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Driving safety is typically affected by concurrent non-driving tasks. These activities might negatively impact the
trips’ outcome and cause near-crash or crash incidents and accidents. The crashes impose a tremendous social
and economic cost to society and might affect the involving individuals’ quality of life. As it stands, road injuries
are ranked among top-ten leading causes of death by the World Health Organization. Distracted driving is
defined as an attention diversion of the driver toward a competing activity. It was shown in numerous studies
that distracted driving increase the probability of near-crash or crash events. By leveraging the statistical power
of the large SHRP2 naturalistic data, we are able to quantify the preponderance of specific distractions during
daily trips and confirm the causality factor of an ubiquitous non-driving task in the crash event. We show that,
except for phone usage which happens more frequently in near-crash and crash categories than in baseline trips,
both distracted driving and secondary tasks occur almost uniformly in different types of trips. In this study, we
investigate the impact of the co-occurrence of distracted driving with other driving behaviors and secondary
tasks. It is found that the co-occurrence of distracted driving with other driving behaviors or secondary tasks
increase the chance of near-crash and crash events. This study’s findings can inform the design and development

of more precise and reliable driving assistance and warning systems.

1. Introduction

According to NHTSA, 25 percent of the police-reported crashes are
due to driver inattention defined as “insufficient or no attention to ac-
tivities critical for safe driving” (Regan et al., 2011). The most sub-
stantial form of driver inattention is distracted driving. Distracted
driving is defined as events or activities within or outside the vehicle
(Young et al., 2007) that negatively affect a driver’s ability to process
information that is necessary to operate a vehicle safely (Regan and
Hallett, 2011; Regan et al., 2008, 2011). This includes talking on cell
phones, texting, eating, drinking, and other non-driving activities, called
secondary tasks (Regan and Hallett, 2011). Distracted driving accounts
for approximately 16 percent of economic loss and 15 percent of societal
harm. In addition, 10 percent of fatal and 18 percent of injury crashes
have been reported as “distraction-affected crashes” (Blincoe et al.,
2015). These numbers represent driving trips that ended in non-fatal
injuries or deaths. However, it is shown that as much as 16.1% of
driving time gets affected by inattention (Stutts et al., 2003). Moreover,
distracted driving has adverse impacts on traffic operation due to greater
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fluctuation in speed and significant lane deviation (Stavrinos et al.,
2013). Therefore, numerous research studies have focused on the defi-
nition, theoretical foundation, formulation, prediction, and prevention
of distraction and distracted driving to inform the development of the
technological, behavioral, and infrastructure mitigating measures to
enhance driving safety.

Classically, studies that focus on distracted driving use different
combinations of data collection and analytical approaches. For example,
the data used for examining distracted driving may be collected from
human-in-the-loop simulation studies for retrospective (Jin et al., 2012;
Ameyoe et al., 2015; Stavrinos et al., 2013) and real-time analysis or
prediction (Wang et al., 2015; Liang et al., 2007). Another common
approach is collecting naturalistic driving data using an instrumented
vehicle for retrospective (Dukic et al., 2013; Jenkins et al., 2017; Aksan
et al.,, 2013; Li et al., 2018) or real-time analysis and prediction (Liu
et al., 2016; Deshmukh and Dehzangi, 2017; Kircher and Ahlstrom,
2010; Botta et al., 2019). Another approach is adopting qualitative
techniques for data collection, such as interviews (Bakiri et al., 2013).
Different methods are also used for analysis, modeling, and prediction of

Received 11 September 2020; Received in revised form 15 December 2020; Accepted 25 January 2021

0001-4575/© 2021 Elsevier Ltd. All rights reserved.


mailto:aj629@drexel.edu
www.sciencedirect.com/science/journal/00014575
https://www.elsevier.com/locate/aap
https://doi.org/10.1016/j.aap.2021.106010
https://doi.org/10.1016/j.aap.2021.106010
https://doi.org/10.1016/j.aap.2021.106010
http://crossmark.crossref.org/dialog/?doi=10.1016/j.aap.2021.106010&domain=pdf

A. Jazayeri et al.

distraction, such as driver modeling including perceptual and motor
components (Hermannstadter and Yang, 2013; Ameyoe et al., 2015; Li
et al., 2018), statistical analysis (Bakiri et al., 2013; Dukic et al., 2013),
and machine learning algorithms such as classification and regression
(Jin et al., 2012; Liu et al., 2016; Jenkins et al., 2017; Deshmukh and
Dehzangi, 2017; Wang et al., 2015; Kircher and Ahlstrom, 2010; Liang
et al., 2007; Botta et al., 2019).

An avenue of research on distracted driving now highlights the ef-
fects of secondary tasks. According to the Second Strategic Highway
Research Program (SHRP 2) Researcher Dictionary for Video Data
Reduction (VTTI, 2015), the secondary task is defined as any distraction
that includes non-driving related glances away from the direction of
vehicle movements such as radio adjustments, seatbelt adjustments,
window adjustments, visor adjustment, and other non-critical tasks. It
does not include tasks that are critical to the driving, such as speed-
ometer checks, blind spot checks, activating wipers/headlights, and
other critical tasks.

As a specific data collection approach gets adopted, different sets of
variables get generated. These variables can be grouped into three cat-
egories. The first category includes variables related to the driver (such
as age and prior experience, and visual, motor, and cognitive capabil-
ities) or variables measured to collect the level of distraction or inat-
tention of driver (such as physiological changes in the driver state, eye
movement patterns, and brain activity measures). The second category
includes variables collected from the instrumented vehicle or simulator
dynamics (such as lateral and longitudinal speed and acceleration,
lateral deviation, and steering angle over the course of driving). Then
the third category is composed of variables associated with the envi-
ronment. The latter category characterizes the sources of internal or
external distractions such as cell-phone and billboards or time and
physical characteristics of the environment, such as traffic signs, the
surrounding vehicle dynamics, or road curvature.

