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Abstract 21 

While advanced driving assistant systems (ADAS) can offer significant benefits to driving 22 

safety, driver behaviors are still critical to driving safety, especially in hazardous scenarios. 23 

Though ADAS can handle most of the operational driving tasks, they are still less capable of 24 

understanding evolving traffic scenarios and hence are less defensive compared to human 25 

drivers. Further, most existing studies focused on the influence of ADAS on the behaviors of 26 

passenger vehicles, but the safety of long-haul trucks is of more concern. Thus, it becomes 27 

imperative to understand how ADAS affects driver behaviors, especially defensive driving 28 

behaviors, among long-haul truck drivers. To address this research gap, a naturalistic driving 29 

experiment among long-haul truck drivers was conducted, where 868 right-side-merging 30 

events that can allow defensive driving behaviors were extracted. Drivers’ defensive driving 31 

behavior decision (i.e., yes or no), defensive driving behavior type (i.e., which type of defensive 32 

driving behavior), and time to defensive driving behavior were modeled. Results show that 33 

ADAS can facilitate drivers’ defensive driving behaviors, as indicated by a higher percentage 34 

of actions and quicker responses when approaching hazardous areas. Further, drivers’ 35 

defensive driving behaviors (likelihood and types) changed with the progress of the drive, 36 

drowsiness levels, traffic conditions, and ADAS availability. Findings from this study provide 37 

insights into understanding truck drivers’ behaviors in the context of driving automation and 38 

guide the design of future driver training programs for ADAS users, human-machine interfaces 39 

of ADAS, and laws or regulations regarding the adoption of ADAS in long-haul trucks.  40 

Keywords: ADAS; Truck Drivers; Defensive Driving Behaviors; Driving Time; Influential 41 

Factors. 42 



 

 

1. Introduction 43 

Long-haul truck drivers, typically faced with demanding driving tasks (e.g., 10-14 44 

hours driving), play a crucial role in transporting goods across long distances (e.g., up to 800-45 

1200 kilometers in a single trip) (Dubey and Gunasekaran, 2015). Due to its huge mass, the 46 

outcomes of truck-involved crashes are usually severe and with high fatality rates (e.g., up to 47 

63.4% fatality rate of front seat passengers in the involved passenger cars) (Sohu, 2024). The 48 

safety of long-haul trucks is especially important, given the long driving hours and distance as 49 

well as the complex traffic environment. Thus, truck drivers usually need to undergo more 50 

rigorous licensure procedures and driver education to ensure their capabilities to handle long-51 

haul driving tasks.  52 

Defensive driving, defined as “driving to save lives, time, and money, in spite of the 53 

conditions around you and the actions of others” (National Safety Council, 2024), has been 54 

identified as a driving skill that is critical to driving safety (New York State Department of 55 

Motor Vehicles, 2020). However, the defensive driving among long-haul truck drivers has been 56 

under-investigated. Especially, the unique characteristics of truck driving, such as the large size 57 

and mass of the truck, long stopping distances, and large blind areas, make defensive driving 58 

especially important but challenging in trucks. Thus, understanding and facilitating these two 59 

skills among truck drivers is essential to their driving safety.  60 

At the same time, to improve driving safety, vehicle manufacturers and truck fleets have 61 

started to deploy ADAS systems on trucks. Though the ADAS, such as adaptive cruise control, 62 

lane centering control, and lane departure warning, provide drivers with real-time information 63 

and assistance to mitigate potential risks on the road (Huang et al., 2023), according to the 64 



 

 

taxonomy by the Society of Automotive Engineers (SAE), most of them in the market still 65 

belong to SAE Level 2 driving automation (SAE International, 2021). To ensure traffic safety 66 

when driving with ADAS, drivers still need to maintain their situation awareness of the traffic 67 

environment and take over control of the vehicle in case of emergent conditions that are out of 68 

the operational design domain of ADAS (Capallera et al., 2023). Especially, as the ADAS 69 

available in the market is still less capable of handling tactical driving tasks, defensive driving 70 

may still be critical to the safe transfer of control in vehicles with ADAS. However, to the best 71 

of our knowledge, most ADAS-related research focused on drivers of passenger cars (Lai et 72 

al., 2010; Lindgren et al., 2009; Madigan et al., 2018; Masello et al., 2023) and even few have 73 

investigated drivers’ tactical driving skills when driving with ADAS (He et al., 2021). Thus, 74 

given the unique characteristics of long-haul driving as compared to driving in passenger cars, 75 

we have our first research question (RQ):  76 

l RQ 1: will ADAS affect defensive driving performance among long-haul drivers? 77 

