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Abstract

While advanced driving assistant systems (ADAS) can offer significant benefits to driving
safety, driver behaviors are still critical to driving safety, especially in hazardous scenarios.
Though ADAS can handle most of the operational driving tasks, they are still less capable of
understanding evolving traffic scenarios and hence are less defensive compared to human
drivers. Further, most existing studies focused on the influence of ADAS on the behaviors of
passenger vehicles, but the safety of long-haul trucks is of more concern. Thus, it becomes
imperative to understand how ADAS affects driver behaviors, especially defensive driving
behaviors, among long-haul truck drivers. To address this research gap, a naturalistic driving
experiment among long-haul truck drivers was conducted, where 868 right-side-merging
events that can allow defensive driving behaviors were extracted. Drivers’ defensive driving
behavior decision (i.e., yes or no), defensive driving behavior type (i.e., which type of defensive
driving behavior), and time to defensive driving behavior were modeled. Results show that
ADAS can facilitate drivers’ defensive driving behaviors, as indicated by a higher percentage
of actions and quicker responses when approaching hazardous areas. Further, drivers’
defensive driving behaviors (likelihood and types) changed with the progress of the drive,
drowsiness levels, traffic conditions, and ADAS availability. Findings from this study provide
insights into understanding truck drivers’ behaviors in the context of driving automation and
guide the design of future driver training programs for ADAS users, human-machine interfaces
of ADAS, and laws or regulations regarding the adoption of ADAS in long-haul trucks.

Keywords: ADAS; Truck Drivers; Defensive Driving Behaviors; Driving Time; Influential

Factors.
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1. Introduction

Long-haul truck drivers, typically faced with demanding driving tasks (e.g., 10-14
hours driving), play a crucial role in transporting goods across long distances (e.g., up to 800-
1200 kilometers in a single trip) (Dubey and Gunasekaran, 2015). Due to its huge mass, the
outcomes of truck-involved crashes are usually severe and with high fatality rates (e.g., up to
63.4% fatality rate of front seat passengers in the involved passenger cars) (Sohu, 2024). The
safety of long-haul trucks is especially important, given the long driving hours and distance as
well as the complex traffic environment. Thus, truck drivers usually need to undergo more
rigorous licensure procedures and driver education to ensure their capabilities to handle long-
haul driving tasks.

Defensive driving, defined as “driving to save lives, time, and money, in spite of the
conditions around you and the.actions of others” (National Safety Council, 2024), has been
identified as a driving skill that is critical to driving safety (New York State Department of
Motor Vehicles, 2020). However, the defensive driving among long-haul truck drivers has been
under-investigated. Especially, the unique characteristics of truck driving, such as the large size
and mass of the truck, long stopping distances, and large blind areas, make defensive driving
especially important but challenging in trucks. Thus, understanding and facilitating these two
skills among truck drivers is essential to their driving safety.

At the same time, to improve driving safety, vehicle manufacturers and truck fleets have
started to deploy ADAS systems on trucks. Though the ADAS, such as adaptive cruise control,
lane centering control, and lane departure warning, provide drivers with real-time information

and assistance to mitigate potential risks on the road (Huang et al., 2023), according to the
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taxonomy by the Society of Automotive Engineers (SAE), most of them in the market still
belong to SAE Level 2 driving automation (SAE International, 2021). To ensure traffic safety
when driving with ADAS, drivers still need to maintain their situation awareness of the traffic
environment and take over control of the vehicle in case of emergent conditions that are out of
the operational design domain of ADAS (Capallera et al., 2023). Especially, as the ADAS
available in the market is still less capable of handling tactical driving tasks, defensive driving
may still be critical to the safe transfer of control in vehicles with ADAS. However, to the best
of our knowledge, most ADAS-related research focused on drivers of passenger cars (Lai et
al., 2010; Lindgren et al., 2009; Madigan et al., 2018; Masello et al., 2023) and even few have
investigated drivers’ tactical driving skills when driving with ADAS (He et al., 2021). Thus,
given the unique characteristics of long-haul driving as compared to driving in passenger cars,
we have our first research question (RQ):

® RQ 1: will ADAS affect defensive driving performance among long-haul drivers?

In the context of long-haul driving, where drivers are often exposed to fatigue, monotony,
and extended hours on the road (Meng et al., 2015), ADAS could help reduce the workload of
drivers by manipulating operational tasks for drivers in some circumstances (Huang et al.,
2024), thus facilitating defensive driving behaviors, as drivers have more spare cognitive
resources. Therefore, we have the following hypothesis for RQ 1 (HI1):
® HI: ADAS could facilitate the defensive driving performance among long-haul drivers.

On the other hand, when studying the behaviors of long-haul driving, driver fatigue has to
be considered (Di Milia, 2006; Romo et al., 2014), given the high prevalence and severe

outcome of fatigue driving in long-haul driving tasks. For example, a questionnaire study found



87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

that 27.8% of heavy truck drivers often feel fatigued during driving (Perttula et al., 2011). Thus,

given that excessive driving time is the leading cause of truck driver fatigue (Meng et al., 2015)

and ADAS was widely acknowledged to increase the drowsiness level of drivers in passenger

cars (e.g., Korber et al., 2015; Vogelpohl et al., 2019), we have our second research question:

® RQ 2: what is the compound effect of ADAS and long driving hours on truck drivers’
defensive driving behaviors?

Although long driving hours may lead to diminished driver vigilance, reduced situational
awareness, and slower reaction times (Jarosch et al., 2019; Korber et al., 2015), ADAS may
alleviate the negative effect of long driving hours by slowing down the accumulation of fatigue
after long driving. Therefore, we have the following hypothesis for RQ2 (H2):
® ADAS may enhance truck drivers’ defensive driving behaviors even after long driving

hours.

To answer these two research questions, being different from most existing relevant studies
conducted in the lab environment, a naturalistic driving experiment was conducted, and we
investigated the influence of driving time and driving mode (with ADAS or not) on drivers’
defensive driving behaviors in a typical event, i.e., the right-side-ramp merging events. To the
best of our knowledge, this study is the first study that investigated the defensive driving
behaviors of professional truck drivers in the context of ADAS and the first study that
investigated defensive driving skills in a naturalistic driving experiment. The findings of this
study have practical implications for the design and implementation of ADAS in long-haul

trucks.
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2. Literature Review
2.1 Hazard Perception and Defensive Driving

The hazard perception can be defined as “a driver's capability to anticipate hazardous
events on the road ahead” (Horswill, 2016). Hazard perception has attracted the attention of
many researchers in the past few decades. For example, research in passenger cars has
identified a number of factors affecting drivers’ hazard perception skills, for example, the
driving experience (e.g., Borowsky and Oron-Gilad, 2013; Sagberg and Bjernskau, 2006),
cognitive distraction (e.g., Ebadi et al., 2019; Savage et al., 2020), visual distractions (Wood et
al., 2016), and fatigue (e.g., Deery, 1999; Horswill and McKenna, 2004), and training programs
have been proposed to improve hazard perception skills (e.g., Horswill et al., 2023, 2021).
However, it should be noted that hazard perception does not guarantee appropriate actions. As
a comparison, defensive driving involves adopting a proactive approach (e.g., recognizing and
responding to potential hazards in the driving environment) to minimize collision risks and
avoid potential accidents. Thus, defensive driving can be an outcome of hazard perception but
involves decision-making in addition to hazard perception. A few studies have investigated the
relationships between hazard perception and defensive driving behaviors, though they used
different terminologies. For example, Stahl et al. (2014a) proposed that drivers may take multi-
stage cognitive processes to decide “anticipatory driving behaviors™ to avoid potential hazards,
in which, the “anticipatory driving behaviors” was defined as “the identification of
stereotypical traffic situations on a tactical level through the perception of characteristic cues,
and thereby allows for the efficient positioning of a vehicle for probable, upcoming changes in

traffic” (Stahl et al., 2014b) and can be regarded as a type of defensive driving behavior. Later,
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He et al conducted a few more driving simulator studies regarding anticipatory driving
behaviors (e.g., He et al., 2021; He and Donmez, 2022). However, defensive driving was not
investigated in on-road studies, especially among truck drivers.
2.2 Driver’s Behavioral Adaptation When Driving with ADAS