The findings of the above studies can be summarized as follows. In
the studies conducted to measure the impacts of distracted driving, it is
shown that distracted driving significantly and adversely impact the
performance of drivers. Besides, distracted drivers experience changes
in their physiological and brain state, functionality, and performance.
These changes are meaningful enough to be used for prediction purposes
and for the design and development of warning systems.

However, the impact of distraction co-occurring with other driving
behaviors are studied only in a few studies. One study shows the rela-
tionship between driving drowsy and distracted driving (Anderson and
Horne, 2013), while another study investigates the distractive effects of
cell phone use on safe driving (Unknown, 2003). None of the previously
reported studies explicitly considered the data-driven co-occurrence of
driving behaviors and secondary tasks to crash risk. In this study, we
categorize driving epochs based on their outcome: (i) epochs ending in a
crash, (ii) epochs with a near-crash incident (but no crash), and (iii)
baseline epochs without any near-crash or crash incidents. We adopt a
data-driven approach to identify co-occurring behaviors in a repository
of driving behaviors. The data used in this study is collected in a natu-
ralistic driving experiment. The objectives of this study are to identify:
frequent driving behaviors and their co-occurrences, frequent secondary
tasks and their co-occurrences with driving behaviors, and impacts and
frequency of distraction or secondary tasks with and without other
driving behaviors among different outcome categories.

To meet the objectives of this study, we mine frequent driving be-
haviors and secondary tasks in a data set. The association rule mining
technique is utilized to identify frequent driving behaviors. This
approach has been adopted for mining of co-occurring patterns in other
applications in previous studies as well. For example, in Brossette et al.
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(1998), a data set of health surveillance data is mined to reveal unknown
patterns. Or, Abdullah et al. (2008) uses a data set of medical billing data
to identify frequent associations between diagnosis codes and treatment
procedures. A similar approach is adopted in Shan et al. (2008), Kareem
et al. (2017) for the identification of suspicious claims and potentially
fraudulent individuals from billing records. Other applications are pre-
diction and forecasting of cardiovascular diseases and heart attacks
(Ordonez, 2006; Jabbar et al., 2011; Khare and Gupta, 2016),
location-wise and time-wise mining of frequent diseases (Ilayaraja and
Meyyappan, 2013), identification of associations among environmental
exposure to different chemical compounds and adverse health outcomes
(Bell and Edwards, 2014), and identification of patterns which can
inform the diagnosis of asthma in pediatric using a sequential version of
this method (Campbell et al., 2020). For a survey on the applications of
association rule mining techniques in healthcare applications, please
refer to Altaf et al. (2017).

Using the association rule mining technique, this study aims to
identify frequent co-occurring behaviors. In other words, we would like
to investigate and identify the non-driving behaviors, more specifically,
distraction, and related secondary tasks, that are commonly observed in
different types of epochs. At the same time, their co-occurrences are
more frequent in near-crash or crash epochs. Overlooking potential
differences in impacts of behaviors when they occur individually or co-
occur with other behaviors might result in higher false positive and false
negative rates. Therefore, identifying such sets of behaviors can inform
more accurate predictions of epochs’ outcomes and, consequently, the
design and development of more reliable warning systems.

2. Material and methods
2.1. The SHRP 2 dataset

This study uses a naturalistic driving data set collected under the
Second Strategic Highway Research Program (SHRP 2) conducted by the
Virginia Transportation Technology Institute (VTTI) (Hankey et al.,
2016; Transportation Research Board of the National Academy of Sci-
ences, 2013). The program involves multiple partner organizations such
as the Federal Highway Administration (FHWA), the American Associ-
ation of State Highway and Transportation Officials (AASHTO), and
Transportation Research Board (TRB) that interact with states and other
organizations. The data set includes the driving data of more than 3,000
volunteer drivers, which amounts to some 5.5 million trips for a period
of 4-24 months. The data is recorded by vehicles equipped with a
comprehensive data acquisition system (DAS) from six site locations in
the United States, namely New York, Florida, Washington, Indiana,
Pennsylvania, and North Carolina. The DAS collects data in the form of
recorded videos from driver and roadway, including the driver’s face
and hands, and forward and rear roadway. Other static information (e.
g., road infrastructure) and dynamic information (e.g., sensor and GPS
data) are also collected. The sequences of drivers’ actions and manners
are manually annotated in the epochs from seconds prior to the crash
and near-crash events until the conflicting condition ends. Crash events
are defined as any contact between the subject vehicle with either a
moving or fixed object. Near-crash events are considered as circum-
stances which make drivers have a rapid evasive maneuver. The baseline
events or epochs are randomly sampled from normal driving periods in a
way that both i) prevalence analysis of factors under typical driving and
ii) relative risk analysis among crash, near-crash, and baseline events
would be possible (Hankey et al., 2016). From the recorded videos, the
driver behaviors are manually annotated throughout driving epochs. In
the collected data, up to three behaviors of drivers and three secondary
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Table 1
The frequency of different epoch outcomes
included in the study.

Epoch type Frequency
Baseline 19,998
Near-Crash 6,914
Crash 1,843
total 28,775

a) Epoch id|Epoch annotations

1. DB1, DB2 .
2. |pB1,DB2,DBS | » 1,843 baseline epochs (sample)
3. |DB1 DB2

} 1,843 near-crash epochs (sample)

5528. | DB1, DB2, DB3
5529. | DB1, DB2

} 1,843 crash epochs (complete)

\/ Frequent Behavior

Mining
b) Frequent Set| Supporing ids C) Frequent Set| Baseline Near-Crash  Crash
FS, id_set, FS; freq? freq}® freqy
FS, id_set, FS, freq? freqy’ freqs
FS, id_set; IS, freq? freqy’ freqs
FS, | id_set, ; FS, freq® , freqy’, freqy, ,
FS, id_set, FS, freq® freqy’ freq;,

Fig. 1. The frequent behavior mining process. (a) data set creation for one
iteration of implementation. Each row might include up to three driving be-
haviors (DB) and up to three secondary tasks. (b) frequent behavior mining
implementation. The frequent sets of behaviors (FS) and the list of epochs that
support each FS (id_set) are identified in this step. (c) frequency computation of
FS based on the number of epochs supporting each FS (b: baseline, nc: near-
crash, c: crash).

