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Abstract
In simulating drivers’ engagement in secondary tasks in a driving simulator, the objective of this study was to investigate driv-
ers’ gaze duration when performing the tasks, reflecting the time away from the driving scene (commonly referred to as total
eyes off road time [TEORT]). Eighty-five participants engaged in the secondary tasks on a driving simulator at University of
Kansas, KS. TEORT values were extracted using an eye-tracker for secondary tasks, which were then modeled using a dura-
tion modeling approach. Specifically, a correlated grouped random parameters accelerated failure time Weibull duration
model with heterogeneity in the mean was developed, capturing the repeated nature of observations and allowing drivers’
gaze durations to be heterogeneous. The random parameter for Age Group 1 suggested that most young drivers (54%) took
a shorter time to complete the secondary task, whereas the random parameter for Age Group 3 indicated that about 58%
of older drivers took a shorter time to complete the secondary task. These results showed significant heterogeneity in
TEORT and mixed effects on safety, whereby drivers’ longer gaze duration indicated risky behavior. The findings of this study
confirmed that not only was the driving behavior of one specific age group (Age Group 1) riskier than the others but that the
risk within each group was not uniform—individual drivers within an age group exhibited significantly different TEORT, sug-
gesting the need for more nuanced, intragroup analysis. The study highlights how analyzing gaze behavior can aid in designing
advanced driving assistance systems to minimize distraction.
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Driving requires complete attention (or situational
awareness) to the surrounding traffic dynamics, whereby
drivers make longitudinal and lateral continuous deci-
sions. Vehicle technological advancements ought to be
beneficial and assist in these decisions (1). However, as
with any scientific inventions, advancement can be a
double-edged sword, which, in relation to vehicles, could
lead to driving performance deteriorating (2).

Although driving per se is already a demanding task,
engaging in a secondary task increases the workload and
compromises attention on the primary driving task. A
secondary task is any activity the driver performs that
does not directly relate to the primary task of vehicle
control and navigation. Secondary tasks divert attention
from the road and can compromise safety by interfering
with the driver’s ability to perceive, process, and respond

to traffic conditions. Secondary tasks are typically classi-
fied into three broad categories based on the type of dis-
traction (3). First, visual tasks require the driver to look
away from the road, such as checking a mobile phone
screen, adjusting a GPS device, or reading dashboard
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information. Second, cognitive tasks engage the driver’s
mental focus, drawing attention away from driving deci-
sions. Examples include absorbing conversations, prob-
lem-solving, or mentally rehearsing a presentation.
Third, manual tasks involve physical actions that take
the driver’s hands off the steering wheel, such as eating,
texting, or reaching for objects. Understanding and cate-
gorizing these tasks are essential for designing safer vehi-
cle interfaces, evaluating driver workload, and
developing policies to mitigate distraction-related risks.

A secondary task leads to a loss of situational aware-
ness (or inattention), significantly increasing crash risk
(4). The 100-Car Naturalistic Driving Study reported
driver inattention as a cause of 78% of collisions, where
almost 93% of rear-end collisions occurred because of
drivers being distracted while driving (5). In the past 2
years in the United States, more than 6,600 people were
killed in collisions where drivers were inattentive,
engaged in secondary tasks, or both (6). Similarly alarm-
ing statistics can be found for the consequences of dis-
tracted driving in other parts of the world, for example,
a 10% rise in fatal crashes in 2022 in the UK compared
with the previous year (7) and a 5% to 23% increase in
deaths in diverse areas of Australia (metropolitan 8%,
regional 5%, and remote 28%) in 2023 compared with
the previous year (8). Further, engaging in secondary
tasks while driving may cause a delay in response to the
leader’s action. A study from Germany found that about
65% of drivers failed to recognize the leader or did not
respond on time, which led to collisions (9). Therefore,
understanding how a secondary task affects driving
behavior and quantifying such impacts is paramount to
devising tailored countermeasures and improve traffic
safety.

Literature on the effects of secondary tasks spans
more than two decades. Engaging in secondary tasks
increases cognitive workload (10), which impairs driver
performance. This impairment has been measured in sev-
eral forms, such as deteriorated speed control, increased
variation in lateral control, shorter headways, increased
reaction time in responding to hazards, limited visual
scanning, particularly a decline in peripheral eye scan-
ning, and impairment in perceiving relevant stimuli (11–
13). Driver’s gazing behavior is of interest in this study
because of the link between poorer driver performance
and the duration a driver’s eyes are diverted from the
road scene to focus on a secondary task.

Gaze behavior is pivotal in understanding driver dis-
traction as it offers a direct, quantifiable window into
how drivers allocate their visual attention—a core com-
ponent of safe driving (14). Unlike self-reports or indirect
measures, gaze tracking provides real-time insights into
where, when, and for how long a driver looks at specific
elements inside or outside the vehicle (15). This aspect is

crucial because when drivers engage in secondary tasks—
such as adjusting a navigation system, reading a message,
or interacting with in-vehicle interfaces—their gaze often
shifts away from the forward roadway, increasing the
likelihood of collisions (3). Studying gaze behavior
enables the design of smarter vehicle interfaces, adaptive
driver assistance systems, and distraction mitigation stra-
tegies. It also informs policy and education by identifying
high-risk behaviors and guiding interventions.

Gazing behavior, often characterized by total eyes off
road time (TEORT), has been studied in various ways,
for example, investigating loss of comprehension (16),
taking over after automated driving (17), using in-vehicle
navigation systems (18), comparing manual versus
speech-based interaction with in-vehicle information sys-
tems (19), using a mobile phone (20) (see Table 1 for fur-
ther examples). However, an in-depth analysis of gazing
behavior during a secondary task for different age groups
and genders is relatively less explored (e.g., Cooper et al.
[21]), despite these driver characteristics reportedly being
linked to crash risk (22). Building on the vast literature
(23–25), it can be hypothesized that different age groups
and genders are likely to yield differential gazing beha-
vior, and as a result, will require the use of advanced sta-
tistical (or econometric) methods beyond what has been
typically used in distraction/secondary task literature
(e.g., analysis of variance [ANOVA] and simple statisti-
cal analyses and models that are incapable of uncovering
driver-level heterogeneity [26]).

Motivated by this research need, the objective of this
study was to investigate drivers’ gazing behavior when
they are engaged in a secondary task. Specifically, the
study focuses on understanding the gazing behavior of
different age groups and gender using the data collected
from a driving simulator experiment. The contribution
of this study is twofold: firstly, it provides a deeper
understanding of gazing behavior corresponding to dif-
ferent age groups and gender by considering driver-level
heterogeneity. To this end, this study adopts a correlated
grouped random parameters approach with heterogene-
ity in means for modeling gazing behavior. Although this
modeling approach has been applied in traffic safety lit-
erature, its application for understanding the effects of
secondary tasks, particularly in the context of gazing
behavior, is still in its infancy. Secondly, this modeling
approach reveals the gaze duration time-varying prob-
abilities of different age groups and gender, which could
be helpful in linking driving performance and the time
eyes are diverted from the driving scene.