Drivers’ behavioral changes when driving with ADAS have been well-documented in
previous research. For example, through driving simulator experiments, Dotzauer et al. (2015)
revealed that, compared to manual driving conditions, drivers allocated less attention to left
and right at intersections when they were driving ADAS; Hiraoka et al. (2010) found that,
although drivers may drive faster with ADAS; they also responded to unsafe events faster
compared to when driving manually, which might be the result of risk compensation; Bianchi
Piccinini et al. (2014) found that adaptive cruise control (ACC) can lead to safer time headways
compared to drives without using ACC. In addition to driving simulations, a few naturalistic
driving studies were also conducted regarding drivers’ behavior changes when driving with
ADAS. For example, using the naturalistic driving data from 79 participants for 6 months, Lai
et al. (2010) investigated drivers’ behavioral changes as a function of their exposure to the
intelligence speed adaptation (ISA) system, and they found that with the increase of exposure
to the ISA system, drivers were more incline to override the ISA system. Bao et al. (2020) also
examined teen drivers’ car-following behaviors under conditions with and without ADAS, and
they found that there were potential negative effects of ADAS on teen drivers’ car-following
behavior. For example, teen drivers had less controlled pedal use when driving with ADAS
than that of driving without ADAS and teen drivers exhibited no compensation behaviors for

poor vision conditions compared to adult drivers when using ADAS.
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Several more recent studies have tried to explore the direct influence of ADAS on the
driving behaviors among passenger vehicle drivers (e.g., Pai and Pradhan, 2024). For example,
Gouribhatla and Pulugurtha (2022) evaluated the influence of ADAS on drivers’ behaviors in
three different scenarios (i.e., rural, urban, and freeway driving scenarios) through a driving
simulator experiment among 43 passenger vehicle drivers aged 16 to 65, in which they found
that ADAS made drivers be less aggressive, and such influence varied in rural, urban, and
freeway driving scenarios. Gao et al. (2022) investigated how ADAS affected drivers’ choice
of evasive behaviors in near-crash events using an on-road experiment with 20. passenger
vehicle drivers aged 16 to 65, in which they found.that ADAS engagement could help drivers
maintain a larger time headway when taking evasive action. The results also indicated that
ADAS engagement could help reduce the occurrence of near-crash events and reduce the
probability that drivers in medium and high-risk-groups (i.€., driving risk levels obtained from
the clustering of driving behaviors in near-crash events) choose overtaking behavior. Moreover,
Chen et al. (2025) proposed a functional data analysis approach to analyze the effect of ADAS
(i.e., forward collision warnings) on drivers’ speed choice, in which they found that the effect
of warning messages is time-dependent, initially increasing before progressively decreasing
over time, rather than following a simple monotonic decline.

2.3 The Influence of ADAS on Drivers’ Hazard Perception Performance

Several previous studies have evaluated the influence of ADAS on drivers’ hazard
perception performance. For example, a 40-minute simulated automated driving experiment by
Greenlee et al. (2018) revealed that, with the increase in driving time, drivers’ hazard detection

rate declined, and reaction times increased precipitously. They also found that it is challenging
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for drivers to continuously monitor the roadway environment when the automation is
controlling the vehicle. In a driving simulator experiment, Samuel et al. (2020) also found that
when driving with high-level vehicle automation (i.e., SAE L3), drivers were less likely to
anticipate latent hazards than those in manual condition. Another driving simulator study by
He et al. (2021) found that, in SAE Level 2 vehicles, drivers who performed the secondary task
were less likely to perform anticipatory driving behaviors; while experienced drivers exhibited
more anticipatory driving behaviors than novice drivers, i.e., the driving experience can still
facilitate anticipation in vehicles with ADAS. Greenlee et al. (2024) further compared drivers’
hazard perception performance under both ADAS conditions and manual conditions in a
similar 40-minute simulated drive. They found that compared to manual driving, drivers in the
ADAS condition exhibited lower sensitivity to hazards and a higher tendency to make false
alarms with the progress of the experiment. In summary, compared to manual driving, drivers
exhibit worse hazard perception performance when driving with ADAS. However, it should be
noted that all the above-mentioned studies. in this section were conducted in the driving

simulator and only focused on passenger vehicle drivers.

3. Method

3.1 Data Sources

The data used in this study was based on a naturalistic driving experiment in China from
Nov. 2023 to Dec. 2023. As shown in Figure 1, a Jie Fang J7 heavy truck developed by FAW
Jiefang (total length: 18 meters, total weight: 31.75 tons) was used in the experiment, which is
powered by the CA6DM3 inline six-cylinder diesel engine, delivering up to 560 horsepower

and 2,600 Nm of torque. The experiment vehicle equipped with ADAS containing various
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functions, including adaptive cruise control, lane centering control, lane departure warning,
within-lane trajectory fine-tuning (that adjusts the lateral position slightly to avoid obstacles),
and automatic lane changing (that changes lane when drivers initiate the turning light). The
experiment route was a real operation route of an express company in China, from Suzhou,
Jiangsu, to Xiaogan, Hubei, totaling 802 km, of which 785 km was highway. The average
driving time was 10.8 hours with a standard deviation (SD) of 0.36 hours, of which the average
driving time on the highway was 10.3 hours with an SD of 0.33 hours. The experiments were

conducted on weekdays to avoid the potential influence of traffic flow variations on weekends

and holidays and the departure time was set at around 7.30 am.

Figure 1. The Jie Fang J7 truck used in the experiment

Figure 2 presents the overall methodological framework of this study. During the
experiment, the road environment was recorded by a camera embedded in the ADAS system
of the truck at a frequency of 10 Hz and the vehicle kinematic information was recorded by the
control system of the truck at a frequency of 10 Hz. For the in-vehicle environment, inspired
by previous studies (He et al., 2021), we recorded drivers’ hand movements (i.e., camera 1 in
Figure 2) and foot movements (i.e., camera 2 in Figure 2) using two separate cameras at a
frequency of 30 Hz. At the same time, drivers’ eye movement behaviors during driving were
recorded at a frequency of 60 Hz using a dashboard-mounted eye tracking system (Smart Eye

Pro with three cameras, Sweden), which worked in a non-intrusive manner and would not
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influence drivers’ normal driving behaviors. To ensure accurate gaze capture, gaze calibration
was re-conducted whenever the driver left the vehicle for a short break during the experiment.

To ensure safety during the use of ADAS on publicly open roads, after screening, three
professional long-haul truck drivers (all males, average age = 43 years old) who have used
ADAS for more than two years participated in this experiment. Each driver completed 2 round
trips, each taking 2 days, totaling 4 days of experiment. In each round trip, a driver drove
manually one day and with the help of ADAS the other day. The order of the two drives (i.e.,
with and without ADAS and destinations of drives) was balanced. To avoid possible fatigue
accumulation, the gap between two round trips for each driver was at least 5 days. In total, over

120 hours of naturalistic driving data on highways was collected.

Out-of-vehicle Environment In-vehicle Environment

Vehicle Kinematics

Without eve tracking

!

Data synchronization

|

Event and variable extraction

!

Statistical analysis

Figure 2. The overall methodological framework of this study
3.2 Event Description
This study focused on one representative scenario where defensive driving can be extracted,

1.e., right-side-ramp merging events when the truck (or ego-vehicle) approaches a ramp
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entering the highway from the right side of the highway. As shown in Figure 3, the truck (ego-

vehicle) approached the highway on the right lane, given that the left lane of the highway was

designed for high-speed vehicles (e.g., SUVs or sedans). In this study, a potential traffic

conflict could happen when a vehicle on the ramp merges into the main road, requiring drivers

to perform defensive driving behavior to ensure safety (either changing into the left lane

temporarily, slowing down to give more space to the merging vehicle, or accelerating to pass

the entrance before the merging vehicle). The time range of this event'was defined as from the

moment that the ramp became visible from the view of the ego vehicle to the ego vehicle

arriving at the ramp entrance. This event was selected as it is one of the most common safety-

critical events on highways and has been used as a typical hazardous scenario in previous

research (Yan et al., 2024). In total, we extracted 868 right-side-ramp merging events.