Table 2
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tasks are annotated. The manual annotation of driving behaviors and
secondary tasks and events is performed by trained annotators in the
SHRP 2 project. The annotators are employed based on their background
and after reference checks, conducting interviews, proficiency tests, and
other considerations. Besides, the annotation is undertaken under a
standard quality assurance and quality control workflow. The reliability
of annotations is further evaluated by intra-rater and expert-rater tests.
For further details about the annotation process, refer to Hankey et al.
(2016).

2.2. Data pre-processing

The data set used in this study is a subset of the SHRP2 dataset
related to 3,542 drivers. The epochs are annotated with up to three
behaviors. The total number of unique behavior annotations in the
SHRP2 dataset used in this study is 57 driving behaviors. For the sake of
generalizability, we grouped similar driving behaviors into one category
in this study. For example, there are six driving behaviors that are
related to improper turn. These six behaviors are only different in the
direction of turn or other aspects. Therefore, we represent all these six
behaviors with one behavior category, improper turn. Therefore, we
categorized the 57 behaviors into 13 behavior categories. We follow the
same approach for secondary tasks. There are 63 secondary tasks in the
SHRP 2 data set. We grouped similar tasks and categorized them into
seven secondary task categories. The complete lists of the post hoc
mapping for both driving behaviors and secondary tasks are provided in
the Appendix.

In this data set, the epoch outcomes are summarized through mul-
tiple variables. One such variables is the epoch category or type which
can take three values: baseline, near-crash, and crash. In the baseline
epochs, the driver has experienced neither crash nor any near-crash
events. A ranking of crash severity is provided for the epochs that
ended in a crash. The crash severity variable is based on the vehicle
dynamics, the presumed level of damage, and the level of potential risks
for others in the road. This ranking categorized the crashes into “I - Most
Severe”, “II - Police-reportable Crash”, “III - Minor Crash”, and “IV - Low-
risk Tire Strike”. In this study, we focused on the baseline, near-crash,
and crash categorization of epochs and represented different severity

A sample from three epoch outcomes with their associated categories of driving behaviors and secondary tasks. The event narratives related to a near-crash epoch and a

crash epoch are provided in the footnote.

Epoch Behavior 1 Behavior 2 Behavior 3 Secondary Secondary Secondary
outcome behavior 1 behavior 2 behavior 3
Baseline distracted - - food/beverage - -
Baseline distracted - - interaction external -
Baseline vehicle signal error - - - - -
Near-crash improper passing/neighbor - - - - -
lane conflict
Near-crash’ distracted drowsiness vehicle signal internal - -
error
Near-crash distracted - - interaction - -
Crash driving fast inexperience/ unfamiliarity with distracted phone - -
environment
Crash” distracted right of way error signal/sign grooming - -
violation
Crash distracted - - internal - -

! Event narrative: “Subject vehicle (SV) is accelerating after making a right turn without signaling into an aisle of a school parking lot at more than 75% occupancy
during daylight hours. SV’s driver is drowsy and becomes distracted by adjusting the climate controls when a golf cart (V2) makes a left turn into the aisle from the
intersecting parking lot roadway ahead. When SV looks up, she sees that V2 is cutting the corner on his turn and heading straight toward her. She brakes hard and steers
to the left to avoid a head-on collision. The work vehicle brakes and steers to the right to evade SV and proceeds past SV. SV continues down the aisle.”

2 Event narrative: “Subject vehicle is traveling through a commercial/residential area on an undivided two-way road. There is no lead traffic. Subject driver is
flossing throughout part of the event, which distracts him from the driving task. Subject vehicle is traveling below fifteen miles per hour. Subject begins to decelerate at
an intersection with a stop sign, while continuing to floss. He stops flossing and glances in both directions, evidently intending to execute a rolling stop. While
proceeding through the intersection, the subject is struck by a vehicle (V2) from the perpendicular direction of travel to the left. The camera angles make it impossible

to see whether V2 attempted an evasive maneuver.”
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of crashes by one crash category. Table 1 shows the total number of
epochs and the frequency of each outcome category in this study.

2.3. Frequent behavior mining

In this paper, we used the Apriori algorithm (Agrawal and Srikant,
1994) implemented by the arules library (Hahsler et al., 2005) in the R
software. Table 1 shows that the number of records related to each
outcome category is different. Therefore, the baseline and near-crash
epochs are sampled to create a balanced data set. Considering that the
lowest number of epoch categories belongs to the epochs associated with
crash outcome, the number of samples drawn from each of the baseline
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we replace the distracted driving behavior with the secondary tasks
recorded for the corresponding epoch. Considering that we are replacing
distracted driving behavior with the secondary tasks, each epoch might
have up to two driving behaviors and up to three secondary tasks. We
present in the next section the results for both analyses: (i) mining
frequent individual and co-occurring driving behaviors, and (ii) mining
frequent individual and co-occurring secondary tasks and driving
behaviors.

3. Results

The association rule mining technique adopted to mine frequent

input :
- data set := driving data composed of driving behaviors for the three epoch outcome
categories
- intra-supp := user-defined support threshold for considering a set of behaviors frequent in

each iteration

- inter-supp := user-defined support threshold for considering a set of behaviors frequent in

all the iteration
- sample_size := # of crash epochs

ITER = | #of baseline epochs

# of crash epochs

# of near—crash epochs
# of crash epochs

output: complete list of frequent sets (FSs) of behaviors for epoch outcome categories, and the

mean and SD of their frequencies
begin
agg_table = [|;
for iter = 1 to ITER do

end

end

and near-crash epochs is 1,843 (Fig. 1-(a)). In other words, we randomly
down-sample the baseline and near-crash epochs and set the number of
samples to 1,843 (the number of crash epochs). Because down-sampling
might cause losing some of the data records, to minimize any biases due
to sampling, we implement the frequent behavior mining for [

# of baseline epochs
# of crash epochs

sample from different epoch outcomes. In this table, the SHRP 2 data set
annotations are replaced with the corresponding categories of behaviors
and secondary tasks (refer to Appendix).