The paper is structured as follows: the next section
summarizes the relevant literature and forms the back-
ground of the study; the subsequent section explains the
experimental plan, including details of the driving simula-
tor, design of the experiment, participants, secondary
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Table 1. Summary of Representative Studies on Gazing Behavior

Study Event Participants Technique Heterogeneitya

Wikman et al. (27) Cassette, mobile phone, radio 23 ANOVA 3
Bachfischer et al. (28) In-car touchscreen button

variation
15 ANOVA 3

Rakotonirainy et al. (29) Response to avatar of another
driver

12 ANOVA 3

Kim and Dey (30) In-vehicle navigation display
system

24 ANOVA 3

Maciej and Vollrath (19) Lane change task 30 MANOVA 3
Perez et al. (31) Text messaging 28 ANOVA 3
Pradhan et al. (32) In-vehicle glance training 37 ANOVA 3
Heckman et al. (33) Backing up using a rearview

camera
77 ANOVA 3

Neurauter et al. (34) Texting 44 ANOVA 3
Garrison and Williams (20) Road signs and billboards 20 ANOVA 3
Hirayama et al. (35) Overtaking 30 Discriminant analysis 3
Olaverri-Monreal et al. (36) Engaging with heads-up display 45 ANOVA 3
Soccolich et al. (37) Engaging with mobile

conversations
204 ANOVA 3

Fitch et al. (38) Cell phone interactions 204 ANOVA 3
Mehler et al. (39) Phone calling and voice

navigation
80 ANOVA 3

Zeeb et al. (17) Texting and internet search 89 ANOVA 3
Carney et al. (40) Cell phone usage 400 ANOVA 3
Hurtado and Chiasson (41) Looking at unfamiliar road signs 50 Pairwise comparison 3
Large et al. (42) Internally located digital mirrors 32 ANOVA 3
Louveton et al. (43) Real-time alternative mobility

choices on mobile
29 ANOVA 3

Munoz et al. (44) Radio tuning and voice-based
radio

156 Hidden Markov model 3

Reimer et al. (45) Calls and entering address 80 ANOVA 3
Purucker et al. (46) In-vehicle secondary task 18 Keystroke level modeling 3
Kaufmann and Riener (47) Different types of speedometers 17 Descriptive analysis 3
Liu et al. (48) Reading the message 48 Quantile regression 3
McWilliams et al. (49) Cell phone interactions 72 ANOVA 3
Naujoks et al. (50) Cell phone interactions 34 ANOVA 3
Biondi et al. (51) Engaging with infotainment 120 ANOVA 3
Jeihani et al. (52) Billboards 92 ANOVA 3
Jeong and Liu (53) Stimulus–response task 24 ANOVA 3
He and Donmez (54) In-vehicle secondary task 32 ANOVA, mixed effect negative

binomial
�

Miller and Boyle (55) Engaging with in-vehicle
information system

30 ANOVA 3

Reagan et al. (56) Engaging with cell phone 80 ANOVA 3
Kohl et al. (57) Album covers and contact

pictures
28 ANOVA

Cooper et al. (21) Engaging with in-vehicle
information system

125 Linear mixed model 3

Gomaa et al. (58) Density of buildings in the
scenery

79 MANOVA 3

Wang et al. (59) Engaging with phone 52 ANOVA 3
Abbasi et al. (60) In-vehicle gaze target while

approaching roundabouts
24 Descriptive analysis 3

Kummetha et al. (16) In-vehicle secondary task 90 Joint probability density
functions

3

Li et al. (61) Automated driving 49 ANOVA 3
Noble et al. (62) Secondary tasks like phone

usage and reaching out objects
18 Poisson random effect, and

conditional logistic
�

(continued)
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tasks, and data preprocessing. Then, the model develop-
ment process and the dataset used are described. Next,
the modeling results are presented, followed by a discus-
sion of the results. The final section summarizes the study
findings and provides an outlook on future research.

Background

Abundant literature exists on driver’s gazing behavior
(or visual scanning/attention behavior; see e.g., Hu
et al. [71]), and some of these representative studies are
summarized in Table 1, along with a few key observa-
tions. Note that covering all studies on this topic was
beyond the scope of this study, however, interested
readers can refer to certain earlier studies for more
detail (3,72).

Firstly, several studies have analyzed driver’s gaze
duration (characterized by TEORT) under various con-
ditions including using mobile phones (either handheld
or hands-free), engaging in secondary tasks using in-
vehicle information systems (e.g., solving math prob-
lems and searching for external target objects), resum-
ing driving from automated driving to manual driving,
spending time on external stimulus such as traffic signs
and billboards, and considering varied traffic condi-
tions. This study, similar to others, is concerned with
engaging in secondary tasks using in-vehicle informa-
tion systems. Secondly, the analysis techniques used in
past studies have mostly focused on understanding
how gaze duration varies, by performing an analysis of
variance (ANOVA) and simple pairwise comparisons
for age groups and gender. However, these studies did
not simultaneously evaluate the impact of various fac-
tors combined with driver demographics on gazing

behavior, which could be attributed to using ANOVA/
simple pairwise comparisons. To this end, certain stud-
ies applied statistical modeling techniques like negative
binomial, conditional logistic, quantile regression, and
structural equation models. Some of these applications
also considered mixed effects in their models, however,
driver-level heterogeneity remains unexplored (as is evi-
dent from Table 1), which again could be attributed to
the lack of advanced methods employed to understand
driver-level heterogeneity. This study aimed to address
these gaps by applying advanced econometric models
capable of uncovering driver-level heterogeneity, to
assists in deciphering heterogeneous gaze behavior.
These methods (e.g., random parameters with hetero-
geneity in means and variances) have been predomi-
nantly applied in several transport-related applications,
such as response time in car-following (73) and lane-
changing tasks (74), braking in response to a pedestrian
crossing from a sidewalk (75), failed lane-changing
occurrence (76), and an assessment of temporal
instability in motorcyclists (77). However, application
of such models for gazing behavior is relatively new,
which is one of the contributions of this study.

Driving while engaged in secondary tasks (i.e., dis-
tracted) under normal conditions does not necessarily
indicate increased risk. In fact, certain studies have
shown that drivers can improve their performance when
engaged in a secondary task, particularly in situations
with low cognitive workloads (defined as ‘‘the propor-
tion of mental capacity required by an individual to per-
form a task’’ [78]). For instance, Gershon et al. examined
the efficacy of an interactive cognitive task (ICT) in
delaying fatigue symptoms induced by underload condi-
tions on interurban roads (79). The results revealed that

Table 1. (continued)

Study Event Participants Technique Heterogeneitya

Turnbull et al. (63) Secondary tasks like math
problems and searching for
external target objects

30 ANOVA 3

Yang et al. (64) In-vehicle engagement 30 Quantile regression 3
Shabani et al. (65) Traffic signs — Descriptive analysis 3
Monk et al. (66) Mobile phone tasks 24 ANOVA 3
Xu et al. (67) In-vehicle speed limit advisory

system
70 Pairwise comparison 3

Yared et al. (18) Navigation system displays 20 ANOVA 3
Zhang and Roberts (68) Navigation task 48 Structural equation modeling 3
Zhao et al. (69) Human–machine interaction 28 Correlation, principal

component analysis, k-means
3

Ma et al. (70) Co-pilot display 25 ANOVA 3

Note: ANOVA = analysis of variance; MANOVA = multivariate analysis of variance; — = not mentioned.
aHere, heterogeneity refers to unobserved heterogeneity in general and driver-level heterogeneity in gazing behavior corresponding to driver

demographics.
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when ICT was activated, it increased arousal, alertness,
and improved driving behavior compared with when it
was not activated. In another study, Atchley and Chan
analyzed whether a concurrent task improved perfor-
mance with decreased vigilance (80). Drivers were pre-
sented with three task conditions (no verbal task, a
continuous verbal task, and a late verbal task): they
showed improved lane-keeping performance and steering
control when vigilance was at its lowest. While compar-
ing different secondary tasks, their cognitive require-
ments, and their impact on driving behavior, Nijboer
et al. reported that using a tablet deteriorated driving
performance the most, whereas passively listening to the
radio or answering questions for a radio quiz led to the
best driving performance (81). All these findings imply
that engaging in secondary tasks leads to heterogeneous
driving behavior (26).

Although this improved driving behavior can be
attributed to the low cognitive demand of the scenar-
ios presented in previous studies, research evidence of
secondary task performance in high cognitive work-
load environments is scant. Therefore, studying dis-
tracted driving in such environments (e.g., active
work zones) presents an opportunity to address this
research gap: to examine the gazing behavior (i.e.,
TEORT) of drivers managing secondary tasks in a
high cognitive workload environment while trying to
minimize any negative impact on their driving
performance.

Experimental Plan and Data Collection

Driving Simulator

The study conducted a driving experiment using a
fixed-base driving simulator housed in the front por-
tion of an Acura MDX cab that runs on the miniSim
platform developed by the National Advanced Driving
Simulator in Iowa (82). The simulator features three
front screens, providing a wide horizontal field of view
of 170�, and a fourth rear screen that renders view-
points of the side and rearview mirrors as shown in
Figure 1.