In the context of long-haul driving, where drivers are often exposed to fatigue, monotony, 78 

and extended hours on the road (Meng et al., 2015), ADAS could help reduce the workload of 79 

drivers by manipulating operational tasks for drivers in some circumstances (Huang et al., 80 

2024), thus facilitating defensive driving behaviors, as drivers have more spare cognitive 81 

resources. Therefore, we have the following hypothesis for RQ 1 (H1): 82 

l H1: ADAS could facilitate the defensive driving performance among long-haul drivers. 83 

On the other hand, when studying the behaviors of long-haul driving, driver fatigue has to 84 

be considered (Di Milia, 2006; Romo et al., 2014), given the high prevalence and severe 85 

outcome of fatigue driving in long-haul driving tasks. For example, a questionnaire study found 86 



 

 

that 27.8% of heavy truck drivers often feel fatigued during driving (Perttula et al., 2011). Thus, 87 

given that excessive driving time is the leading cause of truck driver fatigue (Meng et al., 2015) 88 

and ADAS was widely acknowledged to increase the drowsiness level of drivers in passenger 89 

cars (e.g., Körber et al., 2015; Vogelpohl et al., 2019), we have our second research question: 90 

l RQ 2: what is the compound effect of ADAS and long driving hours on truck drivers’ 91 

defensive driving behaviors? 92 

Although long driving hours may lead to diminished driver vigilance, reduced situational 93 

awareness, and slower reaction times (Jarosch et al., 2019; Körber et al., 2015), ADAS may 94 

alleviate the negative effect of long driving hours by slowing down the accumulation of fatigue 95 

after long driving. Therefore, we have the following hypothesis for RQ2 (H2): 96 

l ADAS may enhance truck drivers’ defensive driving behaviors even after long driving 97 

hours. 98 

To answer these two research questions, being different from most existing relevant studies 99 

conducted in the lab environment, a naturalistic driving experiment was conducted, and we 100 

investigated the influence of driving time and driving mode (with ADAS or not) on drivers’ 101 

defensive driving behaviors in a typical event, i.e., the right-side-ramp merging events. To the 102 

best of our knowledge, this study is the first study that investigated the defensive driving 103 

behaviors of professional truck drivers in the context of ADAS and the first study that 104 

investigated defensive driving skills in a naturalistic driving experiment. The findings of this 105 

study have practical implications for the design and implementation of ADAS in long-haul 106 

trucks. 107 



 

 

2. Literature Review 108 

2.1 Hazard Perception and Defensive Driving 109 

The hazard perception can be defined as “a driver's capability to anticipate hazardous 110 

events on the road ahead” (Horswill, 2016). Hazard perception has attracted the attention of 111 

many researchers in the past few decades. For example, research in passenger cars has 112 

identified a number of factors affecting drivers’ hazard perception skills, for example, the 113 

driving experience (e.g., Borowsky and Oron-Gilad, 2013; Sagberg and Bjørnskau, 2006), 114 

cognitive distraction (e.g., Ebadi et al., 2019; Savage et al., 2020), visual distractions (Wood et 115 

al., 2016), and fatigue (e.g., Deery, 1999; Horswill and McKenna, 2004), and training programs 116 

have been proposed to improve hazard perception skills (e.g., Horswill et al., 2023, 2021). 117 

However, it should be noted that hazard perception does not guarantee appropriate actions. As 118 

a comparison, defensive driving involves adopting a proactive approach (e.g., recognizing and 119 

responding to potential hazards in the driving environment) to minimize collision risks and 120 

avoid potential accidents. Thus, defensive driving can be an outcome of hazard perception but 121 

involves decision-making in addition to hazard perception. A few studies have investigated the 122 

relationships between hazard perception and defensive driving behaviors, though they used 123 

different terminologies. For example, Stahl et al. (2014a) proposed that drivers may take multi-124 

stage cognitive processes to decide “anticipatory driving behaviors” to avoid potential hazards, 125 

in which, the “anticipatory driving behaviors” was defined as “the identification of 126 

stereotypical traffic situations on a tactical level through the perception of characteristic cues, 127 

and thereby allows for the efficient positioning of a vehicle for probable, upcoming changes in 128 

traffic” (Stahl et al., 2014b) and can be regarded as a type of defensive driving behavior. Later, 129 