# of near—crash epochs
# of crash epochs

1 =41 times. Table 2 shows a small

Also, one needs to note that each epoch might have up to three
different annotated behaviors contributing to the epoch outcome. As a
final tally, we have 13 types of categorization of 57 behaviors. Each
iteration of frequent behavior mining might produce a different list of
frequent behaviors with varying values of frequency. Also, this approach
mines the frequent behaviors independently from epoch outcomes
(Fig. 1-(b)). Therefore, after each iteration, the frequent behaviors at the
epoch outcome level are extracted and recorded in a table (Fig. 1-(c)).
And at the end of the implementation of frequent behavior mining, the
recorded tables are aggregated, and the mean and standard deviation
(SD) of frequencies are calculated for each outcome category. A set of
behaviors is considered frequent at each iteration if it is occurring in a
more than a user-specified percentage of epochs (intra-supp threshold).
Besides, the same set of behaviors is ultimately reported in the aggre-
gated table if it is found to be frequent in at least 5% of iterations (inter-
supp threshold). Fig. 1 visualizes the process while Algorithm 1 shows
the pseudo-code of the implementation of frequent behavior mining in
this study.

For the secondary tasks, we follow the same approach for mining
frequent co-occurring secondary tasks and driving behaviors. However,

baseline_sample = sample(baseline data set, sample_size);

near_crash_sample = sample(near_crash data set, sample_size);

crash_sample = sample(crash data set, sample_size);

data_set = row_bind(baseline_sample, near_crash_sample, and crash_sample);
frequent_FSs = Apriori(data_set, intra-supp);

epoch_outcome_FSs = summarizing the frequency of each FS for each epoch outcome;
append the epoch_outcome_FSs to agg_table;

use agg-table to create the unique list of F'Ss, and compute the mean and SD of their frequencies;
//FSs are included which appeared in more than inter-supp of iterations

driving behaviors and secondary tasks requires a user-specified
threshold (intra-supp threshold). This threshold is used to identify
frequent driving behaviors and secondary tasks. In this study, we use the
support threshold of 0.5% to consider a set of behaviors or secondary
tasks frequent. It means that a set of behaviors or tasks is deemed
frequent if this set is observed in at least 0.5% of the epochs. Because we
consider 5,529 (1,843 x 3) epochs in each implementation of the
frequent behavior mining, this threshold translates to about 28 epochs.

Table 3
The average (SD) of frequency of different individual behaviors in 1843 epochs
of each outcome category.

Driving behavior Baseline Near-crash Crash
Aggressive driving 2.4 (1.4 112 (8.1) 21 (0)
Distracted 862.8 921.3 721
(19.1) (19.2) 0)
Driving fast 52.6 (6.2) 153.7 (8.8) 181
0)
Drowsiness 28.9 (5.2) 23.7 (4.5) 48 (0)
Improper backing 0(0) 5.6 (2.1) 131
0)
Improper passing/ neighbor lane conflict 4.2 (2.1) 63.7 (6.9) 14 (0)
Improper turn 934 35.2 (4.6) 673
(V]
Inexperience/unfamiliarity with 1.6 (1.1) 19.2 (3.6) 97 (0)
environment
Lane changing error 0.4 (0.6) 65.4 (7.4) 9 (0)
Other 32.4 (5.6) 50.5 (5.3) 88 (0)
Right of way error 0.1 (0.3) 61.5 (7.1) 25 (0)
Signal/sign violation 23 (4.1) 68.8 (7.3) 116
0)
Vehicle signal error 41.5(5.4) 67.5 (7.5) 76 (0)
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Outcome
Basgline Near-ICrash Cre.lsh
Lane changing error q 1 12
Aggressive driving 4 2 16
Improper passing/neighbor lane conflict - 5 17
Distracted o 34 37 29
5 Right of way error - 0 29 percentage
% Vehicle signal error 4 22 36 41
o I 75
g Driving fast - 14 40 47 50
g Drowsiness A 29 24 48 25
o Other | 19 30 52 0
Signal/sign violation 1 & 56
Inexperience/unfamilarity with environment - 1 16
Improper turn 4 1 5
Improper backing 0 4

Fig. 2. The frequent behaviors at the support level of 0.5%. The numeric values represent the row-wise normalized values of the average frequencies for each driving

behavior. The behaviors are sorted based on their crash percentages.

Node color
Frequent Individual : Frequent Co-occurrin,
q Behaviors .Baselme % - Near-Crash % .Crash % Behaviors 2
Improper Backing Distracted, Improper Turn
, 4.1, ) ,2.6,9
Improper Turn, Signal/
Improper Turn Sign Violation
(1.3,4.9,93.8) (1,4.3,94.7)
Improper Turn, Inexperience/
Inexperience/ Unfamilarity with Environment
Unfamilarity with Environment (0.1,6.7,93.3)
(14,163, 82.3) Improper Turn, Veghicle Signal Error
Signal/ (4.6,4.9,90.5)

Sign Violation
(11, 33.1, 55.8)

Other
(18.9,29.6, 51.5)

SN

Drowsiness
(28.7,23.6,47.7)

Driving Fast
(13.6,39.7, 46.7)

Distracted, Inexperience/
Unfamilarity with Environment
(0,11.7, 88.3)

Driving Fast, Improper Turn
(0.1, 14:3, 85.5)

Distracted, Other
(0,22.6,77.4)

Improper Turn, Other
(7,15.8,71.2)

Distracted, Signal/

Vehicle Signal Error Sign Violation
(22.4,36.5,41.1) (0,27.3,72.7)
Distracted, Vehicle Signal E
Right of Way Error stracte e' '1? o 1%113 ror
(0.1,71,28.9)
Distracted, Driving Fast
Distracted (0,342, 65.8)
(34.4,36.8,28.8) Signal/
Sign Violation, Vehicle Signal E
Improper Passing/ L 1;;‘ ’zg; 12;1)1gna ror
Neighbor Lane Conflict o

(5.1,77.8,17.1)

Aggressive Driving
(1.7,82.7,15.5)

Right of Way Error, Signal/
Sign Violation
(0.8,71.2,28)

Lane Changing Error
(0.5,87.4,12)

Aggressive Driving, Driving Fast
(1.2,722,26.6)

Aggressive Driving, Distracted
(0,79.9,20.1)

Fig. 3. The network of co-occurring driving behaviors. Each node has a tuple representing the percentage of baseline, near-crash, and crash epochs, respectively. The
links from the same behavior are shown in the same color. The frequent sets of two co-occurring behaviors are composed of two frequent individual behaviors co-

occurring together.