Action — Change lane

Action — Accelerate

Action — Decelerate

No action — With preparation

Figure 3. Demonstration of the scenario and different defensive driving behaviors
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3.3 Variable Extraction

Based on the events described above, several variables used in this study were extracted,
and the definition and distribution of all extracted variables were presented in the Appendix.
The Driver indicates the numbering of three involved drivers. The RampVehicleOrNot
indicates whether a vehicle was visible or not in the ramp when the ramp became visible and
it may influence the types of actions our driver took. The DrivingMode indicates whether the
ego vehicle was controlled by ADAS or controlled by human drivers. The TimePeriod indicates
the time that the event happened in a trip, starting from the moment the vehicle entered the
highway. Following previous research, we extracted drivers’ percentage of eye closure
(PERCLOS) over 80% as the proportion of time within the 60 s before (Feldhiitter et al., 2019)
the earliest moment that the ramp became visible as an indicator of fatigue levels, given that
fatigue levels may impact drivers’ behaviors (Jarosch et al., 2019; Korber et al., 2015). The
EgoVehicleSpeed refers to the speed of the ego vehicle when the ramp becomes visible.

For drivers’ defensive behaviors, the BehaveOrNot indicates whether the driver exhibited
defensive driving behaviors or not. For a defensive driving behavior, we further defined four
behavior types (BehaviorType) as follows (see Figure 3):

® Change Lane (ChangeLaneOrNot): The truck driver temporarily changed to the left lane
before arriving at the ramp entrance to avoid the potential traffic conflict.

® Accelerate (AccelerateOrNot): The truck driver accelerated to pass the ramp entrance
before the merging vehicle arrived. It should be noted that, to eliminate the potential
cases that drivers were maintaining the speed during driving while not accelerating for

passing the ramp entrance in advance, the cases with small speed changes (i.e., <5 km/h)
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between the moment of ramp visible and the moment of arriving ramp entrance were
excluded from the analysis following Yarlagadda et al. (2021).

® Decelerate (DecelerateOrNot): The truck driver decelerated to retain enough space for
the merging vehicle to enter the highway first.

® No action but with preparation (PreparationOrNot): The truck driver did not actively
react to the potential traffic conflict but prepared for intervention. The preparation
behaviors include putting the right foot on the brake pedal, putting the right foot on the
acceleration pedal, and putting the left hand on the turning light lever (to prepare to
activate the turning signal and change lanes).

To quantify the factors that might influence drivers’ defensive driving behaviors, we
encoded drivers’ defensive driving behaviors using binary variables (yes or no) individually.
Finally, to quantify the performance of the defensive driving behaviors, following He and
Donmez (2022), we extracted the TimeToBehavior as the time gap between the moment the
ramp became visible (i.€., Trampvisibie) t0.the moment that the driver performed the first
defensive behavior (i.€., Trirst defensive behavior):

TimeToBehavior = Tfirst aefensive behavior — Tramp visite (1)

To account for the different levels of emergency induced by different ramps, we further

calculated the PercentgeTimeToBehavior for each right-side-merging event through the

following equations:

TimeToBehavior

PercentageTimeToBehavior = 7 (2)

ramp entrance ~ Tramp visible
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where Trgmp entrance Stands for the moment that the ego vehicle passed the ramp
entrance and Trgmp entrance Stands for the moment the ramp became visible. Smaller
PercentgeTimeToBehavior values indicated that drivers performed defensive driving behaviors
earlier.
3.4 Statistical Analysis

All statistical models were built in SAS OnDemand for Academics. As shown in Table 1,
we fitted five binomial logistic regression models (using PROC GENMOD) for the binary
dependent variables BehaveOrNot, ChangelLaneOrNot, AccelerateOrNot, DecelerateOrNot,
and PreparationOrNot, and one linear regression. model (using PROC MIXED) for the
dependent variable PercentgeTimeToBehavior. (i.e., continuous variable). The independent
variables in all fitted models included RampVehicleOrNot, DrivingMode, TimePeriod,
PERCLOS, EgoVehicleSpeed, and their two-way interactions. The repeated measures (i.e.,
each driver experienced multiple merging events) were accounted for by the generalized
estimating equations (GEE) method. We first fitted a full model with all independent variables,
and then we applied a backward stepwise selection method (James et al., 2021) based on Quasi-
likelihood under the Independence model Criterion (QIC) (i.e., for logistic regression models)
(Pan, 2001) and Bayesian Information Criterion (BIC) (i.e., for linear regression models)
(Burnham and Anderson, 2004). Post-hoc comparisons were performed for significant main

effects or interaction effects (p <.05).
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Table 1. Summary of the fitted models

Model | Dependent Variables Independent Variables Purpose
#
Model 1 | BehaveOrNot ® Ra.m'pVehicleOrNot To inve.stigate tbe
® DrivingMode factors influencing the
® TimePeriod exhibition of defensive
® PERCLOS driving behaviors
® EgoVehicleSpeed 1VH00&° ()5%+)"4), "#-+.)"/ (¢
Model 2 | ChangeLaneOrNot 8 . P . PREQS)™) S
® Two-way interactions $%-01"%_$%*5) , "#)23" (¥"-#
Model 3 | Accel O among all five variables | 4/8&"/(544"-"%($8"
ode ccelerateOrNot A1S8S146" , +88"(
Model 4 | DecelerateOrNot
Model 5 | PreparationOrNot
1V58008." ()5*+)"4), "#-+.)"/ (¢
Model 6 | PercentageTimeToBehaviour WA (5)°%) K
$6-01"%.$%*F) , "$)$7 "¢
)+87 %) " #8%8)$+) "¢
47 -"0%(5& " #4/5& 8%+
6" ,+&8"/(
4. Results

4.1 Factors Influencing the Exhibition of Drivers’ Defensive Driving Behaviors
Table 2 summarizes the Wald statistics for type 3 GEE analysis for Model 1. It was found
that PERCLOS, TimePeriod, and the interaction between DrivingMode and
RampVehicleOrNot influenced drivers’ defensive driving behaviors. Specifically, every 1%
increase in PERCLOS led to a 0.77 (95% confidence intervals (CI): [0.74, 0.80], ! 2(1)=201.91,
p <.0001) multiplicative decrease in the odds of drivers exhibiting defensive driving behaviors.

Besides, every 1-hour increase in TimePeriod led to a 1.05 (95%CI: [1.01, 1.09], ! 2(1) = 5.02,

p <.0001) multiplicative increase in the odds of drivers exhibiting defensive driving behaviors.
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For the interaction effect between DrivingMode and RampVehicleOrNot, compared to the
events without a vehicle in the ramp, drivers were more likely to show defensive driving
behaviors when there was an incoming vehicle in the ramp, but to different extents in ADAS
(odds ratio (OR) =4.14, 95%CI: [3.22,5.33],! 2(1) =122.71, p <.0001) and manual conditions
(OR = 27.94, 95%CI: [20.67, 37.77], ! 2(1) = 469.18, p <.0001). When there was no vehicle
in the ramp, compared to manual driving, drivers had a higher likelihood of having defensive
driving behaviors when the ADAS was controlling the vehicle (OR = 8.25, 95%CI: [5.42,

12.56], 1 2(1) = 96.93, p <.0001). No other significant post-hoc comparisons were observed

(p>.05).
Table 2. Wald statistics for type 3 GEE analysis
Independent Variable I 2-value !

