The interpretation of the results was also easier and
more intuitive with Bayesian inference [21-23].

In addition, the coefficients estimated using Bayesian inference were in the form of
distributions, allowing for updates to be made in the future with new data. This made the model
more flexible and adaptable over time [22, 23]. By considering various risk factors and
incorporating prior knowledge, this approach offers valuable insights into the issue of distracted
driving and has the potential to inform future policy and intervention strategies aimed at reducing
the number of related crashes. This research demonstrates the power and utility of Bayesian
inference in modeling complex.

In modeling the multinomial logit model, one response category is usually selected for use as
the reference or baseline category in the parameter estimations [26, 27]. In this case, the non-
cellphone electronic devices category, which includes television screens, GPS devices, and tablets,
was used as a base category. Assume that a distraction variable, Y has K total number of observed
categories; the expression in Equation 1 can estimate each distraction category's probability.

o exp(dy) (1)
Prob(Y =1i) = K exp(inD

where:
H

A= Bi+ Zﬂihxih
h=1

where £5; and f3;;, are vector of estimable coefficients and X;;is the vector of explanatory variables.

Note that the estimated posterior distributions of coefficients result from the likelihood of the
observed data and the prior distributions, as presented in Equation 2. The function in Equation 1
defines the likelihood of observed data in this study. The prior distribution (in Equation 2) is the
probability of each coefficient before data has been used in the model [28, 29]. This likelihood can
be either a strong prior distribution that is usually obtained from the previous findings or weakly
informative priors in the absence of strong priors [30]. Since there is no study with a similar set of
analyses as the current study, the authors used weakly informative priors to estimate parameters. It
is important to understand that weakly informative priors in Bayesian inference have a negligible
influence on the estimates, and data characteristics usually dominate in the estimates [30].

posteriordistribution, P(8|d) « prior, P(8) X likelihood, L(d|0]) 2
where,

P(8) is the prior distribution of the parameter 8, L(d|8) is the likelihood function, and P(d|6) is
the posterior distributions.
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The prior distributions for regression coefficients were assigned to follow a Gaussian
distribution, a weakly informative prior that is commonly used in Bayesian inference [29, 30]. The
estimation of the parameters was implemented using the "brms" package [31] in R version 4.0.0
environment [32]. The No-U-Turn Sampler (NUTS) sampling step was applied, in which the initial
burn-in phases were set to 1,000 iterations, and subsequently, 2,000 iterations were used for
inference. As with the Bayesian inference, the model convergence was evaluated using the Gelman-
Rubin Diagnostic statistic. For a model to achieve convergence, the difference between chain
variances, which is the Gelman-Rubin Diagnostic statistic, has to be equal to 1 [33]. Moreover, the
number of effective samples in each parameter was evaluated. Visual plots of chains, such as the
autocorrelation plot, density, and trace plot of each parameter, were used in the assessment.

The discussion of the significant factors influencing distracted driving in the next section is
based on the relative risk ratio (RRR). The RRRs are risk factors that are calculated by
exponentiation of the estimated coefficients. The outcome implicitly indicates the ratio between a
particular category's predicted probability to the base category. In this case, the relative probability
of the cellphone distraction or passenger (Y=i) to the non-cellphone electronic devices (Y = 7) can
be estimated as presented in Equation 3.

b 3

RRR = e/ =
P(Y=1)

where:
coef Represents the estimated coefficient in the BMNL model.

When the estimated RRR of a variable is greater than 1 (RRR > 1), the risk ratio increases, while
when it is less than 1 (RRR < 1), the risk ratio decreases relative to a base category [34]. More
specifically, a unit change in the explanatory factor leads to the RRR of the predicted category to
change (increase or decrease) relative to the reference group, given the other variables in the model
are held constant.

6. Model results and discussion

The model results are presented in Table 2. The results interpretation is based on the 95%
Bayesian credible intervals (BCI). The 95% BCI shows the credibility of the obtained RRR. The
entire 95% BCI should be on either side of a unit RRR for the estimated RRR to be 95% credible
interval. The results discussion section is divided into three segments; driver characteristics, vehicle
characteristics, and roadway characteristics and temporal factors.