Therefore, we consider any subset of driving behaviors and secondary
tasks frequent if it appears in at least 28 epochs. At this threshold, none
of the individual driving behaviors and secondary tasks are excluded
(the results are shown in Tables 3 and 4). However, only some of the co-
occurring behaviors are frequent (the results are visualized in Figs. 3 and
4). Adopting lower values for threshold results in a large number of co-
occurring behaviors recorded only in a few epochs. On the other hand,

increasing the threshold results in excluding some of the individual
driving behaviors and secondary tasks and, consequently, their co-
occurrences. After trying multiple thresholds, we learned that the
threshold of 0.5% provides acceptable interpretability of results. In the
following, the results of the implementation of the association rule
mining technique are presented.
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Table 4
The average (SD) of frequency of different secondary tasks in 1843 epochs for
each outcome category.

Secondary task Baseline Near-crash Crash
External 198.8 (12.2) 210.6 (12) 228 (0)
Food and beverage 60.8 (7.6) 44.5 (5.6) 50 (0)
Grooming 86.5 (8.2) 115.7 (8.7) 107 (0)
Interaction 445.1 (17) 374 (14.2) 428 (0)
Internal 103.7 (8.7) 454.5 (16.1) 310 (0)
Phone 153.1 (9.5) 265.1 (10.5) 226 (0)
Unknown 73.4 (8.3) 51.3 (6.6) 77 (0)

3.1. Frequent driving behaviors

At the 0.5% support threshold, the frequent sets are either composed
of one behavior or two behaviors. No set of three behaviors are found to
be frequent. Table 3 lists the frequent sets consisting of one behavior.
This table shows that all the 13 behavior categories considered are
frequent. The numeric values are the average number of frequencies of
each behavior over the 41 iterations of association rule mining imple-
mentation. The numeric values in parentheses are standard deviation
(SD) of these frequencies. Because the same set of crash epochs is used in
different iterations, the frequencies of behaviors in the crash epochs are
identical; therefore, the associated SD would be zero. The absolute fre-
quency values for behaviors are row-wise normalized and shown in
Fig. 2.

Fig. 3 shows individual behaviors that contribute to different
frequent sets of co-occurring behaviors. The individual behaviors are
shown in the left column of nodes. And, the frequent sets composed of
two behaviors are shown in the right column. Each node on the right
column (frequent co-occurring behaviors) is created from the

. Baseline %

Frequent Individual
Behaviors or Secondary Tasks

Improper Backing (0, 4.1, 95.9) ‘

Improper Turn (1.3,4.9, 93.8)

|| Near-Crash %

Accident Analysis and Prevention 153 (2021) 106010

combination of two nodes from the left column (frequent individual
behaviors). The two individual behaviors contributing to a frequent co-
occurring behavior are connected to the corresponding co-occurring
behavior with two edges. For example, the set of {distracted, improper
turn} is frequent. Therefore, the corresponding node on the right column
is connected to the distracted node and improper turn node on the left
column. All the nodes on the right column have two edges as they are
created from two individual behaviors. However, nodes on the left
column might have multiple edges. A node with a higher number of
edges on the left column implies that the corresponding individual
behavior co-occurs more frequently with other behaviors. Besides, each
node represents a pie-chart showing the relative percentage of different
epoch categories corresponding to each node. The nodes are descend-
ingly ordered in two columns based on the crash percentages. For each
node, a tuple of numeric values is provided that represents the relative
percentage of observation of each behavior set in baseline, near-crash,
and crash categories, respectively. For example, the first node of the
right column is associated with a frequent set composed of co-occurring
distracted driving and improper turn. The corresponding tuple shows
this co-occurrence results in near-crashes in 2.6% of times and in crash
97.4% of times.

3.2. Frequent secondary tasks and driving behaviors

We use the the same support threshold of 0.5% for mining data set of
secondary tasks and driving behaviors. The frequent sets identified after
implementing the association rule mining on this data set are composed
of maximum two components: only one driving behavior, only one
secondary task, or combination of each co-occurring together. Table 4
shows the average and SD of the frequency of different secondary tasks
in 1843 epochs for each outcome category. At the support threshold
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Fig. 4. Co-occurrence driving behavior and secondary task network. Each frequent set of behavior or secondary task has a tuple representing the average percentage
of occurrences of the frequent set in the baseline, near-crash, crash categories, and the total data set. The secondary tasks are shown with a red arrow in the left
column of nodes. The links originated from the same behavior or secondary task are shown with the same color (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article). Each frequent set on the right columns of behaviors or secondary tasks is composed of two
frequent behaviors or two secondary tasks or combinations of each co-occurring together. The nodes are shown as pie-charts representing the normalized percentage

of occurrences in different outcome categories.



A. Jazayeri et al.

Distracted driving co-occurring
with other behaviors

Outcome

M Bascline
Near-Crash

M Crash

Percentage

Distraction Impact

Percentage

Accident Analysis and Prevention 153 (2021) 106010

Distracted driving co-occurring

N R .
a@z@@» with other behaviors
100
Outcome
M Bascline
Near-Crash
7777777 I M Crash
Distracted ) @ Qq, \\
&\ ‘s“ ‘s°\(b £ d 0\ Qé
& § @ 6‘; O&w &
& . K RS & \
& S S
= G©@ & 2

Distraction Impact

(a) The percentages of different outcome categories shown for (b) The percentages of different outcome categories in female
and male drivers.

the population of study.