In addition, a dash-mounted Fovio FX3 eye-tracker
and 10-in. touchscreen interface were placed approxi-
mately 30� to the lower right of the driver’s line of
sight. An eye-tracker was utilized for recording gaze
position by creating four zones of interest: driving
scene, side and rearview mirror, instrument cluster, and
media center or secondary task, during postprocessing.
The touchscreen allowed performance of a secondary
task and assisted in gauging in-vehicle distracted driv-
ing behavior (16, 83, 84).

Participants

The study received approval from the University of
Kansas Human Research Protection Program. Various
public locations (e.g., libraries, universities/colleges, gro-
cery stores, and community centers) in the states of
Kansas and Missouri, including the cities of Lawrence,
KS, Overland Park, KS, Shawnee, MO, and Kansas
City, MO, were used to advertise the study. Recruitment
efforts involved distributing flyers, sending emails, and
targeted advertising on Facebook. Interested individuals
had to complete a prescreening questionnaire that gath-
ered information on demographics, driving experience,
crash history, medical conditions, and so on. To be eligi-
ble for participation and monetary compensation on suc-
cessful completion of the experiment, individuals had to
meet the following criteria: to be between 18 and 65 years
old, hold a valid U.S. driver’s license, have at least 1 year
of driving experience, cover an annual driving distance
of more than 1,600 km (1,000mi), and be in a satisfac-
tory medical condition, meaning they were free from
heart conditions, noncorrectable eye conditions, seizures,
inner-ear/balance problems, and the possibility of
pregnancy.

From the registered participants, 85 eligible individu-
als performed the experiment. The mean and standard
deviation of age of the participants were 31.4 and
14.2 years, respectively. Males and females were almost
equally represented in the sample. The average annual
mileage for all participants was 19,400km, with a stan-
dard deviation of 13,780km (85).

Scenario and Testing Protocol

On arrival at the laboratory, participants were provided
with an explanation of the informed consent process and
given a brief tutorial on how to operate the driving simu-
lator. Following this, they performed a 10-min warm-up
scenario comprising rural highway driving (speed limit
of 112.7 km/h [70mph]) with a very low traffic density (0
to 2 passenger cars per kilometer per lane (pc/km/ln)
equivalent to Level of Service A) to familiarize them-
selves with the virtual environment, simulator, and pro-
cess of the experiment. Once the warm-up drive was
completed, participants started the actual driving experi-
ments and engaged in a distracted driving task. This task
involved driving along an 8-km stretch of a 10- to 12-
lane divided freeway, with a posted speed limit of
112.7 km/h (70mph), traffic density varying between 22
and 24 pc/km/ln (Level of Service of D/E), and active
work zones on both sides of the road, leaving two open
lanes (as depicted in Figure 2). No pedestrians were pres-
ent on the roadway at any point of the drive.
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During the tutorial phase, participants were also
screened for simulator sickness. Any participants who
showed severe signs of simulator sickness (e.g., vertigo,
nausea, sweating, dizziness, fatigue, stomach awareness,
vomiting, and general discomfort) were advised to with-
draw from the study. The experimental layout was also
kept short and comprised minimal turning movements to
minimize any potential discomfort and reduce the likeli-
hood of simulator sickness. Of the 90 scheduled

participants, five withdrew from the study because of
symptoms of simulator sickness.

Data from the first and last 0.8 km (0.5mi) were
excluded from the analysis to provide sufficient time
for participants to reach the posted speed limit and to
exclude any deceleration trends observed toward the
end of the drive (85, 86). Participants were additionally
required to fill out the National Aeronautics and Space
Administration Task Load Index (NASA-TLX) and

Figure 1. Equipment setup and configuration.
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Situational Awareness Rating Technique (SART) ques-
tionnaires on completing the tutorial (i.e., baseline) and
after the distracted driving task, offering a subjective
assessment of their experience. The NASA-TLX is a
validated measure of cognitive workload, consisting of
six subscales: mental demand, physical demand, tem-
poral demand, performance, effort, and frustration
(87). Each subscale is scored on a 20-point scale and
weighted based on 15 pairwise combinations. A higher
NASA-TLX score, compared with the baseline condi-
tion, indicates increased cognitive workload. To assess
changes in situational awareness, the SART question-
naire was administered in a similar manner to the
NASA-TLX. Situational awareness scores were calcu-
lated by averaging the 10 individual subscales across
three domains: attentional demand, attentional supply,
and understanding (88). (The overall comparison of
cognitive perceptions of the distraction task to the base-
line, across the participants, is available in Appendix A
in Supplemental Material.)

Secondary Task

As mentioned in the background section, to date, less
emphasis has been placed on studying distracted driving
behavior in high cognitive workload environments. This
study addresses this gap by utilizing work zones to simu-
late high cognitive workloads to enforce the detrimental
repercussions (i.e., loss of lateral control and increased
crash risk) of distracted driving. This setting results in
more naturalistic risk perceptions and tailored gazing
behaviour during the simulated task, thus overcoming
low cognitive workload environments (i.e., empty rural
highways, ideal weather conditions, very low traffic

densities, and conditions with low probability of change
to the required cognitive resources) that are often over-
looked by drivers.

The distracted driving task included four separate dis-
traction events, each lasting no longer than 25 s (referred
to as D1 to D4 in Figure 2). These events were triggered
using audio commands (i.e., start/stop, using the GPS)
and were designed to simulate scenarios such as using the
media center or entering text into an onboard navigation
system (as illustrated in Figure 1). The four distraction
events required participants to perform a visual second-
ary task while driving by matching a number displayed in
a box on the top-right of the panel (‘‘Please select the
number shown,’’ as shown in Figure 1) with the corre-
sponding number on one of the nine randomly varying
tiles. The application also recorded and displayed the
number of correct matches (hits) and total attempts made
(clicks), aiming to keep participants visually and cogni-
tively engaged throughout the task.

Preprocessing

Eighty-five participants successfully completed the dis-
traction task, and four distracted driving observations
were obtained per participant, as shown in Figure 2, pro-
ducing a panel dataset of 340 observations for 85 partici-
pants. Four distraction events were included during the
drive to provide repeated observations at different points
(i.e., early, midway, and later) in the scenario. This
approach minimized the possibility that the findings were
the result of a one-off instance or order bias, instead
highlighting consistent behavioral adjustments.

As this research focused on utilizing changes in driv-
ing performance (i.e., fluctuations observed in lateral

Figure 2. A general schematic of task layout and road geometry.
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and longitudinal driving) and the time spent gazing away
from the driving scene (defined as the sum of the gaze
durations directed toward attempting the distraction task
in a given scenario, or TEORT) during the duration
event, data fusion was employed to merge the raw driv-
ing performance and eye-tracking datasets, as shown in
Figure 3. The raw data were downsampled from 60 to
10Hz for processing efficiency and then fused based on
system time. Individual trajectories were then split with
respect to the distraction events (shown in Figure 4),
allowing for the extraction of driving performance and
gazing behavior within the period of interest.

Hazard-Based Duration Model
Development

As discussed in the previous section, the purpose of this
study was to understand drivers’ gazing behavior, mea-
sured as the time (or duration) spent on attempting the
distraction task (or TEORT). In other words, the

duration variable represents the collective time spent on
four distractions per participant. To model duration
data, this study applied a hazard-based, or survival,
duration modeling approach. This probabilistic
approach is deemed fit for modeling duration data where
a need arises to model the elapsed time until the end of
an event or the duration of an event. Duration models
have been frequently used for various transport applica-
tions, such as studying the time until a crash occurs, the
time to respond to pedestrians walking from the side-
walk, and the length of time spent shopping and enga-
ging in recreational activities (89).