DrivingMode 1.2(1)=30.48 <.0001
RampVehicleOrNot 12(1)=319.78 <.0001
DrivingMode* RampVehicleOrNot 1'2(1)=378.99 <.0001
PERCLOS 12(1)=201.91 <.0001

TimePeriod 12(1)=15.02 .03

4.2 Factors Influencing the Types of Drivers’ Defensive Driving Behaviors
Figure 4 presents the distribution of various defensive driving behaviors throughout drives

under both ADAS and manual driving conditions.
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marizes the factors influencing the types of defensive driving behaviors drivers
took. We found that RampVehicleOrNot (! %(1) = 10.83, p = .001) and the interaction between
DrivingMode and TimePeriod (! *(1) = 14.44, p = .0001) significantly influenced if drivers
chose to change lane or not. Post-hoc comparisons revealed that, compared to the events
without a vehicle in the ramp, drivers had a lower likelihood of changing lanes when there was

a vehicle in the ramp (OR = 0.36, 95%CI: [0.20, 0.66], ! 2(1) = 10.83, p = .001). Besides, we
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found that each 1-unit increase in the TimePeriod (i.e., 1 h) led to lower likelihood of drivers

changing the lane, although to different extent in ADAS (OR =0.81, 95%CI: [0.79, 0.83],! 2(1)

=203.26, p <.0001) and manual driving conditions (OR = 0.93, 95%CI: [0.88, 0.99], ! 2(1) =
4.84, p=.03).

Table 3. Summary of factors influencing drivers’ various defensive driving behaviors
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For the behavior type of Accelerate, we found that RampVehicleOrNot (! (1) = 37.39, p
<.0001) and the interaction effect between DrivingMode and TimePeriod (! *(1) = 800.83, p
<.0001) were significant predictors. Specifically, compared to the events without a vehicle in
the ramp, drivers had a higher likelihood of accelerating when there was a vehicle in the ramp
(OR =2.28,95%CI: [1.75,2.98],! 2(1) = 37.39, p < .0001). When the DrvingMode was ADAS,
each 1-hour increase in the 7TimePeriod led to a lower likelihood of drivers accelerating in the
events (OR = 0.65, 95%CI: [0.60, 0.70], ! (1) = 112.15, p < .0001). No other significant post-

hoc comparisons were observed (p > .05).
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For the behavior type of Decelerate, we found that RampVehicleOrNot (! (1) = 10.92, p
=.001), PERCLOS (! %(1) = 5.00, p = .03), and the interaction effect between DrivingMode and
TimePeriod (' *(1) = 24.05, p < .0001) to be significant predictors. Post-hoc comparisons
revealed that, compared to the events without a vehicle in the ramp, drivers had a higher
likelihood of decelerating when there was a vehicle in the ramp (OR = 21.08, 95%CI: [3.46,
128.56], ! 2(1) = 10.92, p = .001). Besides, each 1% increase in the PERCLOS led to a higher
likelihood of drivers decelerating in the events (OR = 1.09, 95%CI: [1.01, 1.18], ! 2(1) = 5.00,
p = .03). At the same time, each 1-hour increase in the TimePeriod led to a higher likelihood
of drivers decelerating in the events, although to different extents in ADAS (OR =1.70, 95%CI:
[1.41,2.04],!2(1)=32.13, p <.0001) and manual conditions (OR = 1.32, 95%CI: [1.17, 1.49],
12(1)=19.62, p=<.0001).

For the behavior type of Preparation, we found that RampVehicleOrNot (! 2(1) = 40.94, p
<.0001), EgoVehicleSpeed (! *(1) =210.31, p < .0001), and the interaction effect between
DrivingMode and TimePeriod (! *(1).= 51.50,;p < .0001) to be significant predictors. It was
found that, compared to the events without a vehicle in the ramp, drivers had a lower likelihood
of'exhibiting no action but preparation when there was a vehicle in the ramp (OR = 0.64, 95%CI:
[0.56, 0.74], 12(1) = 40.94, p < .0001). Besides, we found that each 1 km/h increase in
EgoVehicleSpeed led to a 1.04 (95%CI: [1.03, 1.05], ! 2(1) =210.31, p <.0001) multiplicative
increase in the odds of drivers exhibiting Preparation. Besides, when the DrivingMode was
ADAS, each 1-hour increase in the TimePeriod led to a higher likelihood of drivers exhibiting

Preparation (OR = 1.13, 95%CI: [1.11, 1.15], 1 2(1) = 217.88, p <.0001). However, each 1-
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hour increase in the TimePeriod led to a lower likelihood of drivers exhibiting Preparation
when the DrivingMode was Manual (OR =0.86, 95%CI: [0.81,0.91], ! 2(1) =22.86, p <.0001).
4.3 Factors Influencing Time Taken to Initiate Defensive Driving Behaviors

Table 4 summarizes the Type 3 tests of fixed effects in Model 6. It was found that
RampVehicleOrNot (F (1, 2) = 25.86, p = .04) and the interaction between DrivingMode and
TimePeriod (F (1, 524) = 10.58, p = .001) significantly influenced drivers’ time to defensive
driving behaviors. More specifically, for the RampVehicleOrNot (i.e., as shown in Figure 5-A),
post-hoc comparisons revealed that, compared to the case of ne vehicles in the ramp, drivers
would perform the defensive driving behavior within <a shorter time when there was an
incoming vehicle in the ramp (A = -5.0%, 95%CI: [-9.3%, -0.7%], t (2) =-5.09, p = .04). For
the interaction effect between DrivingMode and TimePeriod, as shown in Figure 5-B, we found
that when the DrivingMode was ADAS, the TimePeriod had no significant effect on drivers’
defensive driving behavior time (t (524) = -0.95, p = .3); while when the DrivingMode was
Manual, each 1-unit increase in TimePeriod would lead to a 0.83% increase in drivers’
PercentageTimeToBehavior (t (524) = 3.43, p = .0006).

Table 4. Type 3 tests of fixed effects in Model 6

Independent Variable F value !
DrivingMode F (1,2)=54.63 .02
TimePeriod F (1, 524)=4.10 .04
DrivingMode*TimePeriod F (1,524)=10.58 .001
RampVehicleOrNot F (1,2)=25.86 .04




392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

>
w

DrivingMode -+ ADAS -+ Manual

—
2 75% . . .
3 2 . s . .
[} © 75%1 . ¢ o o o
3 v PR SRR
4 ° °
< I B SR PR A I
£ —— ; | O R IR R B
i 50%1 - g |t i ptdt=
o b I 2 7 i§50%- — ; I
uh-.—l 8 | g 3 8
S i QJ . [ | [ ] . ]
5 F et 3 S .
[ fedlg 5| RRE
o/ | : [ |
o = ! S 25% ]
|
| o
no yes 3 6 9
RampVehicleOrNot TimePeriod

Figure 5. Post-hoc comparisons for the RampVehicleOrNot and the interaction between
DrivingMode and TimePeriod
5. Discussion
Based on the data extracted from a naturalistic driving experiment, this study investigated

the influential factors of drivers™ defensive driving behaviors in the right-side-ramp merging
events. More specifically, this study mainly focused on revealing the effects of selected factors
(e.g., DrivingMode and TimePeriod) on the existence, type, and timing of drivers’ defensive
driving decisions. To the best of our knowledge, this was the first time that truck drivers’
behaviors when driving with ADAS were investigated in a naturalistic driving experiment
setting. Findings from this study could provide insights into understanding professional drivers’
behaviors in the context of ADAS, and guide the future design and optimization of professional
driver training programs to enhance traffic safety. Our discussion is organized based on the
types of influential factors of truck drivers’ defensive driving behaviors, including the ADAS

alone, the ADAS and the long-hour driving as well as the types of traffic scenarios.
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5.1 The effects of ADAS on the Performance of Defensive Driving among Truck
Drivers

The ADAS was found to influence truck drivers' likelithood of exhibiting defensive driving
behaviors and the influence depends on the presence of other vehicles on the ramp. Specifically,
when there was no vehicle on the ramp, driving with ADAS led to more defensive driving
behaviors compared to manual driving. However, when there is an incoming vehicle on the
ramp, the ADAS does not provide a significant advantage over manual driving in terms of
defensive driving behaviors. Given that in general, divers were likely to show defensive driving
behaviors when there was an upcoming vehicle on the tamp and drivers in manual driving
conditions were more sensitive to the existence of the upcoming vehicle compared to drivers
with ADAS, it is likely that drivers were not confident enough in ADAS and thus they chose
to be prepared for takeover anyway whenever thete is a need for potential actions. This finding
agrees with the timing of the defensive driving, i.e., ADAS consistently led to shorter response
time throughout the drive, indicating that our participants were more active in responding to
potential hazards when driving with ADAS compared to when driving manually.