6.1. Driver characteristics

The driver's age, gender, DUI, and action/maneuver before crash occurrence are the
characteristics of interest in this part. The gender of the drivers was not a statistically significant
contributing factor for distracted driving. Compared to the distractions from non-cellphone
electronic devices such as GPS devices and tablets, male drivers are less likely to be involved in
crashes resulting from distraction by either cellphone use (RRR=0.77) or passengers (RRR=0.73).
The results are consistent with one of the previous studies, which found that male drivers were less
likely to be distracted by the passengers [35], but more likely to be involved in severe crashes that
involve cellphone distraction [36]. A comparison between the distraction from non-cellphone
electronic devices and the fallen objects on the vehicle shows that gender is not a statistically
significant factor at a 95% BCI. The findings are consistent with a study that found that female

- 10 -
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drivers are less likely to be distracted by cellphones and are more likely to talk or sing with
passengers [2].

Considering the driver's age, the results in Table 2 show that the likelihood of involvement in
distracted driving crashes increases as the driver's age increases, irrespective of the distraction
source. However, the magnitudes of the RRR are larger for cellphone distraction than other sources.
More specifically, crashes for drivers aged 65 years and above are about 4.1 times more likely to
be due to cellphones distraction than non-cellphone electronic devices in the vehicles. On the other
hand, the crashes for the same age group are about 62% and 70% more likely to be associated with
the distraction from passengers and reaching for the fallen objects compared to distraction by non-
cellphone electronic devices. The drivers aged 18-44 years didn't show a statistically significant
difference at a 95% BCI for cell phone use only as well as drivers of age 25-34 years for fallen
objects only. These results are not consistent with previous studies' findings [37, 38]. According to
their findings [37-39], young drivers are more likely to be distracted by cellphones than older
drivers. However, their studies did not investigate the influence of age on distraction from
passengers. Contrarily, [40] found no significant differences between young and middle-aged adults
on distracted driving behaviors. However, the study did not distinguish different sources of
distractions that are shown in the current study.

The relationship between driving under the influence (DUI) which is the act of operating a
vehicle while under the influence of alcohol or drugs and driver distraction revealed a positive
association with cellphone use, and a negative association with the other two distraction sources,
compared to non-cellphone electronic devices in the vehicle. DUI drivers are about 45% more likely
to be involved in crashes that are due to distractions from cellphone use (RRR=1.45) than non-
cellphone electronic devices. The observation suggests that dialing and conversing while driving
impedes focus on the road leading to crashes. Similar findings were found in Choudhary & Velaga
[41]. On the other hand, these drivers are about 17% (RRR=0.83) and 59% (RRR=0.41) less likely
to be distracted by passengers and fallen objects in the vehicle, respectively.

The association between driver distraction and drivers' actions before crash occurrence was also
assessed. Turning movements, braking, and deceleration were found to be statistically significant
at 95% BCI. The study found that compared with the use of non-cellphone electronic devices,
drivers that were braking were more than seven times likely to be involved in crashes whose
distraction source is the cellphone use (RRR=7.17). Studies Choudhary & Velaga, [42] and Nasr
Esfahani et al., [43] also found that phone use during driving causes a decrease in situation
awareness and delays response to the events happening in the driving environment, which may lead
to accidents. Furthermore, these drivers were more than two times likely to be associated with
crashes due to passengers' distraction (RRR =2.18). On the other hand, the braking was about 65%
less likely to be associated with fallen objects distraction. Turning movements and lane change
were more likely to be associated with cellphone use and passengers distraction but less likely to
be associated with the distraction from dropped objects. There is not enough evidence to conclude
the association between distraction from passengers and turning movements since the variable
category has a unit RRR. When either decelerating or parking, drivers are less likely to be involved
in crashes that are due to either of the distraction sources (RRRs are less than 1).

6.2. Vehicle characteristics

The vehicle type was also a variable of interest in this study. Four types of vehicles—Ilight
truck/pickups, passenger car/SUV, Bus/vans, and other vehicles (truck, tractor, trailer) were
compared. Table 2 shows a negative correlation between vehicle type and distraction from
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cellphones and fallen objects. However, strong evidence for such an association is between
passenger cars and fallen objects. In this case, the drivers in passenger cars/SUVs are about 42%
less likely to be distracted by the fallen objects (RRR = 0.58). For other distraction sources as well
as other vehicle types, no enough supporting evidence is available to conclude.