In general, duration models are employed to model
the conditional probability of the duration of an event
ending at time t, given that the event duration has not
ended until time t. Using the same definition, this study
models drivers’ total gaze durations when they perform
secondary tasks and take their eyes away from the driv-
ing scene. In other words, the duration variable repre-
sents the time taken to complete the secondary task,

Figure 3. Data extraction framework.
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which is characterized by TEORT. Note that while cal-
culating this time, it was ensured that the driver was
engaged in and looking at the task. TEORT is a continu-
ous random variable, T, with a cumulative function,
FðtÞ, and probability density function, f ðtÞ. Note that
FðtÞ is also known as a failure function in the literature
(90); in the context of this study, it gives the probability
of a driver starting to perform the secondary task in
response to the verbal command before some specified
time, t. Mathematically, it is obtained by

F tð Þ ¼ Pr T\tð Þ ¼ 1� Pr T ø tð Þ ¼ 1� S tð Þ: ð1Þ

Similarly, the survival function, S(t), yields the prob-
ability that the drivers’ gaze will revert to the driving
scene in a time greater than a specified time, t. Another
term frequently used in duration modeling is hazard
function, h(t), which provides the rate at which the event
duration ends at time t, given that the event duration has
survived up to time t. Since the event has not ended by
time t, the hazard function provides the conditional prob-
ability that an event will end between time t and t + dt.
Mathematically, the hazard function can be defined as

hðtÞ ¼ f ðtÞ
1� FðtÞ ¼

f ðtÞ
SðtÞ ¼ lim

Dt!0

Prðt+Dt ø T ø tjT ø tÞ
Dt

ð2Þ

Proportional hazard and accelerated failure time
(AFT) approaches are used to incorporate the effects of
covariates on a hazard function. Whereas the former
approach assumes that the hazard ratios are constant
over time, whereby the covariates act multiplicatively on
the baseline hazard function, h0(t), the latter approach
makes it relatively simple to incorporate the effect of

covariates by rescaling time directly in a baseline survival
function, S0(t), where all covariates are zero (89). AFT
estimates an acceleration factor that captures the direct
effect of exposure on survival time, facilitating an intui-
tive and more straightforward interpretation of the
model. Given the estimated parameters of an AFT model
quantify the corresponding effect of a covariate on gaze
durations, this modeling approach was adopted in this
study.

Mathematically, the natural logarithm of TEORT,
ln tiq

� �
, is expressed as a linear function of covariates in

the AFT model as

ln tiq

� �
¼ aþ bXiq þ seiq ð3Þ

where tiq is TEORT for each driver i 2 ð1; . . . ; 85Þ in sec-
ondary task q 2 ð1; 2; 3; 4Þ; a is constant (to be esti-
mated); bi denotes vector of unknown (to be estimated)
driver-specific parameters; Xiq indicates that vector of
covariates (see Table 2) and eiq are independently and
identically standard Gumbel-distributed random errors;
and s is scale parameter (to be estimated). The condi-
tional survival and hazard functions for the accelerated
failure model can be obtained by

S tjXð Þ ¼ S0 t 3EXP bXð Þ½ �; ð4Þ

h tjXð Þ ¼ h0 t 3EXP bXð Þ½ �3EXP bXð Þ; ð5Þ

where S0 and h0 are baseline survival function and hazard
function, respectively.

From Equations 4 and 5, a direct relationship between
the effects of covariates and TEORT can be observed,
implying that these covariates may increase or decrease
TEORT.

Figure 4. A typical time-series profile of (a) speed and (b) distraction.
Note: Data from Driver 3.
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For specifying a parametric distribution of the dura-
tion variable, various distributions are used in the liter-
ature, including Weibull, lognormal, exponential,
gamma, log-logistic, and Gompertz (89). Selecting a
particular distribution is often based on theoretical jus-
tification or statistical testing, as it has direct implica-
tions on the underlying hazard function and potential
bias of the estimated parameters. Theoretically, a
Weibull distribution is suitable for data with mono-
tonic hazard rates that either exponentially increase or
decrease with time. Drivers’ TEORT when engaged in
secondary tasks represents a positive duration depen-
dence event, where drivers reverting their gaze to the
driving scene increases monotonically, and the

probability of gaze reverting to the driving scene is
likely to increase over time. The Weibull duration
model is particularly suitable for positive duration
dependence events, which was relevant to this study.
Further, the fitted distribution of TEORT was statisti-
cally tested using an Anderson–Darling test, and its
result confirmed that our data followed a Weibull dis-
tribution (p . 0.05). Beyond these two reasons, this
study estimated models with other distributions like
lognormal and logistic, and compared them using
goodness-of-fit measures (likelihood values) and Cox–
Snell residuals, and the model with the Weibull distri-
bution outperformed all competing models. Based on
the theoretical and statistical evaluation, this study

Table 2. Descriptive Summary of Explanatory Variables Considered for the Duration Model

Categorical (or count)
variables

Role of the
variable in
analysis Analysis

Description of
variables

Count
(%)

Age groups
Young Independent MANOVA and duration

model
Participant is 18224 years old

(dummy)
44 (51.76)

Middle-aged Independent MANOVA and duration
model

Participant is 25–49 years old
(reference)

27 (31.76)

Older Independent MANOVA and duration
model

Participant is 50+ years old
(dummy)

14 (16.48)

Gender
Male Independent MANOVA and duration

model
Participant is male (reference) 43 (50.59)

Female Independent MANOVA and duration
model

Participant is female (dummy) 42 (49.41)

Count of glances Dependent MANOVA Number of discrete times a
driver’s gaze is directed off the
road within the distraction
tasks

41.42 (16.350)

Continuous
variables

Role of the
variable in
analysis Analysis

Description of
variables

Mean
(SD)

Initial speed Independent Duration model Instantaneous speed of the
subject vehicle at the onset of
the secondary task (m/s)

24.22 (10.11)

Speed fluctuations Independent Duration model The variation in speed 5 s before
the secondary task (m/s)

0.868 (0.391)

Vehicle kilometers driven Independent Duration model Number of vehicle kilometers
driven from actual driving
experience in 1000

12.15 (8.54)

TEORT Dependent MANOVA and duration
model

Total eyes off road time (s) 6.16 (4.35)

Mean duration of individual glance Dependent MANOVA Mean duration in seconds of the
individual glances off the road
during the distraction tasks (s)

0.85 (1.92)

Duration of longest glance Dependent MANOVA Maximum duration in seconds
of the longest individual glance
off the road during the
distraction tasks (s)

3.40 (4.02)

Note: TEORT = total eyes off road time; MANOVA = multivariate analysis of variance; SD = standard deviation.
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adopted the Weibull distribution (see Washington et al.
[89] for details of the hazard and survival functions).

In practice, different drivers may revert their gaze to
the driving scene at different times depending on their
personal characteristics and risk-taking behavior.
Therefore, an interaction term (e.g., age or gender) might
be used in the model, which might explain this behavior
to some degree; however, two issues persist. Firstly, find-
ing and testing all possible combinations of interaction
terms is challenging because the number of potential
combinations of variables and their higher-order interac-
tions grows geometrically with the number of ordinal-
scale variables and exponentially with nominal-scale
variables. Secondly, even using all possible interaction
terms in a fixed parameters model would provide only
an average effect for a given interaction term (e.g., Age
Group 1 with females), because a fixed parameter model
assumes that all drivers spend the same time performing
the secondary tasks. To capture individual or driver-level
heterogeneity, a random parameters approach has been
proposed in the literature (73, 91), and was adopted in
this study as, by allowing the estimated parameters to
vary across individual drivers, it captures the preference
heterogeneity and differential effects of the same treat-
ment on different individuals. Specifically, by using ran-
dom parameters in the hazard-based duration model, we
consider bi to be driver-specific random parameters for
the operational variables defined as

bi ¼ b+Ggi; ð6Þ

where
b is vector of mean values of the random parameter,
g is user-specified term (e.g., gamma distributed, a nor-
mally distributed term), and
G represents the Cholesky matrix.
This study used an unrestrictive form of the Cholesky
matrix (92) that allows capturing correlations between
two or more random parameters, as well as accounting
for the panel nature of data. In the literature, this model-
ing framework is often called ‘‘correlated grouped ran-
dom parameters with heterogeneity in the mean’’ (93).
Behaviorally, incorporating correlated random para-
meters assists in capturing the correlation among unob-
served heterogeneities (or characteristics) that are
encapsulated by random parameters. For example, the
unobserved factors that influence the effect of age on
TEORT might be correlated with unobserved factors
that influence the effect of gender on TEORT.