The more active defensive driving with ADAS compared to that in manual driving mode
is in contrast with the survey-based findings among general users of ADAS, who reported high
trust in ADAS (Huang et al., 2023) and exhibited over-reliance on ADAS (Chu and Liu, 2023).
It is possible that commercial drivers held more responsibilities and they tended to exhibit
different characteristics when using ADAS, as has also been observed in other studies
regarding driver fatigue when driving with ADAS (Huang et al., 2024). It is also possible that

drivers experienced a relatively higher workload in manually controlling the vehicle (Gimeno
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et al., 2006), especially when controlling long-haul trucks, which are more difficult to control
compared to sedans or SUVs; while in the ADAS condition, most of the vehicle control tasks
were handled by the ADAS system, thus drivers had more spare capability to handle defensive
driving tasks (May and Baldwin, 2009).

Finally, it should be noted that drivers had different preferences regarding the types of
actions to take. A large portion of the actions ADAS users took was preparation, while the
actions adopted by manual vehicle drivers were more evenly distributed. It seems that though
ADAS users took more defensive actions, they still let ADAS handle the driving tasks unless
it was really necessary to take action. Such passive responses may potentially benefit the traffic
flow, by reducing speed violations and lane changes, validating the benefits of deploying
automated vehicles observed in traffic simulation in previous studies (e.g., F. Zheng et al., 2020;
Y. Zheng et al., 2020).

5.2 The Compound Effect of ADAS and Long Driving Hours on Truck Drivers’
Defensive Driving Behaviors

Given that fatigue is a major safety concern in long-haul driving, we also observed how
drivers’ defensive driving behaviors change with the progress of the drive. We first found that
as driving time increased, truck drivers became more likely to exhibit defensive driving
behaviors; but the increase in drowsiness (as measured by PERCLOS) decreased the likelihood
of exhibiting defensive driving behaviors when both driving manually or with ADAS. It should
be noted that the PERCLOS was not significantly correlated with the driving time in our study
(r=.02, p =.6). The effect of drowsiness is straightforward, as defensive driving, as an action

in response to hazard perception, consumes cognitive resources (Wickens et al., 2021). Thus,
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the low level of arousal as a result of drowsiness (Yerkes and Dodson, 1908), can impede
defensive driving behaviors, as has also been observed in previous driving simulator studies
among drivers of passenger vehicles (e.g., Feldhiitter et al., 2019; Vogelpohl et al., 2019). But
for the first time, such a phenomenon has been observed on the road and among professional
drivers. The effect of the driving time, somehow, is counterintuitive. One possible explanation
is that truck drivers hold high standards in transportation safety (McKerral and Pammer, 2021;
Pammer et al., 2021). Thus, as the driving time increased, being aware of the potential risks
associated with fatigue (Meng et al., 2015), they actively adopted safety-oriented driving
strategies as compensation, which can be regarded as a proactive strategy to enhance safety on
the road, particularly when facing potential fatigue-related impairments (Jiang et al., 2017).
However, it should be noted that drivers may still not be able to fully compensate for the effect
of the prolonged driving duration, as with manual driving mode, drivers' response time still
increased, potentially due to the fatigue accumulation; while such a trend was not observed in
ADAS condition, likely due to the lower overall workload when ADAS took most of the
driving tasks (e.g., Antony and Whenish, 2021; Dunn et al., 2019). This difference highlights
the benefits of the ADAS in long-haul driving.

Further, drivers’ type of defensive driving styles also showed obvious trends with the
progress of the drives. As drivers spent more time on the road, in general, drivers became more
conservative in terms of the selected defensive driving behaviors. Specifically, drivers were
less likely to change lanes and more likely to decelerate when encountering ramp merging and
this effect was more pronounced in ADAS conditions. Further, drivers with ADAS were less

likely to accelerate, while this effect was not observed in manual driving conditions. It is likely
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that aggressive reactions, such as accelerating and changing lanes, require more attentional
resources (e.g., when changing lanes, drivers need to check the nearby lanes); but with the
progress of the drive, drivers became fatigued and they tended to choose actions that were less
cognitive demanding, i.e., decelerating anyway. This effect is in line with our finding that an
increase in drowsiness, as indicated by PERCLOS, was associated with a higher likelihood of
deceleration, potentially as a compensatory mechanism to mitigate the risks associated with
fatigue (Perttula et al., 2011). It should be noted that the effect of driving time on the type of
defensive driving strategies was more obvious in ADAS conditions, likely because drivers
experience lower workloads with the help of ADAS (Shahini and Zahabi, 2022), and taking
aggressive actions required more additional effort compared to when driving manually. It is
also possible that professional drivers tend to adopt conservative driving strategies as
compensation for fatigue induced by prolonged driving tasks (Jiang et al., 2017).

Finally, it is interesting to notice that the relationship between driving time and preparation
also differs with different driving modes. An increase in driving time led to a higher likelithood
of preparation in ADAS conditions but a lower likelihood of preparation in manual driving
mode. It is likely because getting prepared but not taking over is less workload-demanding
compared to driving manually; while getting ready but not taking actions in manual driving
mode requires drivers to keep monitoring the situations and thus more workload-demanding
compared to taking actions directly.

Overall, the trends in different patterns of strategies can be explained by the variation in
drivers’ workload levels and drowsiness development. Though ADAS seems to have provided

some benefits, further research is still needed to understand whether and by how much the
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drivers should be allowed to drive longer when driving with ADAS as compared to driving
manually, given the benefits of ADAS observed in our study.

5.3 The Influence of Traffic Scenarios on Truck Drivers’ Defensive Driving
Behaviors

Drivers’ defensive driving strategies also change with the traffic conditions. First, as
expected, the presence of an incoming vehicle on the ramp increased the likelihood of
exhibiting defensive driving behaviors, but this effect was more obyvious in manual driving
conditions compared to ADAS conditions. It is likely that in ADAS conditions, drivers tended
to rely more on the ADAS even if they noticed the coming vehicles on the ramp unless action
became necessary — again, a strategy to avoid elevation of workload. Future research with
accurate eye-tracking systems may validate this hypothesis.

Further, the existence of a vehicle on the ramp could also affect the type of strategies
drivers took. Compared to events without a vehicle in the ramp, truck drivers had a lower
likelihood of changing lanes, a higher likelihood of accelerating, a higher likelihood of
decelerating, and a lower likelihood of being prepared when there was a vehicle in the ramp. It
seems that when there was a clearer cue indicating potential conflicts, drivers tended to actions
directly, instead of preparing and waiting (Schwalb, 2021). The lower likelihood of changing
lanes when there is a vehicle on the ramp, on the other hand, could be attributed to drivers’
insufficient visual attention to monitor the nearby lane when they had to monitor the upcoming
vehicles on the ramp already. Thus, they chose to take less-demanding actions, i.e., only

changing the speed but not the direction of the vehicle.
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Finally, an increase in EgoVehicleSpeed was related to an increased likelihood of being
prepared. The association between higher EgoVehicleSpeed and increased likelihood of
preparation might be explained by drivers’ reluctance to disrupt fast-flowing traffic or the
increased difficulty or risk in taking actions at high speed. Future research with subjective
responses may answer this question.