The vehicle's age has revealed a strong and positive association with the cell phone distraction
compared to non-cellphone electronic devices. The results in Table 2 show that the drivers of the
most recent versions of the vehicles are less likely to be involved in crashes whose distraction
sources are cellphones than non-cellphone electronic device use. However, the association is not
statistically significant at 95% BCI. The drivers of the vehicles produced in 2015-2019 vehicles are
30% less likely to be distracted by cellphones as compared to drivers of vehicles manufactured
before 2000 (RRR = 0.70). On the other hand, drivers of the vehicles manufactured between 2000
and 2004 are only 6% less likely to be distracted by cellphones as compared to drivers of vehicles
manufactured before 2000. Further, results show that there is a statistically significant negative
association between the most recent version of vehicles (2015-2019) and crashes due to drivers
reaching for the fallen objects (RRR=0.74).

As it was expected, the number of passengers is associated with the crashes that are due to
distraction from passengers. The more the number of passengers, the higher is the magnitude of the
RRRs.

Tab. 2 - Multinomial Logit results (continue)

Cellphone use Passengers Reaching fallen objects
Mean SD RRR [95% CI] Mean SD RRR [95% CT] Mean SD RRR [95% CTI]
Driver characteristics

Driver's gender
Female*
Male 026 0.12 0.77  0.62 0.97 -0.32  0.10 0.73 0.60 0.88 -0.04 0.08 096 083 1.12
Driver's age
Less than 18 years*

18-24 years 0.84 028 232 135 418 0.04 0.8 104 074 149 036 014 143 1.09 190
25-34 years 1.19 028 329 193 593 057 017 177 127 251 0.28 0.15 132 099 175
35-44 years 118 030 325 190 6.05 037 019 145 100 210 053 016 170 128 232
45-54 years 141 030 410 232 761 0.70 020 201 138 297 083 016 229 170 3.06
55-64 years 133 031 378 210 710 092 021 251 L70 378 090 016 246 177 332
65 and over 142 033 414 220 8.00 096 024 261 167 418 086 018 236 1.67 3.35
Driver's condition
No DUI*
DUI 037 022 145 093 223 -0.19 0.25 0.83 0.50 1.36 -0.88 0.23 0.41 0.26 0.66
Driver action
Going straight*
Turning left, right U-turn 040 017 149 106 2.08 024 016 127 092 1.73 031 014 073 055 096
Decelerating  -0.60 0.26 055 032 039 -020 0.8 082 058 115 -0.36 014 0.70 053 090
Braking 1.97 045 717 294 17.64 0.78 045 2.18 0.94 542 -1.05 0.62 035 010 1.13
Lane change 031 043 136 058 313 0.09 040 109 050 244 -0.33 035 072 036 139
Parking related -023  0.15 0.79 0.59 1.06 -0.52  0.12 0.59 0.47 0.76 -0.05 0.09 095 080 1.14
Vehicle characteristics
Vehicle type
Other vehicles*
Light truck/pick-up ~ -0.36 027 070 041  1.20 067 035 195 100 4.10 -0.30 019 074 051 1.06
Passenger car SUV 044 025 064 039 105 025 034 128 068 253 -0.54 0.18 058 0.40 0.82
Bus/van  -0.57 034 057 028 1.09 0.18 037 120 060 256 -035 022 070 045 1.09
Vehicle year
Before 2000*
2000-2004  -0.04 0.19 096 066 140 <003 016 097 072 132 010 012 111 0388 139
2005-2009 0.07 0.19 107 074 1.55 -0.05 0.16 0.95 0.70 131 001 0.12 1.ol 079 127
2010-2014 003 019 1.03 071 148 -0.10 016 050 066 123 -021 013 081 063 1.03
2015-2019 -0.36 0.24 070 044 1.08 -0.15 0.19 0.86 0.59 1.25 -0.30 0.15 0.74 055 1.00
Number of occupants
One person*
Twopeople  -0.19 0.16 083 061 113 224 011 939 761 1170 -0.22 0.10 080 0.66 098
Three people  -0.56 035 057 028 1.08 270 0.16 14.88 1091 20.09 -0.06 0.18 094 065 134
Four or more -0.32 057 0.73 021 2.01 291 026 1836 11.25 30.27 0.60 027 1.82 104 3.13
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Road and temporal characteristics