This study employed a maximum simulated likelihood
estimation technique for the random parameters model
for two reasons. Firstly, in random parameters models,
some coefficients (e.g., for Age Group 1, Age Group 3)
are assumed to vary across individuals or observations,
typically following a specified distribution (i.e., normal),

which introduces integration over the distribution of ran-
dom parameters into the likelihood function, and this
integral becomes analytically intractable. As such, using
the maximum simulated likelihood estimation procedure
becomes feasible, allowing us to account for unobserved
individual-level variation in a statistically rigorous way,
even when the likelihood function cannot be expressed in
closed form. Secondly, because our dataset contains
repeated observations of the same participant, using the
same draw of bi for each participant from the specified
distribution becomes easier. To obtain parameter esti-
mates, a maximum likelihood approach using quasi-
Monte Carlo simulation was adopted, whereby 1,000
Halton draws were used to account for the panel nature
of the data (94).

To interpret the model parameters and their effects on
gaze duration, the exponent of each coefficient, exp (b) -
1) 3 100, was computed, reflecting a per cent change in
TEORT corresponding to a unit increase in the continu-
ous variable or a change from 0 to 1 for categorical
variables.

In most driving simulator studies, duration models
are applied to study relative changes in driving behavior,
whereby the results are compared with a baseline condi-
tion (e.g., comparing car-following behavior with and
without driving aids [73]). However, in this study, we
intentionally did not use the baseline (tutorial) for mod-
eling purposes because drivers’ gaze during the baseline
condition (without a secondary task) was almost always
on the driving scene, thereby resulting in a value of zero
for time spent gazing at the secondary task.

Results

Preliminary Analysis

To fully understand gaze behavior during the secondary
task across age groups and gender, this study performed
a preliminary analysis using a repeated measures multi-
variate ANOVA (MANOVA) and duration modeling
sequentially. This study evaluated four independent vari-
ables by aggregating the four distraction events, that is,
TEORT, count of glances off the road, mean duration of
individual glances off the road, and duration of the long-
est glance off the road (27, 54). Figure 5 shows the box
plots of these metrics, categorized by gender and age
group (independent variables). Overall, the TEORT,
count of glances, and mean duration of glances showed
slight differences between the groups, warranting further
investigation.

A repeated measures MANOVA was performed as a
first-level check to statistically examine whether differ-
ences existed across gender, age group, and their interac-
tion with the distraction-related measures before
applying the more complex, correlated random
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Figure 5. Box plots of gaze behavior metrics by age group and gender: (a) TEORT, (b) count of glances, (c) mean duration of glances, and
(d) longest glance duration.
Note: TEORT = total eyes off road time.
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parameters duration model. Unlike a standard ANOVA,
which examines each dependent variable separately, the
repeated measures MANOVA tests all four dependent
variables simultaneously, accounting for correlations
among them and providing a multivariate test of group
and interaction effects. Further, although there were
three age groups in the study, Table 3 does not show
descriptive statistics by age/gender group; instead, it pre-
sents the MANOVA summary statistics (degrees of free-
dom, mean squared, F-statistic, significance, and effect
size) for the age group (or gender) factor as a whole, and
only one set of summary statistics per dependent variable
is shown (e.g., ‘‘Age Group’’). From the descriptives
shown in Table B1 of the Appendix, differences in means
were observed across the dependent variables and the
groups. However, high standard deviations were also
noted, reflecting a wide range of variation among partici-
pants’ responses to the secondary task.

No significant results were obtained at a 95% confi-
dence level, indicating no between-group differences in
observations of the dependent variables. However, more
complex statistical methods like hazard-based duration
models considering random effects and group heteroge-
neity are likely to provide valuable insights into the
effects of these variables on TEORT.

As an initial step, correlation tests (Figure 6) were con-
ducted to identify variables suitable for duration model-
ing. The Spearman and Pearson tests revealed significant
correlations among the four variables of gaze behavior.
Each of these metrics (except for glance count) was tested
for duration modeling (as a response variable), but only
TEORT showed significant relationships, allowing us to
investigate gazing behavior for different age groups and
gender (the study objective).

Modeling Results

Several variants of the random parameters duration
models were estimated to understand gazing behavior.
These models included a fixed parameters model, and
random parameters models with and without heteroge-
neity in the mean, and correlation between the random
parameters. These models were compared with each
other, and the best model was selected based on a series
of likelihood ratio tests and the Akaike information cri-
terion (AIC).

Comparing the fixed- and random parameters mod-
els, the likelihood ratio statistic, x2 ¼ �2½�291:13

� �277:41ð Þ� = 27.44, with four degrees of freedom,
indicated that the null hypothesis that both models

Table 3. MANOVA Summary Statistics

Dependent variable df M2 F-statistic Significance Partial eta2 Observed power

Intercept
TEORT 1 39846.722 217.062 \0.001 0.733 1.000
Count of glances 1 120621.850 480.854 \0.001 0.859 1.000
Mean duration of individual glance 1 43.321 11.740 \0.001 0.129 .923
Duration of longest glance 1 665.386 41.485 \0.001 0.344 1.000

Age group
TEORT 2 31.105 0.169 0.844 0.004 0.075
Count of glances 2 165.646 0.660 0.520 0.016 0.157
Mean duration of individual glance 2 2.536 0.687 0.506 0.017 0.162
Duration of longest glance 2 13.114 0.818 0.445 0.020 0.185

Gender
TEORT 1 186.160 1.014 0.317 0.013 0.169
Count of glances 1 826.482 3.295 0.073 0.040 0.434
Mean duration of individual glance 1 0.350 0.095 0.759 0.001 0.061
Duration of longest glance 1 1.942 0.121 0.729 0.002 0.064

Age group 3 gender
TEORT 2 248.127 1.352 0.265 0.033 0.283
Count of glances 2 393.178 1.567 0.215 0.038 0.323
Mean duration of individual glance 2 5.506 1.492 0.231 0.036 0.309
Duration of longest glance 2 26.978 1.682 0.193 0.041 0.344

Error
TEORT 79 183.573
Count of glances 79 250.849
Mean duration of individual glance 79 3.690
Duration of longest glance 79 16.039

Note: TEORT = total eyes off road time; MANOVA = multivariate analysis of variance.

Actual group means are presented in Appendix Table B1 (Supplemental Material) to provide the descriptive statistics for each age and gender group,

complementing the overall MANOVA results presented in Table 3.
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were the same could be rejected with 90% confidence.
Similarly, comparing the uncorrelated and correlated
random parameters, the test statistic, x2 ¼
�2½�283:78� �277:41ð Þ� = 12.74, with one degree of
freedom, indicated that the null hypothesis that both
models were the same could be rejected with 90% con-
fidence. Finally, the test statistic for comparing the cor-
related random parameters model with heterogeneity in
the mean versus without heterogeneity in the mean,
x2 ¼ �2½�281:22� �277:41ð Þ� = 7.62, with three
degrees of freedom, indicated that the null hypothesis
that both models were the same can be rejected with
90% confidence. The AIC for the fixed parameters and
correlated random parameters models were 596.26 and
576.82, respectively, suggesting the latter model outper-
formed its counterpart. Further, the AIC for the corre-
lated versus uncorrelated random parameters models
were 576.82 and 587.56, respectively, implying that the
correlated model was superior to the uncorrelated model.
Finally, the AIC for the correlated random parameters
models with and without heterogeneity in the mean were
576.82 and 582.44, respectively. This comparison indi-
cated that the correlated random parameters model with
heterogeneity in the mean outperformed all competing
models and was therefore selected in this study.