These differences in defensive driving behaviors highlight the complexity of drivers'
decision-making processes when handling hazardous scenarios (Liu and Ozguner, 2007;
Tivesten and Dozza, 2015), given that different ADAS systems design (e.g., negative ADAS
warning strategies) could significantly affect truck drivers’ behaviors (Shao et al., 2025). It is
important to note that these behaviors may also be influenced by individual differences (Kaye
et al., 2013; Stephens and Groeger, 2009), driver experience (Nabatilan et al., 2012), and
situational factors (Toledo, 2007), which should be carefully considered when researching and
designing ADAS-related components (e.g., interfaces and warning strategies) in the future.
5.4 Limitations

Several limitations of this study should be noted here. Firstly, in this study, we only
considered the behavior of the ego vehicle (i.e., driver behavior and vehicle kinematics), while
the behavior of the merging vehicle (e.g., speed) was not considered, given the lack of data on
the merging vehicles. However, the right-side ramp merging event highly depends on the
interactions between the ego vehicle and the ramp vehicle (if there was one) (Mackie et al.,
2013). Future research may consider collecting the behavior data of both the ego vehicle and
the merging vehicle to validate our findings. Second, although we have extracted a large

number of events from the drive and adopted repeated measures in the experiment, the data
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used in this study was collected based on only three male drivers aged from 40 to 46 (average
age = 43 years old). Readers should be aware of the potential influence of driver heterogeneity
on our conclusions (Rendon-Velez et al., 2016). Besides, according to the national statistics,
there were around 18 million truck drivers in China, and 98.22% of them were male drivers.
The age group of 36-55 was the largest age group among truck drivers; specifically, 45.44% of
them were in the age group between 36-45, and 33.24% of them were in the age group between
46-55 (China Automotive News, 2024). Although the driver participants in this experiment
somewhat fell within the major demographic group of Chinese truck drivers, future research
could further validate our findings by recruiting. more «drivers with. different demographic
backgrounds in the experiment with more diverse kinds of vehicles. Finally, it should be noted
that to ensure safety in the naturalistic driving experiment, this study selected truck drivers who
were experienced ADAS users (i.e., over two years of ADAS experience in trucks). Therefore,
the findings from this study should be carefully interpreted and it would be interesting for

further studies to explore the behaviors of new ADAS users in trucks.

6. Conclusion
In this study, we conducted an analysis of 868 right-side-ramp merging events based on
the data extracted from a naturalistic driving experiment to investigate the factors that
influenced drivers’ defensive driving decisions among long-haul truck drivers. The key
findings are summarized as follows:
® We found that ADAS facilitated drivers’ defensive driving behaviors, as indicated by a
higher percentage of actions and quicker responses when approaching potentially

hazardous areas, i.e., right-side-ramp merging locations.
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® Drowsiness can impede defensive driving behaviors, but drivers in general became more
likely to exhibit defensive driving behaviors with the progress of the drive.

® With the progress of driving and the increment of drowsiness levels, drivers gradually
became preferable to conservative defensive driving behaviors (i.e., deceleration instead
of acceleration) and these effects were more obvious when driving with ADAS compared
to when driving manually.

® The frequency and type of defensive driving behaviors also change with the traffic
conditions, including the existence of merging vehicles on the ramp, and ego-vehicle speed.
In summary, for the first time, we explored. the factors that influenced truck drivers’

defensive driving behaviors. The findings can provide insights into ADAS design in trucks

(e.g., information regarding ADAS capability should be provided to reduce drivers’ cognitive

load in order to facilitate more appropriate actions, especially after long hours of driving) and

the design of laws to regulate ADAS adoption in long-haul trucks (e.g., whether we should

allow drivers to drive longer when ADAS 1s available in trucks).

Acknowledgment

This research was supported by the National Natural Science Foundation of China (Grant
No. 52202425) and partially by the Fundamental Research Funds for the Central Universities,
the Guangzhou Municipal Science and Technology Project (No. 2023A03J0011), and Project
of Hetao Shenzhen-Hong Kong Science and Technology Innovation Cooperation Zone
(HZQB-KCZYB-2020083). The authors would like to thank the drivers who participated in

this study and PlusAl Technology for their support in the experiment.



582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

Disclosure Statement

The authors reported no potential competing interest.

References

Antony, M.M., Whenish, R., 2021. Advanced driver assistance systems (ADAS), in:
Automotive Embedded Systems: Key Technologies, Innovations, and Applications.

Springer, pp. 165-181.

Bao, S., Wu, L., Yu, B., Sayer, J.R., 2020. An examination of teen drivers’ car-following
behavior under naturalistic driving conditions: With and without an advanced driving

assistance system. Accid. Anal. Prev. 147, 105762. do1:10.1016/j.aap.2020.105762

Bianchi Piccinini, G.F., Rodrigues, C.M., Leitao, M., Simdes, A., 2014. Driver’s behavioral
adaptation to Adaptive Cruise Control (ACC): The case of speed and time headway. J.
Safety Res. 49, 77.e1-84. doi:10.1016/j.jsr.2014.02.010

Borowsky, A., Oron-Gilad, T., 2013. Exploring the effects of driving experience on hazard
awareness and risk perception via real-time hazard identification, hazard classification,

and rating tasks. Accid. Anal. Prev. 59, 548-565. doi:10.1016/j.aap.2013.07.008

Burnham, K.P., Anderson, D.R., 2004. Multimodel Inference. Sociol. Methods Res. 332,261
304.doi:10.1177/0049124104268644

Capallera, M., Angelini, L., Meteier, Q., Khaled, O.A., Mugellini, E., 2023. Human-Vehicle
Interaction to Support Driver’s Situation Awareness in Automated Vehicles: A Systematic

Review. IEEE Trans. Intell. Veh. 8 3, 2551-2567. doi:10.1109/TIV.2022.3200826

Chen, Y., Xie, Y., Wang, C., Yang, L., Zheng, N., Wu, L., 2025. Time-dependent effect of
advanced driver assistance systems on driver behavior based on connected vehicle data.

Anal. Methods Accid. Res. 45, 100370. doi:10.1016/j.amar.2025.100370

China Automotive News, 2024. Too many trucks and too little cargo, the living conditions of

truck drivers are not good [WWW Document]. URL



608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

http://www.cnautonews.com/shangyongcar/2024/08/16/detail 20240816367402.html
(accessed 3.22.25).

Chu, Y., Liu, P., 2023. Automation complacency on the road. Ergonomics 66 11, 1730-1749.
doi:10.1080/00140139.2023.2210793

Deery, H.A., 1999. Hazard and Risk Perception among Young Novice Drivers. J. Safety Res.
304 ,225-236. doi:10.1016/S0022-4375(99)00018-3

Di Milia, L., 2006. Shift work, sleepiness and long distance driving. Transp. Res. Part F Traffic
Psychol. Behav. 9 4, 278-285. doi:10.1016/j.trf.2006.01.006

Dotzauer, M., de Waard, D., Caljouw, S.R., Pohler, G., Brouwer, W.H., 2015. Behavioral
adaptation of young and older drivers to an intersection crossing advisory system. Accid.

Anal. Prev. 74, 24-32. do1:10.1016/j.aap.2014.09.030

Dubey, R., Gunasekaran, A., 2015. The role of truck driver on sustainable transportation and

logistics. Ind. Commer. Train. 47 3 , 127-134. doi:10.1108/ICT-08-2014-0053

Dunn, N., Dingus, T., Soccolich, S., 2019. Understanding the impact of technology: Do
advanced driver assistance and semi-automated vehicle systems lead to improper driving

behavior. Virginia Tech Transp. Institute, Am. Automob. Assoc. Washington, DC.

Ebadi, Y., Fisher, D.L., Roberts, S.C., 2019. Impact of Cognitive Distractions on Drivers’
Hazard Anticipation Behavior in Complex Scenarios. Transp. Res. Rec. J. Transp. Res.