Speed limit
Less than 30 mph*
30&35mph 035 015 070 053 095 -0.18 012 084 066 106 -0.47 0.09 063 052 0.76
40&45mph  -0.43 021 065 043 097 -027 016 076 055 1.05 -048 012 062 049 0.79
50&55mph  -0.12 016 089 065 123 044 014 064 049 084 -0.71 011 049 040 0.60
60 & 65mph  -038 024 0.68 042 1.08 -L13 024 032 020 051 -0.62 015 054 039 073
Over 65 mph 038 027 146 086 246 082 033 044 022 084 043 020 065 044 097
Temporal factors
Non-peak hour*
Nighttime  -0.22 0.16 0.80 0.58 1.09 -0.54 0.14 058 044 0.76 -0.62 0.10 054 044 0.66
Peakhours  -0.37 0.14 0.69 053 091 -0.27 011 076 061 094 -0.24 0.09 079 0.67 093
Day of the week
Weekday*
Weekend  -0.54 0.14 058 044 076 -0.13 010 088 072 107 -0.11  0.08 09 076 1.05
Intercept -1.62 043 020 0.09 043 -1.95 042 014 006 031 0.39  0.25 148 090 246

Note: *Denotes a base category; SD =Standard Deviation; RRR= Relative Risk Ratio; Bolded numbers means
significant at 95% BCI; the BCI intervals (2.5%-97.5% are for the RRR's).

The association of the number of passengers and crashes due to distraction from either cellphone
or fallen objects showed no statistical significance difference at 95% BCI. For the fallen objects,
the possible reason might be that passengers can reach for the fallen object; thus, let the driver
continue focusing on the road. Studies by [44], [45] also concluded that more passengers are
associated with a higher likelihood of a driver being distracted due to a higher degree of occupants
interaction.

6.3. Roadway characteristics and temporal factors

Speed limit, day of the week, and peak hours are the variables that are presented in this section.

The association between the speed limit and different sources of distractions shows mixed
results. However, in general, as the posted speed limit increases, drivers are less likely to be
distracted by either passengers or fallen objects. The RRR for these two distraction sources is less
than 1 for all posted speed limits intervals. Similarly, at lower posted speed limits, drivers are less
likely to be involved in crashes whose distraction source is the cellphone. In contrast, the results in
Table 2 show that at higher speed, drivers are more likely to be involved in crashes whose
distraction source is the cellphone. In fact, at 65mph or higher speed limit, drivers are about 46 %
(RRR = 1.46) more likely to be involved in distraction-related crashes whose source is cellphone
use than non-cellphone electronic devices. However, that variable category is not statistically
significant at 95% BCI. The observations suggest that, at higher speeds, the distracted driving-
related crashes are likely to be due to the use of non-cellphone electronic devices. Several studies
[46], [47] also report the high crash frequency with the increase in the speed limit, although they
do not explicitly describe the nature of distraction leading to these crashes.

The nighttime, peak hours, and weekends show less likelihood association with either cellphone
use, passengers, or fallen objects in the vehicles. The RRRs for all these variables are less than one.
However, no statistically significant difference at a 95% BCI between nighttime and non-peak hour
with regard to cellphone use while driving. Similarly, a study by Zhang et al. [48] suggests that
crashes showed little difference between peak hours, light and dark time periods, implying that
factors other than the discussed distraction variables play the dominant role in these crashes.
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7. Conclusion and future studies

It is well understood that more than 90 percent of all crashes are associated with human errors.
Among many other human-related errors, distracted driving's contribution to crash occurrence,
particularly related to cellphone use, has been extensively studied in the literature. However, the
underlying factors associated with in-vehicle distractions other than cellphone use have not been
fully explored. Thus, this paper contributes to the body of knowledge by evaluating distracted
driving's contributory factors. The evaluated factors included driver and vehicle characteristics,
roadway characteristics, and temporal factors. These contributory factors were assessed using the
Bayesian Multinomial logit (BMNL) model. This study used 5,078 observations, whose crashes
were linked with distracted driving in Iowa. Four in-vehicle distraction sources—cellphone use,
non-cellphone electronic devices, and passengers, and fallen objects—were investigated to
determine the contributory factors that increase their odds of occurrence.