Although Table 4 presents the parsimonious model
with main effects, several interaction effects were tested
in the model, namely age and gender, and only one inter-
action effect (i.e., heterogeneity in the mean: female 3

Age Group 3) was found to be significant. All other

interaction effects were tested in the model but were not
retained because they neither showed statistical signifi-
cance nor improved overall model goodness-of-fit.
Further, to handle potential confounding variables, the
models were developed separately for each (e.g., age and
driving experience). The parsimonious model was
selected based on the intuitive relationship of the vari-
able, statistical significance, and overall model goodness-
of-fit.

Table 4 presents the model estimation results for the
correlated random parameters duration model with het-
erogeneity in the mean. All parameter estimates were sta-
tistically significant at a 90% confidence level. The
model’s scale (or Weibull) parameter (P) was 2.279, and
a t-test on this parameter suggested that it was signifi-
cantly greater than 1.0 (t = 14.27, p \ 0.001), indicating
an increasing hazard function, implying that the second-
ary task event completion probability increased with
elapsed time. Further, the model comprised both random
and nonrandom parameters, whereby the dummy vari-
ables for Age Group 1 and Age Group 3 represented the
former group. Several distributions were explored for
random parameters (e.g., normal, lognormal, Weibull,
uniform, and triangular). The normal distribution pro-
vided a statistically superior model fit relative to other
distributions tested in this study, which was consistent
with past literature (95). In addition, the normal distribu-
tion captured the negative and positive effects of age
groups on TEORT, implying that gaze duration might
increase or decrease for young drivers (considering Age

Figure 6. Correlation assessment of gaze metrics.
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Group 1). The remaining parameters were nonrandom
and consisted of the number of kilometers driven, speed
fluctuations, and initial speed (at the onset of the second-
ary task). Note that several demographic variables (e.g.,
crash history in the past 5 years, traffic violation history
in the past 2 years, cell phone use while driving, and edu-
cation level) were tested in the model, but these variables
were not retained in the parsimonious model as a result
of statistical insignificance.

Table 4 also provides the diagonal and below diago-
nal elements of the Cholesky matrix for each random
parameter. Using these elements, the standard deviation
of each random parameter can be calculated as the
square root of the variance (i.e., elements of the

variance-covariance matrix obtained via OO
0
). For exam-

ple, the standard deviations for the Age Groups 1 and 3

parameters are computed as
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:0263
p

¼ 0:1623 andffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:0222
p

¼ 0:1491, respectively.
Initial speed—measured at the onset of the secondary

task—had a significant and positive relationship with
TEORT in the model. By keeping other variables con-
stant, a 1 m/s increase in the initial speed tended to
increase gaze durations by 0.4%. Similarly, speed
fluctuation—measured as the standard deviation of
speed 5 s before the secondary task—was negatively asso-
ciated with TEORT in the model, with an increase of 1
m/s in speed fluctuations tending to decrease gaze dura-
tion by 16.8%. Further, the number of kilometers driven
was significant and negatively associated with TEORT.
The model suggested that gaze duration decreased with a
greater number of kilometers driven: every 1,000 km
decreased gaze duration by 0.45%.

Both the mean and standard deviation of the normally
distributed parameter of the Age Group 1 dummy vari-
able were statistically significant (p \ 0.001). The mean

value suggests that relative to Age Group 2, on average,

Age Group 1 took about 3.31% less time reverting their

gaze to the driving scene. We also observed significant

heterogeneity in TEORT for drivers within Age Group

1, showcasing an ability to be both longer and shorter in

duration compared with Age Group 2. Age Group 1’s

distribution is depicted in Figure 7a, indicating that

about 52% of its generated coefficients were actually

negative, whereas the remainder were positive, confirm-

ing heterogeneity. Further, driver gender was found to

influence the TEORT of Age Group 1. Therefore, we

decomposed the distribution of Figure 7a to obtain two

separate distributions as per Figure 7c. As such, we

obtained a mean survival rate of 0.807 and 1.03 s for

females and males, respectively, indicating the relatively

shorter gaze durations of female drivers. We discuss this

gender effect further in the next section.
The mean parameter for the Age Group 3 dummy

variable was significant and positively associated with
TEORT. The model revealed that drivers in Age Group
3 took more time to complete the secondary task com-
pared with Age Group 2: this could be associated with
several factors like cautious driving, task difficulty, or
slower sensory motor and processing power—more
details to follow in the next section. Similar to Age
Group 1, heterogeneity was observed, whereby the
majority of drivers obtained a negative coefficient,
whereas 42% maintained a positive value, see Figure 7b,
suggesting significant driver heterogeneity in this context.

Table 4. Estimation Results of the Random Parameters Duration Model

CI of expðbÞ

Parameter Estimate SE z-statistics p-value expðbÞ Upper Lower

Nonrandom parameters
Constant 0.3919 0.0772 5.07 \0.001 na na na
Initial speed (at onset of task) 0.0044 0.0025 1.77 0.0760 1.0044 0.9995 1.0093
Speed fluctuation 20.1839 0.0507 23.63 0.0003 0.8320 0.7326 0.9314
Number of kilometers driven 20.0045 0.0013 23.47 0.0005 0.9955 0.9930 0.9981

Random parameters
Age Group 1 (18224 years) 20.0337 0.0202 1.67 0.0958 0.9669 0.9273 1.0065
Age Group 3 (50+ years) 0.0573 0.0342 1.68 0.0937 1.0590 0.9919 1.1260

Diagonal elements of the Cholesky matrix
Age Group 1 (18224 years) 0.1623 0.0159 10.19 \0.001 1.1762 1.1450 1.2074
Age Group 3 (50+ years) 0.1214 0.0254 4.48 \0.001 1.1291 1.0793 1.1789

Below diagonal element of the Cholesky matrix
Age Group 1:Age Group 3 20.0867 0.025 23.61 0.0030 0.9170 0.8680 0.9660

Heterogeneity in the mean of Age Group 3
Female 20.2173 0.0538 24.04 0.0010 0.8047 0.6992 0.9101

Note: SE = standard error; CI = confidence interval; na = not applicable.

LL (b) = 2277.41, LL (0) = 2307.33, AIC = 576.82, N = 340, scale parameter = 2.279 (p \ 0.001); number of groups = 85; group size = 4.
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Because of the unrestricted form of the Cholesky
matrix, we were able to investigate the correlation
between the random parameters, offering more insights
into the gaze behavior of drivers during the secondary
tasks. The results indicated that the random parameters
for Age Groups 1 and 3 correlated at a 90% confidence
level (t-statistic = 5.66; p \ 0.001), with a covariance of
20.014 and a correlation coefficient of 20.58. The t-sta-
tistic and correlation coefficients were calculated follow-
ing the postestimation technique presented in Fountas
et al. (interested readers are referred to their study for
details [93]). The correlation between random parameters
uncovered the unobserved heterogeneity associated with
the interactive effect of random parameters on gazing
behavior (96). A negative correlation between the ran-
dom parameters (i.e., Age Group 1 and Age Group 3)
implied mixed effects of age on the gazing behavior of

drivers. Specifically, relative to Age Group 2, drivers in
Age Groups 1 and 3 might either take a shorter or longer
time to complete their secondary tasks. This heteroge-
neous behavior might be explained by age: with increas-
ing age (i) some cautious drivers may perceive the risk of
engaging in secondary tasks, thereby exhibiting shorter
gaze durations, and (ii) some drivers exhibit risky beha-
vior despite recognizing the risk of engaging in the sec-
ondary tasks, leading to longer gaze durations.

Discussion

With ever-increasing technological advancements facili-
tating newer vehicles, drivers’ engagement in in-vehicle
systems has seen a drastic increase, which could deterio-
rate driving behavior. Several studies have quantified in-
vehicle systems’ impact on reaction time, mental

Figure 7. Distributional effect of the random parameters: (a) Age Group 1, (b) Age Group 3, and (c) TEORT for male drivers versus
female drivers.
Note: TEORT = total eyes off road time.
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workload, braking behavior, and vehicle control (18).
Engaging with in-vehicle systems can alternatively be
viewed as engaging in and performing secondary tasks,
which require drivers to divert their eyes away from the
driving scene to perform the task, which could deterio-
rate their driving behavior. This deterioration has been
confirmed to vary across different age groups and gender
in recent studies (e.g., Sharma et al. [73]; Ali et al. [91];
Ali et al. [96]; Ali and Haque [26]). To this end, this
study developed a correlated random parameters dura-
tion model, which was compared with a fixed parameters
duration to elucidate the difference in conclusions/find-
ings obtained from these two different modeling
approaches.