Fig. 5. The percentages of different outcome categories involving distracted driving in general and with other co-occurring driving behaviors.

adopted, all the secondary tasks are frequent. Similar to the previous
implementation of mining tasks for driving behaviors, the frequencies of
secondary tasks in crash epochs are identical. Therefore the SD would be
zero since the same set of crash epochs is used in different iterations.
Fig. 4 depicts a network for the individual driving behaviors and sec-
ondary tasks contributing to the frequent sets of co-occurring behaviors.
As shown in the figure, the left group of nodes represents the individual
driving behaviors or secondary tasks, while the right column shows the
frequent sets composed of two behaviors. Each node on the right column
has two edges originated from the individual behaviors and/or sec-
ondary tasks on the left column. Similar to Fig. 3, each node on the right
column has exactly two edges. However, the number of edges originated
from the left column nodes might differ (none to many). A node with a
large number of edges co-occur more frequently with other driving be-
haviors or secondary tasks. A node with no edges shows that the cor-
responding behavior has not been co-occurred frequently with other
behaviors or secondary tasks in the data set. The nodes are shown as pie-
charts in this figure and represent the relative percentages of different
epoch categories corresponding to each node.

It should be noted that the behaviors considered in this study are not
independent, and the probabilities of observing co-occurrences of
various behaviors with a given behavior might be different. For
example, drivers driving fast might show aggressive driving or improper
passing more frequently than other behaviors such as improper backing.
This study focuses more on the correlations or co-occurrences of be-
haviors instead of performing a cause and effect analysis among
different behaviors. Therefore, we consider all the behaviors at the same
level initially and look at the co-occurrences of other behavior with each
specific behavior by mining frequent behaviors. In the following section,
the results of this study and potential future works are discussed.

4. Discussion

The results of the adopted approach can be summarized as follows.
Table 3 shows that distracted driving is the most frequent behavior. This
behavior is observed in almost half of the epochs of different outcome
categories. The total number of epochs in each category is 1,843. Table 3
shows that distracted driving is happening in about 47%, 50%, and 39%
of baseline, near-crash, and crash epochs, respectively. Fig. 2 visualizes
the normalized values for these percentages.

Although not as frequent as distracted driving, based on the
normalized values among the three types of epochs, the vehicle signal

error is the second behavior uniformly observed among the three types
of epochs (Fig. 2). It means that distracted driving and vehicle signal
error are observed independently from the outcome in all the epoch
categories. On the other hand, in Fig. 3, the impacts of co-occurrences of
these two behaviors are visually presented. Considering these two ob-
servations (their individual versus their simultaneous occurrences),
Fig. 3 shows that the co-occurrences of distracted driving and vehicle
signal error change the outcome of the epochs entirely in comparison
with their individual occurrences.

Fig. 2 shows that some of the behaviors are observed in specific
epoch categories more frequently than others. For example, the behav-
iors related to lane changing error, aggressive driving, improper pass-
ing/neighbor lane conflict, and right of away error are most observed in
epochs with a near-crash incidence. And, inexperience/unfamiliarity
with the environment, improper turn, and improper backing are more
frequently observed in epochs ending in a crash than other epoch
categories.

Fig. 3 shows that distracted driving and improper turn are the be-
haviors most frequently co-occur with other behaviors. The distracted
driving co-occurs with seven other, and improper turn co-occurs with six
other driving behaviors frequently. Although distracted driving is the
most common behavior among different outcome categories, the
improper turn is the second most dangerous individual behavior (after
improper backing). The co-occurrences of these two behaviors with
other behaviors increase the probability of both crash and near-crash
occurrences. Although distracted driving behavior is common in
different epoch categories, its co-occurrence with other behaviors might
change the epoch outcome. Fig. 5(a) shows that the combination of
distracted driving co-occurring with the other frequent seven behaviors
almost always are observed in near-crash or crash epochs. This figure
shows that the co-occurrence of other behaviors with distracted driving
increases the probability of crash occurrence more than two times
(except for aggressive driving). This probability would be more than
three times when distracted driving is observed with inexperienced/
unfamiliar with the environment and improper turn driving behaviors.
The co-occurrence of aggressive driving might slightly decrease crash
probability. However, the combination of distracted and aggressive
driving increases the likelihood of near-crash incidents significantly.
Fig. 5(b) shows the percentages of different outcome categories
involving distracted driving in general and with other co-occurring
driving behaviors for different genders. The frequencies of distracted
driving are almost the same among male and female drivers. However,
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Fig. 6. The changes in percentages of different outcome categories involving secondary tasks (left stacked bar chart in each sub-figure) and with other co-occurring

behaviors (stacked bar charts at the right-side of each sub-figure).

the percentages of crashes associated with distracted driving and its co-
occurrences with other behaviors are higher for males than females. The
higher rates of crashes in male drivers compared to female drivers have
been extensively studied and shown in the literature (Massie et al., 1997;
Regev et al., 2018). The only exception we found is that female drivers
are slightly more involved in crash events caused by the co-occurrences
of distracted driving and vehicle signal error.

The same observation can be made for the improper turn. For the
frequent behaviors co-occurring with the improper turn, the percentages
of near-crash and crash incidents and accidents increase, and the num-
ber of baseline epochs consisting of these two behaviors decreases.
Furthermore, the most common pair of co-occurring behaviors is
composed of distracted driving and improper turn. The drivers of this
data set showed this pair of behaviors in 2.5% of epochs on average. And

remarkably, on average, in the 7.4% of epochs ended in a crash, this co-
occurrence was observed in five seconds before the crash. The pie-chart
of this co-occurrence in Fig. 3 shows this co-occurrence results in crash
97.4% of times (and in near-crashes in 2.6% of times), implying that this
co-occurrence is the most frequent and most dangerous pair of behaviors
simultaneously.