Board 2673 9, 440-451. do1:10.1177/0361198119846463

Feldhiitter, A., Hecht, T., Kalb, L., Bengler, K., 2019. Effect of prolonged periods of
conditionally automated driving on the development of fatigue: with and without non-
driving-related activities. Cogn. Technol. Work 21 1, 33—40. doi:10.1007/s10111-018-
0524-9

Gao, J., Yu, B., Wang, S., Wu, J., 2022. Investigating the Influence of ADAS on Drivers’
Evasive Behaviors During Car-Following on Highways. pp. 22-31. doi:10.1007/978-981-
19-2813-0 3

Gimeno, P.T., Cerezuela, G.P., Montanes, M.C., 2006. On the concept and measurement of



635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

driver drowsiness, fatigue and inattention: implications for countermeasures. Int. J. Veh.

Des. 42 1/2, 67. doi:10.1504/1JVD.2006.010178

Gouribhatla, R., Pulugurtha, S.S., 2022. Drivers’ behavior when driving vehicles with or
without advanced driver assistance systems: A driver simulator-based study. Transp. Res.

Interdiscip. Perspect. 13, 100545. doi:10.1016/}.trip.2022.100545

Greenlee, E.T., DeLucia, P.R., Newton, D.C., 2024. Driver Vigilance Decrement is More
Severe During Automated Driving than Manual Driving. Hum. Factors J. Hum. Factors

Ergon. Soc. 66 2, 574-588. do1:10.1177/00187208221103922

Greenlee, E.T., DeLucia, P.R., Newton, D.C., 2018. Driver Vigilance in Automated Vehicles:
Hazard Detection Failures Are a Matter of Time. Hum. Factors J. Hum. Factors Ergon.

Soc. 60 4, 465-476. do1:10.1177/0018720818761711

He, D., DeGuzman, C.A., Donmez, B., 2021. Anticipatory Driving in Automated Vehicles:
The Effects of Driving Experience and Distraction: Hum. Factors J. Hum. Factors Ergon.

Soc. 001872082110261. doi:10.1177/00187208211026133

He, D., Donmez, B., 2022. The Influence of Visual-Manual Distractions on Anticipatory
Driving. Hum. Factors ~J. Hum. Factors Ergon. Soc. 64 2 , 401-417.
doi:10.1177/0018720820938893

Hiraoka, T., Masuiy J., Nishikawa, S., 2010. Behavioral adaptation to advanced driver-
assistance systems, in: Proceedings of SICE Annual Conference 2010. IEEE, pp. 930-
935.

Horswill, M.S., 2016. Hazard Perception in Driving. Curr. Dir. Psychol. Sci. 25 6 , 425-430.
doi:10.1177/0963721416663186

Horswill, M.S., Hill, A., Buckley, L., Kieseker, G., Elrose, F., 2023. Further down the road:
The enduring effect of an online training course on novice drivers’ hazard perception skill.

Transp. Res. Part F Traffic Psychol. Behav. 94, 398—412. doi:10.1016/j.trf.2023.02.011

Horswill, M.S., Hill, A., Silapurem, L., Watson, M.O., 2021. A thousand years of crash
experience in three hours: An online hazard perception training course for drivers. Accid.

Anal. Prev. 152, 105969. doi:10.1016/j.aap.2020.105969



663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

Horswill, M.S., McKenna, F.P., 2004. Drivers’ hazard perception ability: Situation awareness

on the road. A Cogn. approach to Situat. Aware. Theory Appl. 1, 155-175.

Huang, C., He, D., Wen, X., Yan, S., 2023. Beyond adaptive cruise control and lane centering
control: drivers’ mental model of and trust in emerging ADAS technologies. Front.

Psychol. 14. do1:10.3389/fpsyg.2023.1236062

Huang, C., Xie, W., Huang, Q., Zhu, Y., Cui, D., He, D., 2024. Effect of Advanced Driver
Assistance Systems on Fatigue Levels of Heavy Truck Drivers in Prolonged Driving

Tasks. J. Tongji Univ. Sci. 52 6 , 846—855. doi:10.11908/j.1ssn.0253-374x.24140

James, G., Witten, D., Hastie, T., Tibshirani, R., 2021. An'Introduction to Statistical Learning,
Springer Texts in Statistics. Springer US, New York, NY. do1:10.1007/978-1-0716-1418-
1

Jarosch, O., Bellem, H., Bengler, K., 2019. Effects of Task-Induced Fatigue in Prolonged
Conditional Automated Driving. Hum. Factors J. Hum. Factors Ergon. Soc. 61 7, 1186—
1199. doi:10.1177/0018720818816226

Jiang, K., Ling, F., Feng, Z., Wang, K., Shao, C:, 2017. Why do drivers continue driving while
fatigued? An application of the theory of planned behaviour. Transp. Res. Part A Policy
Pract. 98, 141-149. di:10.1016/j.tra.2017.02.003

Kaye, S.-A., White;, M.J., Lewis, .M., 2013. Individual differences in drivers’ cognitive
processing of road safety -~ messages. Accid. Anal. Prev. 50, 272-28I.
doi:10.1016/j.aap.2012.04.018

Korber, M., Cingel, A., Zimmermann, M., Bengler, K., 2015. Vigilance Decrement and Passive
Fatigue Caused by Monotony in Automated Driving. Procedia Manuf. 3, 2403-2409.
doi:10.1016/j.promfg.2015.07.499

Lai, F., Hjdlmdahl, M., Chorlton, K., Wiklund, M., 2010. The long-term effect of intelligent
speed adaptation on driver behaviour. Appl. Ergon. 41 2 , 179-186.
doi:10.1016/j.apergo.2009.03.003

Lindgren, A., Angelelli, A., Mendoza, P.A., Chen, F., 2009. Driver behaviour when using an

integrated advisory warning display for advanced driver assistance systems. IET Intell.



691

692

693

694

695

696

697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713
714

715

716

717

Transp. Syst. 3 4, 390. doi:10.1049/iet-its.2009.0015

Liu, Y., Ozguner, U., 2007. Human Driver Model and Driver Decision Making for Intersection
Driving, in: 2007 IEEE Intelligent Vehicles Symposium. IEEE, pp. 642-647.
doi:10.1109/1VS.2007.4290188

Mackie, H.W., Charlton, S.G., Baas, P.H., Villasenor, P.C., 2013. Road user behaviour changes
following a self-explaining roads intervention. Accid. Anal. Prev. 50, 742-750.

doi:10.1016/j.aap.2012.06.026

Madigan, R., Louw, T., Merat, N., 2018. The effect of varying levels of vehicle automation on
drivers’ lane changing behaviour. PLoS< One _13 2 ., e0192190.
doi:10.1371/journal.pone.0192190

Masello, L., Sheehan, B., Castignani, G., Shannen, D., Murphy, F., 2023. On the impact of
advanced driver assistance systems ‘on driving distraction and risky behaviour: An
empirical analysis of irish commercial drivers. Accid. Anal. Prev. 183, 106969.

doi:10.1016/j.aap.2023.106969

May, J.F., Baldwin, C.L., 2009: Driver fatigue: The importance of identifying causal factors of
fatigue when considering detection and countermeasure technologies. Transp. Res. Part F

Traftic Psychol. Behay. 12 3 , 218-224. do1:10.1016/5.trf.2008.11.005

McKerral, A., Pammer, K., 2021. Identifying objective behavioural measures of expert driver
situation awareness. Accid. Anal. Prev. 163, 106465. doi:10.1016/j.aap.2021.106465
Meng, F., Li, S., Cao, L., Li, M., Peng, Q., Wang, C., Zhang, W., 2015. Driving Fatigue in

Professional Drivers: A Survey of Truck and Taxi Drivers. Traffic Inj. Prev. 16 5, 474—

483. do1:10.1080/15389588.2014.973945

Nabatilan, L.B., Aghazadeh, F., Nimbarte, A.D., Harvey, C.C., Chowdhury, S.K., 2012. Effect
of driving experience on visual behavior and driving performance under different driving

conditions. Cogn. Technol. Work 14, 355-363.