Comparison of the Correlated Random Parameters
Model with a Fixed Parameters Model

Although the inferences provided by a random para-
meters model have been widely acknowledged to vary
from a fixed parameters model, this section elucidates
the additional insights offered by a correlated random
parameters model over a fixed parameters model. Some
noteworthy observations from the comparison of two
modeling approaches (random parameters versus fixed
parameters) in the context of our study are summarized
as follows:

� Both the random- (Table 4) and fixed parameters
models (Table C1 in the Appendix/Supplemental
Material) indicated that the mean of Age Group 1
was negative, implying that relative to Age Group
2, on average, Age Group 1 took more time in
reverting their gaze to the driving scene. However,
an additional insight offered by the random para-
meters model was that the majority of drivers took
more time, but a substantial proportion of drivers
(48%) also took less time—this finding could only
be obtained using the random parameters model,
whereas the fixed parameters model would suggest
that, relative to Age Group 2, all drivers in Age
Group 1 took more time in reverting their gaze to
the driving scene.

� The fixed parameters model for Age Group 3 sug-
gested that all drivers took more time in complet-
ing the secondary task compared with Age Group
2. However, the random parameters model
negated this observation, suggesting that not all
drivers in Age Group 3 took more time.

� The fixed parameters model suggested shorter
TEORT for females compared with males, but the
random parameters model showed that females in
Age Group 1 took relatively less time compared
with males in the same group.

� Lastly, the correlation between random para-
meters indicated the mixed effects of Age Groups
1 and 3 on TEORT relative to Age Group 2 (i.e.,
drivers in these groups may take a shorter or lon-
ger time to complete their secondary tasks). It
would not have been possible to extract these data
from a fixed parameters model.

Effect of Age on TEORT

Different age groups are likely to exhibit different gazing
behavior; this was quantified through the developed ran-
dom parameters duration model. To this end, the model
allowed for the development of survival curves that facili-
tated comparing gazing behavior across different age
groups. Survival curves (or the probability of not com-
pleting the secondary task) were computed using the
Weibull survival function and parameter estimates of the
model reported in Table 4. Specifically, using the mean
values of the continuous explanatory variables and refer-
ence categories for the dummy explanatory variables, the
probabilities of not completing the secondary task at t s
were computed. Note that for the random parameters,
survival curves were developed for the mean of the para-
meter and lower and upper bounds (i.e., lower bound:
the lower limit of Age Group 1’s coefficient, that is, mean
2 1.645 3 standard deviation; upper bound: the upper
limit of Age Group 1’s coefficient, that is, mean + 1.645
3 standard deviation).

Figure 8 illustrates that the probabilities of not com-
pleting the secondary task decreased with elapsed time.
In general, the results indicated that drivers in Age
Group 1 completed their secondary tasks earlier than
Age Group 2 (see Figure 8a), thereby diverting their gaze
back to the driving scene sooner. The probability of not
completing the secondary task, for example, for Age
Group 1 at 1 s was 65%, whereas the corresponding
probability for Age Group 2 was 67%. It is evident from
Figure 8a that drivers in Age Group 1 took about 2.85 s
to complete their secondary task, whereas drivers in Age
Group 2 took about 2.95 s, indicating the latter group’s
delayed reverting of gaze. These findings suggest that
although both age groups lost track of the driving scene
while performing the secondary tasks, Age Group 2 driv-
ers took relatively more time to revert their gaze to the
driving scene. Taking more time to complete the second-
ary task or reverting the gaze to the driving scene later
implies that drivers were unaware of surrounding traffic
and at high risk of engaging in safety-critical events (97),
with their direct consequence on loss of situational
awareness, delayed response to a situation, and the need
for abrupt braking (12).

Several studies have investigated drivers’ gaze dura-
tion when engaging in secondary tasks involving mobile
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phones, navigation systems, in-vehicle displays, and so
forth (19, 29). While engaging with a speed limit advisory
system provided by an in-vehicle human–machine inter-
face, considering auditory perception characteristics in a
connected environment, Xu et al. reported that drivers’
total gaze duration (or glance in the original study) var-
ied between 1.0 and 2.3 s (67). However, Xu et al.’s study
did not explicitly mention the gaze duration of different
age groups, despite having a diverse sample size.
Heckman et al. analyzed drivers’ visual behavior during
vehicle reversing tasks and determined the factors affect-
ing the use of rearview camera displays (33). They found
that drivers between 18 and 39 years of age spent a larger
proportion of time looking at the rearview displays com-
pared with other age groups (40+ years), which contra-
dicts our finding, that is, Age Group 1 (18 to 24 years)
spent relatively less time on secondary tasks. This discre-
pancy can be explained in two ways. Firstly, the age

group in Heckman et al.’s study included a wider age
range (33). Secondly, the secondary task in their research
was, as mentioned, reversing the vehicle using the rear-
view camera display, whereby attention to the front driv-
ing scene was relatively less important; this latter aspect
was significantly different from our study, in which driv-
ers were required to simultaneously complete the second-
ary task and control the vehicle (33). However, a study
agreeing with our findings reported that young drivers
(aged between 23 and 46 years) spent a lower amount of
time using in-vehicle displays compared with other age
groups (98). Although the age groups in Mourant et al.’s
study and ours were dissimilar, the secondary task per-
formed (looking at an in-vehicle display) was similar,
resulting in complementary findings (98).

Age Groups 1 and 2 in our study represent the young
and middle-aged drivers reported in several studies (e.g.,
Ali et al. [99]). In general, relative to middle-aged drivers,
young drivers are novice, inexperienced, and have fre-
quently been reported to exhibit risk-taking behavior, such
as overtaking and speeding. Recognizing this risky beha-
vior, a general notion is that young drivers tend to have
longer gaze durations away from the driving scene, which
contradicts our finding. However, this could be explained
as follows: young drivers are generally tech-savvy and
more familiar with navigation or other in-vehicle informa-
tion systems, thereby taking a shorter time to complete the
task compared with middle-aged drivers.

The random parameter for Age Group 1 also sug-
gested that young drivers may take longer to complete
the secondary task (or may take their gaze away for a
longer time), indicating differential driver behavior.
Despite young drivers being tech-savvy, they sometimes
exhibit risk-taking behavior and take their eyes off the
driving scene for relatively lengthy periods. Young driv-
ers are often overconfident about their driving skills,
which can lead to an overreliance on their capabilities to
avoid any safety-critical events (100), as reflected in their
longer gaze durations.

Comparing Age Groups 3 and 2, drivers in Age
Group 3 completed their secondary tasks later than
those in Age Group 2 (see Figure 8b), thereby diverting
their gaze from the secondary task to the driving scene
later. Relative to Age Group 2, the probability of not
completing the secondary task for Age Group 3 at 1 s
was 4% higher. Figure 8b suggests that drivers in Age
Group 3 took about 0.17 s more time to complete their
secondary task compared with Age Group 2, implying
that drivers in Age Group 3 took relatively more time to
revert their gaze to the driving scene. Those qualifying
for Age Group 3 are generally termed ‘‘older drivers,’’
and in the literature, they are reported to possess slower
sensory motor/processing power, exhibit cautious driving
behaviors, and to perceive task difficulty to be high, all

Figure 8. Secondary task completion probability for (a) Age
Group 1 and (b) Age Group 3.
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of which can lead to an increased crash risk (101, 102).
Zhu et al. investigated the association between older driv-
ers’ driving style and crash risk and found that older driv-
ers who adopted a cautious driving style but were involved
in traffic crashes had poorer visual acuity and -contrast
sensitivity (103). These drivers are often not well-versed in
technology and hesitant to use it, thereby often taking
more time to complete such secondary tasks. Mourant
et al. found that older drivers take longer to engage with
in-vehicle information systems because they lack familiar-
ity with the technology, which is reflected in their lengthier
completion times for secondary tasks (98). Similar obser-
vations were made in our study, whereby older drivers
took more time to revert their gaze to the driving scene,
which could be risky and lead to safety-critical events. This
raises concerns about the use of in-vehicle information sys-
tems by older drivers, despite the technologies’ objective of
improving driving behavior. Older drivers’ reluctance to
use technology, being slower in its adoption, and an over-
reliance on their driving experience may not provide the
desired outcome of these systems. As such, it is imperative
that these systems are designed with these specific drivers
in mind and tailored to their needs, similarly with the need
to educate these drivers in using the technology.