Fig. 3 shows that there is at least one frequent co-occurring behavior
for most of the individual behaviors. However, there are a few frequent
individual behaviors not frequently observed to co-occur with other
behaviors. These behaviors are improper backing, drowsiness, improper
passing/neighbor lane conflict, and lane changing error. Fig. 3 shows
that there are no outgoing links for these behaviors. Improper backing is
the most dangerous individual behavior. On the other hand, drowsiness
is among the behaviors commonly observed in all three types of epochs,
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similar to distracted driving and vehicle signal error. The improper
passing/neighbor lane conflict and lane changing error are behaviors
with relatively high percentages for near-crash incidents. The variability
in the outcome of these behaviors implies that co-occurring patterns
depend on the nature of behaviors. In other words, when drivers engage
in some of these behaviors (e.g., drowsiness and improper backing), it is
not possible for drivers (or at least not frequently observed) to simul-
taneously engage in other driving behaviors (e.g., driving fast).

Among the secondary tasks, the internal cause of distractions and
interactions co-occur more frequently with other behaviors; both co-
occur with six other behaviors and secondary tasks (Fig. 4). At the
next level are phone and external causes of distraction. However, the
occurrences of two food/beverage and unknown type of secondary tasks
with other behaviors are not frequent at the support threshold adopted.
The columns of nodes in this figure are descendingly ordered based on
the crash percentages. It can be seen that secondary tasks are not among
the behaviors with the highest rate of crash (secondary tasks in the left
column are shown with a red arrow). Table 4 shows that although the
frequencies of secondary tasks are different, they almost uniformly occur
in different categories of epochs. The main exception for this case is
phone usage, which happens more frequently in near-crash and crash
categories than in baseline epochs (with about 73% and 42% higher
chance of occurrence in near-crash and crash epochs than in baseline
epochs, respectively). Based on statistical analysis, another study shows
that observable distraction has the highest baseline prevalence but the
lowest overall odds ratio among observable impairment, driver
momentary judgment error, and observable distraction. However,
among the contributing factors to distraction, using handheld electronic
devices is among the riskiest secondary tasks with handheld phone
dialing having the highest odds ratio among all sources of distraction
(Dingus et al., 2016). Another study shows that not the distraction or
secondary tasks, but their duration is among the top ten features
important for predicting safety-critical events, namely near-crash or
crash events (Monselise et al., 2019).

Fig. 6 visualizes the impact of secondary tasks on the epoch outcome
when they co-occur with other behaviors or secondary tasks. This figure
shows that when each of the secondary tasks frequently occurs with
other behaviors or secondary tasks, the chance of more severe outcomes
(either near-crash and crash) for the epochs almost always increases.

The results of this study can inform the design and improvement of
Advanced driver-assistance and warning systems and countermeasures
such as Autonomous Emergency Braking (AEB), Smart Cruise Control,
and Lane Departure Warning based on the co-occurring behaviors of
drivers. These advanced driver-assistance systems (ADAS) provide the
safety margins needed to help avoid or reduce crash risks when the
system, for example, detects that driver gets distracted or involved in
risky co-occurring behaviors.

5. Conclusion and future works

In this work, we studied the frequent individual and co-occurring
behaviors and secondary tasks using a data set created based on a
naturalistic driving experiment. The findings show that all the 13
behavior and seven secondary task categories are individually frequent.
However, only some of their combinations might be frequent. Among all
the 13 driving behaviors, distracted driving is the most frequent
behavior. Also, it co-occurs with other behaviors more often than other
behaviors. Distracted driving is observed almost uniformly among the
baseline, near-crash, and crash epochs.

There are different definitions for distraction and distracted driving
in the literature. In this study, we referred to the definition provided in
Regan et al. (2011). This definition considers distraction as the attention
diversion of the driver toward a competing activity. The attention
diversion might originate from different events and sources internal or
external to the vehicle. Besides, different types of distraction can arise
due to various behavioral and cognitive inattention mechanisms (for
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example, refer to taxonomies provided in Regan et al. (2011), Regan and
Hallett (2011)). To analyze distraction at a more granular level, we
studied secondary tasks resulting in distraction. The secondary tasks
considered are interactive activities (e.g., interacting with other pas-
sengers or pet-related activities), internal distraction (e.g., adjust-
ing/monitoring devices integral to a vehicle, reaching for an object,
reading), external distraction (e.g., looking at previous crashes, animals,
construction sites), phone-related activities (e.g., talking, texting, and
browsing), eating and drinking, and grooming (e.g., shaving and
applying make-up). The distraction occurring due to some of these
secondary tasks, such as cell-phone use (Unknown, 2003; Lesch and
Hancock, 2004; Oscar Oviedo-Trespalacios et al., 2016) and advertising
billboards (Crundall et al., 2006; Dukic et al., 2013), have been studied
previously. However, we adopted a data-driven approach in this study.
Therefore, instead of focusing on specific driving behaviors or secondary
tasks, we used association rule mining to identify the frequent individual
and co-occurring behaviors and secondary tasks and their impacts on
drivers’ performance.

Nonetheless, there are some limitations associated with this study.
First, the annotations represent the behaviors considered as most critical
directly contributing to the epoch outcome. However, the temporal se-
quences of occurrences of behaviors are not included in the analysis.
Although the most critical behaviors are recorded, consideration of their
sequential occurrences might be beneficial as well. Besides, this study is
limited to the behaviors of drivers. Other relevant data, such as data
collected from sensors, surrounding environment, and demographic,
physiological, and psychological characteristics of drivers are not
considered. An avenue of future research is using individual and co-
occurring driving behaviors for prediction of epochs’ outcome taking
into account the demographic data and physiological and psychological
states of drivers. This idea is based on this fact that some of the behaviors
are frequent in a specific category of epochs. For example, behaviors
related to lane-changing errors are frequent in epochs involving a near-
crash incident, or improper backing or turn are frequent in epochs
ending in a crash. Therefore, these activities should be good predictors
of the corresponding trip categories. The next step, therefore, would be
to test and confirm these hypotheses.
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Appendix A
For the mapping of driving behaviors to the 13 behavior categories