National Safety Council, 2024. NSC Defensive Driving Courses [WWW Document]. URL

https://www.nsc.org/safety-training/defensive-driving/nsc-defensive-driving-courses



718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

New York State Department of Motor Vehicles, 2020. Chapter 8: Defensive Driving [WWW
Document]. URL https://dmv.ny.gov/about-dmv/chapter-8-defensive-driving (accessed
2.17.22).

Pai, G., Pradhan, A.K., 2024. Drivers’ hazard avoidance behaviors when using ADAS: an

observational simulator study. Adv. Transp. Stud.

Pammer, K., McKerral, A., Liu, Y., 2021. The contribution of memory to differences in
situation awareness in expert and non-expert drivers. Transp. Res. Part F Traffic Psychol.

Behav. 82, 154-166. do0i:10.1016/;.tr£.2021.08.007

Pan, W., 2001. Akaike’s Information Criterion in Generalized Estimating Equations.

Biometrics 57 1, 120-125. do0i:10.1111/5.0006-341X.2001.00120.x

Perttula, P., Ojala, T., Kuosma, E., 2011. Factors.in the Fatigue of Heavy Vehicle Drivers.
Psychol. Rep. 108 2, 507-514. doi:10.2466/06.13.22.PR0.108.2.507-514

Rendon-Velez, E., van Leeuwen, P.M.., Happee, R., Horvath, 1., van der Vegte, W.F., de
Winter, J.C.F., 2016. The effects of time pressure on driver performance and physiological
activity: A driving simulator study. Transp. Res. Part F Traffic Psychol. Behav. 41, 150—
169. doi:10.1016/j.tr£.2016.06.013

Romo, A., Hernandez, S., Cheu, R.L., 2014, Identifying Precrash Factors for Cars and Trucks
on Interstate Highways: Mixed Logit Model Approach. J. Transp. Eng. 140 3 .
doi:10.1061/(ASCE)TE.1943-5436.0000621

SAE International, 2021. Taxonomy and Definitions for Terms Related to Driving Automation
Systems< for On-Road Motor Vehicles (J3016 202104) [WWW Document]. URL
https://www.sae.org/standards/content/j3016 202104/ (accessed 2.17.22).

Sagberg, F., Bjornskau, T., 2006. Hazard perception and driving experience among novice

drivers. Accid. Anal. Prev. 38 2, 407—414. doi:10.1016/j.aap.2005.10.014

Samuel, S., Yamani, Y., Fisher, D.L., 2020. Understanding drivers’ latent hazard anticipation
in partially automated vehicle systems. Int. J. Hum. Factors Ergon. 7 3 , 282.
doi:10.1504/1JHFE.2020.110093



745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

Savage, S.W., Potter, D.D., Tatler, B.W., 2020. The effects of cognitive distraction on
behavioural, oculomotor and electrophysiological metrics during a driving hazard

perception task. Accid. Anal. Prev. 138, 105469. doi:10.1016/j.aap.2020.105469

Schwalb, E., 2021. Analysis of Hazards for Autonomous Driving. J. Auton. Veh. Syst. 1 2.
doi:10.1115/1.4049922

Shahini, F., Zahabi, M., 2022. Effects of levels of automation and non-driving related tasks on
driver performance and workload: A review of literature and meta-analysis. Appl. Ergon.

104, 103824.

Shao, Y., Xu, Y., Ye, Z., Zhang, Y., Chen, W., Shiwakoti, N., Shi, X., 2025. Understanding
the impacts of negative advanced driving assistance system warnings on hazardous
materials truck drivers’ responses using interpretable machine learning. Eng. Appl. Artif.

Intell. 146, 110308. doi:10.1016/j.engappai.2025.110308

Sohu, 2024. Analysis of high-speed rear-end truck accidents: Why does “drilling the truck”
become a fatal risk? [WWW Document]. URL
https://sports.sohu.com/a/754975226 121308992 (accessed 6.30.24).

Stahl, P., Donmez, B., Jamieson, G.A., 2014a. A model of anticipation in driving: processing
pre-event cues for upcoming conflicts, in: Proceedings of the 6th International Conference

on Automotive User Interfaces and Interactive Vehicular Applications. pp. 1-8.

Stahl, P.; Donmez, B., Jamieson, G:/A.;2014b. Anticipation in Driving: The Role of Experience
in the Efficacy of Pre-event Conflict Cues. IEEE Trans. Human-Machine Syst. 44 5, 603—
613.doi:10.1109/THMS.2014.2325558

Stephens, A.N., Groeger, J.A., 2009. Situational specificity of trait influences on drivers’
evaluations and driving behaviour. Transp. Res. Part F Traffic Psychol. Behav. 12 1, 29—
39. doi:10.1016/5.trf.2008.06.005

Tivesten, E., Dozza, M., 2015. Driving context influences drivers’ decision to engage in visual—
manual phone tasks: Evidence from a naturalistic driving study. J. Safety Res. 53, 87-96.

doi:10.1016/;.Jsr.2015.03.010

Toledo, T., 2007. Driving Behaviour: Models and Challenges. Transp. Rev. 27 1 , 65-84.



773

774

775

776

77

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

doi:10.1080/01441640600823940

Vogelpohl, T., Kiithn, M., Hummel, T., Vollrath, M., 2019. Asleep at the automated wheel—
Sleepiness and fatigue during highly automated driving. Accid. Anal. Prev. 126, 70-84.
doi:10.1016/j.aap.2018.03.013

Wickens, C.D., Helton, W.S., Hollands, J.G., Banbury, S., 2021. Engineering psychology and

human performance. Routledge.

Wood, G., Hartley, G., Furley, P.A., Wilson, M.R., 2016. Working memory capacity, visual
attention and hazard perception in driving. J. Appl. Res. Mem. Cogn. 5 4., 454-462.
doi:10.1016/j.jarmac.2016.04.009

Yan, S., Huang, C., He, D., 2024. CH-LSTTM: A Taxonomy of Traffic Hazards, in: 2024 IEEE

4th International Conference on Human-Machine Systems (ICHMS). pp. 1-6.

Yarlagadda, J., Jain, P., Pawar, D.S., 2021. Assessing safety critical driving patterns of heavy
passenger vehicle drivers using instrumented vehicle data — An unsupervised approach.

Accid. Anal. Prev. 163, 106464. doi:10.1016/j.aap:2021.106464

Yerkes, R.M., Dodson, J.D., 1908. The relation of strength of stimulus to rapidity of habit-
formation. J. Comp. Neurol. Psychol. 18 5, 459-482. doi:10.1002/cne.920180503

Zheng, F., Liu, C., Liu, X, Jabari, S.E., Lu, L., 2020. Analyzing the impact of automated
vehicles on uncertainty and stability of the mixed traffic flow. Transp. Res. Part C Emerg.

Technol. 112,203-219. doi:10.1016/).trc.2020.01.017

Zheng, Y., Wang, J., Li, K., 2020. Smoothing Traffic Flow via Control of Autonomous
Vehicles. IEEE Internet Things J. 7 5, 3882-3896. doi:10.1109/JI0T.2020.2966506



799  Appendix

800 The definition and distribution of extracted variables
Variable Distribution of events (frequency, proportion)
Driver' ® A (n=292,33.6%)

river
v ® B (n=292,33.6%)
® C(n=284,32.8%)
. ® Yes(n=363,41.9%)
R VehicleOrNot
e A ® No (n=>505,58.1%)
DrivinaMod ® ADAS (n =423, 48.7%)
T1vIin, ode
ving ®  Manual (n =445, 51.3%)
TimePeriod
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‘»
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©
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0.00 -
3 6 9
TimePeriod
PERCLOS
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S, 0.151
‘®»
G 0.101
©
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5 10
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‘®
c
[}
°
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80 90
EgoVehicleSpeed
® Yes (n=531,61.2%)
BehaveOrNot
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