Similar to Age Group 1, the random parameter for
Age Group 3 also suggested that not all older drivers
took longer to complete their secondary tasks: some
older drivers may have benefited from their extensive
driving experience, which made them risk-averse (104),
thereby redirecting their gaze to the driving scene sooner.

Gender Difference in Gazing Behavior

Using the developed model, the survival curves for not
completing the secondary task were developed (see

Figure 9). For male drivers, the probability of not com-
pleting the secondary task at 1 s was 65%, whereas the
corresponding probability for female drivers at the same
point was 49%. This finding implied that male drivers
were greater risk-takers than female drivers, and there-
fore more likely to engage in safety-critical events (105).
Figure 9 illustrates that male drivers took about 2.85 s to
complete their secondary task, whereas female drivers
took about 2.3 s, indicating the delayed reversion of gaze
to the driving scene by male drivers. Males are usually
risk-takers, comply less with traffic norms, and commit
more traffic offenses because of their biological-, psycho-
social-, and impulsive behavior. McDonald et al.
reported that male drivers are more likely to reoffend if
their violation is classed as dangerous and careless driv-
ing, when compared with similar drivers penalized for
other violations (e.g., seatbelt violations) (106).

Females are often risk-averse and take fewer risks
than men during driving (105), leading to shorter gaze
durations away from the driving scene. Females have
been reported to be fluent with technology (107) and
appear to complete the secondary task earlier than males.
Female drivers perceive the risks of engaging in second-
ary tasks relatively more than men, which reflects their
personal traits and driving attitudes (108).

Policy and Practice Implications

The developed model has provided several valuable
insights to enhance safety in real-world situations and has
practical implications for road authorities and wider sta-
keholders. Given that distracted drivers’ approaching
speed has detrimental effects on safety, lowering the speed
limit in high workload areas coupled with strong moni-
toring and enforcement (e.g., using artificial intelligence-
based CCTV and random mobile police checkpoints)
would provide two benefits: (i)minimizing TEORT of
distracted drivers, and (ii) harmonizing higher with lower
speed traffic by minimizing the large speed variations
applicable to both distracted and undistracted drivers—
this could be achieved via variable speed limits. This
application has shown safety benefits, for example, on the
M1 motorway in the UK (109). Further, based on the
study findings, tailored driver education programs should
only be targeted at the young and at the female drivers to
communicate the safety implications of secondary tasks.
For instance, presenting a solution-driven theory test on
explaining how collision probability increases when enga-
ging in secondary tasks while driving would enforce the
importance of minimizing secondary task involvement.
Finally, implementing strong enforcement, for example,
increasing demerit points and automatic cancellation of
licenses (for young drivers), could also help to combat
driver distraction.

Figure 9. Secondary task completion probability for gender.
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Analyzing the effects of secondary tasks on gazing
behavior provides an objective, quantitative measure for
understanding crash risk, which could be used to design
advanced driving assistance systems aimed at minimizing
distractions and their consequent effects. For example, a
recent study has highlighted that distraction feedback
from warning-based advanced driver assistance systems
(ADAS) effectively reduces instances of driver inatten-
tion, forward collisions, and lane departures (110).
Notably, half of the monitored fleet experienced at least
a 50% reduction in these warnings. In another study,
lane departure warnings decreased within 2 months of
ADAS usage, whereas warnings related to driver inatten-
tion and forward collisions dropped significantly after
6months, thus recommending design systems that con-
sider driving behavior in relation to spatiotemporal
mechanisms (111).

Conclusions

This study investigated drivers’ gaze duration away from
the driving scene, characterized by TEORT, while
engaged in secondary tasks, performed using in-vehicle
information systems. Eighty-five licensed participants,
aged between 18 and 65 years, were asked to perform
secondary tasks on a suburban road in a simulated driv-
ing environment: University of Kansas driving simula-
tor. The secondary tasks involved using a navigation
system for traveling to a planned destination—a com-
mon task in our daily routines. A correlated grouped
random parameters Weibull AFT model with heteroge-
neity in the mean was developed to model drivers’
TEORT during the secondary tasks.

Overall, the modeling results indicated the heteroge-
neous gazing behavior of the two driving groups. The
mean parameter of the young driver dummy variable
(Age Group 1) implied that the majority of these drivers
completed their secondary tasks earlier (or reverted their
gaze to the driving scene earlier), suggesting safer beha-
vior. However, some young drivers also took longer to
complete their secondary tasks, reflecting longer gaze
durations away from the driving scene, leading to a
higher likelihood of engaging in safety-critical events.
Similarly, the random parameter of older drivers (Age
Group 3) indicated that gaze durations could increase or
decrease: the lengthier durations were attributed to inex-
perience with technology, thereby taking more time to
revert gaze to the driving scene (risky driving). In con-
trast, a small cohorot of Age Group 3 took less time to
complete their secondary tasks, reflecting proactive driv-
ing behavior as these drivers, presumably, recognized the
direct risks of taking their gaze away from the driving
scene. Finally, females exhibited shorter gaze durations

than males, reflecting their safety-conscious, risk-averse
behavior. In addition to the aforementioned random
parameters, three nonrandom parameters were also
found to affect gaze duration: initial speed, speed fluc-
tuations, and the number of kilometers driven. Drivers
had shorter gaze durations when their initial speed was
higher, exhibited large speed fluctuations, and drove a
higher number of kilometers, mainly because of higher
perceived crash risk.

The findings of our study could contribute signifi-
cantly to the design of advanced driver assistance sys-
tems and to keeping the driver in the loop when they are
not actively driving but must continuously monitor the
system (e.g., in Levels 3 and 4 autonomous vehicles, in
which drivers may be required to take control). The find-
ings from this study could also help in designing adapta-
ble in-vehicle notifications for drivers of different age
groups and genders, given that their gaze durations were
found to vary. As such, futuristic in-vehicle design will
be human-centric rather than generic, thus catering to
the needs of diverse users.

Unlike most driving simulator–based studies, in which
driving behavior is compared in a relative manner (e.g.,
TEORT with and without mobile phone use), our study
analyzed gaze durations in an isolated fashion, mainly
because of a meaningless baseline condition in our con-
text, that is, drivers would have zero TEORT if there
were no secondary task to focus on.

As with all research, this study had limitations. It only
compared TEORT when engaged in one type of second-
ary task and under a specific cognitive workload (for
details, refer to Appendix A/Supplemental Material),
thereby restricting us from performing a comparative
analysis of varying gaze durations across different tasks.
Therefore, associating gaze durations with the workload
exerted by other secondary tasks merits investigation.
Similarly, assessing TEORT during different driving
tasks, such as merging and interacting with pedestrians,
would provide a more complete picture of gazing beha-
vior and its variations across driving tasks. Moreover,
although this study evaluated gazing behavior in a high
cognitive load environment, gradually elevating this cog-
nitive load to determine the optimal point at which driv-
ing behavior starts to deteriorate would have significant
value. This study also did not investigate how gazing
behavior varies as a function of time of day and environ-
mental conditions, which might lead to different gazing
behavior, thus requiring a separate investigation. Finally,
this study did not use any sophisticated techniques for
capturing/testing all possible combinations of interaction
terms in the model (e.g., a decision tree). Future studies
could employ machine learning techniques to test all pos-
sible combinations in the model.
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