The descriptive analysis shows that about 45% of crashes were due to distractions from non-
cellphone electronic devices, 29% from reaching the fallen objects within a vehicle, 17% from non-
driver passengers, and 8.7% due to cellphone use. The BMNL model was performed to associate
the sources of distracted driving-related crashes and other predictor variables. All the distraction
sources were compared to the distraction from non-cellphone electronic device use. The BMNL
model results suggest that older drivers are more likely to be involved in crashes that are associated
with the distraction from cellphones. Conversely, the older the driver, the less likely it is to be
distracted by the passengers and reach for the fallen object. Drivers under the influence of alcohol
were more likely to be involved in crashes that are due to cellphone use. Moreover, compared to
going straight, either braking or turning drivers were more likely to be involved in cellphone-related
crashes. Drivers with newer vehicles were less likely to be involved in crashes involved fallen
objects as distraction sources. As was expected, the more people in the vehicle, the higher the
likelihood of driving distracted-related crashes due to the passenger distraction. Higher speed limits
were associated with crashes due to either cellphone, passengers, or fallen objects. Similarly, day
peak-hour periods, nighttime, and weekends were associated with the decrease of the crashes related
to either cellphone, passengers, or fallen objects.

These findings suggest that cellphone use accounts for a relatively small percentage of distracted
driving-related crashes compared to other sources such as passengers, non-cellphone electronic
device use, and fallen objects. Moreover, the model results suggest the distraction sources share a
large percent of the predictors. These findings imply that the success of combatting one distraction
source would significantly reduce other distraction sources. However, other predictors decrease the
likelihood of the crash due to one distraction source but increase the chance of crash occurrence
due to other distraction sources. Therefore, in combating distracted driving across all drivers,
engineers and planners should be careful in selecting strategies that minimize distractions from all
in-vehicle sources.

One of the limitations of this study is the use of self-reported data collected from drivers after
the crash had occurred. The accuracy of this information is dependent on the honesty of the drivers.
As such, it is important for the reader to keep in mind that the results may be biased if the drivers
were not truthful in their reporting. This is a common limitation of self-reported data, and it is a
limitation that should be considered when interpreting the results of this study. This can also lead
to underreporting of certain distractions, such as cell phone usage, as drivers may be unwilling to
admit to engaging in such activities while driving. Therefore, it is important to consider this
potential source of bias and its impact on the results when interpreting the findings of this research.
Additionally, the study was conducted in a specific location (Iowa) and the results may not be
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generalizable to other regions with different driving cultures and road conditions. Furthermore, the
study only considered four in-vehicle distraction sources and did not include other factors that may
have contributed to the crashes. Therefore, it is important to consider these limitations when
interpreting the results and applying them to other contexts.

While the findings and conclusions of this study are valuable, there is potential for further
research to expand upon these findings. Other factors not considered in this study, such as other
roadway geometric conditions, dynamic signs on the road, work zones, and other road incidents,
could also play a role in in-vehicle distraction and should be explored in future research.
Furthermore, investigating the impact of different interventions aimed at reducing in-vehicle
distraction would be valuable in developing effective policies to reduce distracted driving-related
crashes. By considering a wider range of contributing factors and interventions, future research can
further enhance our understanding of in-vehicle distraction and contribute to making our roads safer
for all.
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Abstract

Traffic safety has been of great concern in recent years. The prediction of the severity of traffic accidents is an
important part of it. The occurrence of traffic accidents shows the characteristics of uncertainty and non-
linearity because of the influence of random factors. However, most of the existing models are single machine
learning (ML) models, which have limitations in accuracy and generalization. This study proposes a traffic
accident severity prediction model based on a combination of XGBoost (eXtreme Gradient Boosting) and
Backpropagation Neural Network (BPNN). Firstly, feature selection is performed using the XGBOOST model.
Secondly, the selected feature is used as the input layer of BPNN. In addition, traffic accidents have class
imbalance, so the total cost is minimized by using cost-sensitive algorithm. Finally, the precision, recall and
area under the curve (AUC) are used to evaluate the prediction results of the model. The 2005-2014 UK traffic
accident dataset is used for prediction and compared with other machine learning models. Experiments show
that (1) the XGBoost-BPNN model outperformed the single XGBoost, logistic regression (LR), and Support
vector machine (SVM) models in terms of AUC, recall, and precision. (2) The number of neurons, the number
of hidden layers and the learning rate of a neural network model have a large impact on the prediction accuracy.
Increasing the number of neurons appropriately can improve the convergence speed and prediction effect of
the model. This study can provide a reference for traffic accident prevention and early warning.