and secondary tasks to the seven secondary task categories, please refer
to Table 5 and 6 , respectively.
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Table 5 Table 5 (continued)
The mapping of the 57 driving behaviors into the 13 behavior categories used in P Driver behavior Behavior category
the study.
" - Stop sign violation, intentionally ran stop sign
# Driver behavior Behavior category at speed
1 Aggressive driving, other Aggressive driving 55 Failed to signal Vehicle signal error
2 Aggressive driving, specific, directed Aggressive driving 56  Failure to dim headlights Vehicle signal error
menacing actions 57  Improper signal Vehicle signal error
3 Following too closely Aggressive driving
4 Distracted Distracted
5 Exceeded safe speed but not speed limit Driving fast
6 Exceeded speed limit Driving fast
7 Speeding or other unsafe actions in work zone  Driving fast Table 6
8 Drowsy, sleepy, asleep, fatigued Drowsiness The mapping of the 63 secondary tasks into the 7 task categories used in the
9 Improper backing, did not see Improper backing study.
10 Im.pr.ope.r backing, ther ) Improper back.ing . # Secondary task Task category
11  Driving in other vehicle’s blind zone Improper passing/neighbor
lane conflict 1 Distracted by construction External
12 Illegal passing Improper passing/neighbor 2 Looking at animal External
lane conflict 3 Looking at an object external to the vehicle External
13 Other improper or unsafe passing Improper passing/neighbor 4 Looking at pedestrian External
lane conflict 5 Looking at previous crash or incident External
14  Passing on right Improper passing/neighbor 6 Other external distraction External
lane conflict 7 Drinking from open container Food/
15  Improper turn, cut corner on left Improper turn beverage
16  Improper turn, cut corner on right Improper turn 8 Drinking with lid and straw Food/
17 Improper turn, other Improper turn beverage
18  Improper turn, wide left turn Improper turn 9 Drinking with lid, no straw Food/
19  Improper turn, wide right turn Improper turn beverage
20  Making turn from wrong lane Improper turn 10  Drinking with straw, no lid Food/
21 Apparent general inexperience driving Inexperience/unfamiliarity beverage
with environment 11 Eating without utensils Food/
22 Apparent unfamiliarity with roadway Inexperience/unfamiliarity beverage
with environment 12  Eating with utensils Food/
23 Apparent unfamiliarity with vehicle Inexperience/unfamiliarity beverage
with environment 13 Reaching for food-related or drink-related item Food/
24 Cutting in, too close behind other vehicle Lane changing error beverage
25  Cutting in, too close in front of another vehicle ~ Lane changing error 14 Applying make-up Grooming
26  Did not see another vehicle during lane change ~ Lane changing error 15  Biting nails/cuticles Grooming
or merge 16  Brushing/flossing teeth Grooming
27  Avoiding animal Other 17 Combing/brushing/fixing hair Grooming
28  Avoiding other vehicle Other 18  Extinguishing cigar/cigarette Grooming
29  Avoiding pedestrian Other 19 Lighting cigar/cigarette Grooming
30  Driving slowly in relation to other traffic: not Other 20  Other personal hygiene Grooming
below speed limit 21  Reaching for cigar/cigarette Grooming
31  Driving slowly: below speed limit Other 22 Removing/adjusting clothing Grooming
32  Driving without lights or with insufficient Other 23 Removing/adjusting jewelry Grooming
lights 24  Removing/inserting/ adjusting contact lenses or glasses Grooming
33  Improper start from parked position Other 25  Shaving Grooming
34  Non-signed crossing violation Other 26  Smoking cigar/cigarette Grooming
35  Other Other 27  Child in adjacent seat - interaction Interaction
36  Parking in improper or dangerous location Other 28  Child in rear seat - interaction Interaction
37  Sudden or improper braking Other 29  Dancing Interaction
38  Sudden or improper stopping on roadway Other 30  Passenger in adjacent seat - interaction Interaction
39 Unknown Other 31 Passenger in rear seat Interaction
40  Use of cruise control contributed to late Other 32 Petin vehicle Interaction
braking 33 Talking/singing, audience unknown Interaction
41 Wrong side of road, not overtaking Other 34  Adjusting/monitoring climate control Internal
42 Right-of-way error in relation to other vehicle  Right of way error 35  Adjusting/monitoring other devices integral to vehicle Internal
or person, apparent decision failure 36  Adjusting/monitoring radio Internal
43 Right-of-way error in relation to other vehicle  Right of way error 37  Insect in vehicle Internal
or person, apparent recognition failure 38  Inserting/retrieving CD (or similar) Internal
44  Right-of-way error in relation to other vehicle  Right of way error 39  Moving object in vehicle Internal
or person, other or unknown cause 40 Object dropped by driver Internal
45  Disregarded officer or watchman Signal/sign violation 41  Object in vehicle, other Internal
46  Other sign (e.g., Yield) violation, apparently Signal/sign violation 42 Reaching for object, other Internal
did not see sign 43 Reaching for personal body-related item Internal
47  Othersign (e.g., Yield) violation, intentionally ~ Signal/sign violation 44  Reading Internal
disregarded 45  Writing Internal
48  Other sign violation Signal/sign violation 46  Cell phone, Browsing Phone
49 Signal violation, apparently did not see signal Signal/sign violation 47 Cell phone, Dialing hand-held Phone
50  Signal violation, intentionally disregarded Signal/sign violation 48  Cell phone, Dialing hand-held using quick keys Phone
signal 49  Cell phone, Dialing hands-free using voice-activated Phone
51  Signal violation, tried to beat signal change Signal/sign violation software
52  Stop sign violation, “rolling stop” Signal/sign violation 50  Cell phone, holding Phone
53  Stop sign violation, apparently did not see stop ~ Signal/sign violation 51  Cell phone, Holding Phone
sign 52 Cell phone, Locating/reaching/answering Phone
54 Signal/sign violation 53  Cell phone, other Phone

(continued on next page)
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Table 6 (continued)

# Secondary task Task category
54  Cell phone, Talking/listening, hand-held Phone

55  Cell phone, Texting Phone

56  Tablet device, Locating/reaching Phone

57  Tablet device, Operating Phone

58  Tablet device, Other Phone

59  Tablet device, Viewing Phone

60  Other known secondary task Unknown
61  Other non-specific internal eye glance Unknown
62  Unknown type (secondary task present) Unknown
63  Unknown Unknown
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