Keywords — neural network, traffic accident risk predicting, imbalanced dataset

1. Introduction

Road traffic injuries are the eighth leading cause of death worldwide. According to the World
Health Organization (WHO), road traffic injuries will be the fifth leading cause of death by 2030
[1]. In the UK, 160597 people suffered varying levels of injury in road traffic accidents reported to
the police in 2018. Economic losses from traffic accidents account for approximately 3% of annual
GDP [2]. Due to the frequency of traffic accidents worldwide, it is possible to analyze the causes
based on the predicted results of the severity of the accidents. We can prevent huge losses by
summarising the occurrence, development, characteristics and distribution of serious road traffic
accidents [3].

Usually, most domestic and international scholars apply statistical models and machine learning
models to predict traffic accidents [4-5]. Researchers usually use statistical models to predict the
number of collisions with different accident severity. These primarily include ordered probit (OP)
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models [6], ordered logit models [7], polynomial logit models [8], and logistic regression models
[9]. However, statistical models often require some assumptions about the underlying probability
distribution of the data and the predetermined relationships between the dependent and independent
variables. Violation of these assumptions may produce incorrect estimates and inferences. Recent
research has found that machine learning (ML) methods can provide accurate predictive models
because they can handle more complex functions. A variety of ML methods have been applied in
the study of accident severity, including classification and regression trees (CART) models [10],
support vector machine (SVM) models [11-13], and ensemble learning [14-15].

Among them, artificial neural network (ANN) modeling has better results for such problems.
ANN does not require any predetermined underlying relationship between the dependent and
independent variables, which provides better flexibility and accuracy in dealing with prediction
problems [16]. Shohel Amin applied back propagation-artificial neural network (BP-ANN) to
model the factors affecting traffic accidents of both older female and male drivers. It was found that
the BP-ANN approach was effective in reducing prediction errors [17]. However, due to the
structural complexity of the neural network model, the training may fall into local minima. To
overcome the redundancy of the model, feature filtering is particularly important [18]. Dong studied
the Pearson correlation coefficients of accident influencing factors and developed a BP neural
network prediction model for road traffic accidents. Twelve features were selected for the final
model, which gave very satisfactory prediction results with an average error of less than 10% [19].
Yang used a grey correlation model to select the eight factors most associated with accidents at
intersections. BP neural network was used to predict the number of traffic accidents at urban road
intersections based on the eight factors [20]. The above methods work well for understanding the
data, but are not necessarily effective for feature optimisation. Tree-based ensemble learning
algorithms can quickly filter features based on the Gini coefficient. One of these is the extreme
gradient boosting (XGBoost) model. It can identify key features by making a link between
behavioural features and the corresponding risk level. This can effectively simplify the complexity
of BP neural network models and improve their generalisation ability [21].

However, none of the above scholars have considered the unbalanced nature of the traffic
accident data set. In practical applications, this unbalanced nature means that dichotomous or
multiclassification training is likely to cause serious bias. Delen analysed US traffic accident data
from 1995 to 2000. The study was carried out by transforming a five classification problem into a
two classification problem. This approach improved the unbalanced nature of the data [22]. Chen
et al. analysed and predicted highway crash severity data for Taiwan, China, from 2015 to 2019.
The article regroups the accident data for classification. However, such a classification is too
subjective [23]. Xie used oversampling, undersampling and Synthetic Minority Oversampling
Technique (SMOTE) methods in his study to improve the imbalance of the data. The results show
that random oversampling can greatly improve the accuracy of unbalanced data. However, the
source of the data and the characteristics considered are not stated in the article [24]. Therefore, this
paper deals with the highly unbalanced classification problem using cost-sensitive learning, which
assigns different penalties for different classification errors. No data were duplicated or lost in the
process of adjusting the weights [25].

This paper proposes a method combining feature selection and BP neural network to predict
accident severity. The XGBoost model is used to analyze the feature importance and replace more
raw data with fewer features. Then the selected features are used as the input layer parameters of
the BP neural network structure, which improves the iterative speed and computing efficiency of
the model. The combined models can complement each other for accurate prediction purposes. The
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