 

 

He et al conducted a few more driving simulator studies regarding anticipatory driving 130 

behaviors (e.g., He et al., 2021; He and Donmez, 2022). However, defensive driving was not 131 

investigated in on-road studies, especially among truck drivers. 132 

2.2 Driver’s Behavioral Adaptation When Driving with ADAS 133 

Drivers’ behavioral changes when driving with ADAS have been well-documented in 134 

previous research. For example, through driving simulator experiments, Dotzauer et al. (2015) 135 

revealed that, compared to manual driving conditions, drivers allocated less attention to left 136 

and right at intersections when they were driving ADAS; Hiraoka et al. (2010) found that, 137 

although drivers may drive faster with ADAS, they also responded to unsafe events faster 138 

compared to when driving manually, which might be the result of risk compensation; Bianchi 139 

Piccinini et al. (2014) found that adaptive cruise control (ACC) can lead to safer time headways 140 

compared to drives without using ACC. In addition to driving simulations, a few naturalistic 141 

driving studies were also conducted regarding drivers’ behavior changes when driving with 142 

ADAS. For example, using the naturalistic driving data from 79 participants for 6 months, Lai 143 

et al. (2010) investigated drivers’ behavioral changes as a function of their exposure to the 144 

intelligence speed adaptation (ISA) system, and they found that with the increase of exposure 145 

to the ISA system, drivers were more incline to override the ISA system. Bao et al. (2020) also 146 

examined teen drivers’ car-following behaviors under conditions with and without ADAS, and 147 

they found that there were potential negative effects of ADAS on teen drivers’ car-following 148 

behavior. For example, teen drivers had less controlled pedal use when driving with ADAS 149 

than that of driving without ADAS and teen drivers exhibited no compensation behaviors for 150 

poor vision conditions compared to adult drivers when using ADAS.  151 



 

 

Several more recent studies have tried to explore the direct influence of ADAS on the 152 

driving behaviors among passenger vehicle drivers (e.g., Pai and Pradhan, 2024). For example, 153 

Gouribhatla and Pulugurtha (2022) evaluated the influence of ADAS on drivers’ behaviors in 154 

three different scenarios (i.e., rural, urban, and freeway driving scenarios) through a driving 155 

simulator experiment among 43 passenger vehicle drivers aged 16 to 65, in which they found 156 

that ADAS made drivers be less aggressive, and such influence varied in rural, urban, and 157 

freeway driving scenarios. Gao et al. (2022) investigated how ADAS affected drivers’ choice 158 

of evasive behaviors in near-crash events using an on-road experiment with 20 passenger 159 

vehicle drivers aged 16 to 65, in which they found that ADAS engagement could help drivers 160 

maintain a larger time headway when taking evasive action. The results also indicated that 161 

ADAS engagement could help reduce the occurrence of near-crash events and reduce the 162 

probability that drivers in medium and high-risk groups (i.e., driving risk levels obtained from 163 

the clustering of driving behaviors in near-crash events) choose overtaking behavior. Moreover, 164 

Chen et al. (2025) proposed a functional data analysis approach to analyze the effect of ADAS 165 

(i.e., forward collision warnings) on drivers’ speed choice, in which they found that the effect 166 

of warning messages is time-dependent, initially increasing before progressively decreasing 167 

over time, rather than following a simple monotonic decline. 168 

2.3 The Influence of ADAS on Drivers’ Hazard Perception Performance 169 

Several previous studies have evaluated the influence of ADAS on drivers’ hazard 170 

perception performance. For example, a 40-minute simulated automated driving experiment by 171 

Greenlee et al. (2018) revealed that, with the increase in driving time, drivers’ hazard detection 172 

rate declined, and reaction times increased precipitously. They also found that it is challenging 173 



 

 

for drivers to continuously monitor the roadway environment when the automation is 174 

controlling the vehicle. In a driving simulator experiment, Samuel et al. (2020) also found that 175 

when driving with high-level vehicle automation (i.e., SAE L3), drivers were less likely to 176 

anticipate latent hazards than those in manual condition. Another driving simulator study by 177 

He et al. (2021) found that, in SAE Level 2 vehicles, drivers who performed the secondary task 178 

were less likely to perform anticipatory driving behaviors; while experienced drivers exhibited 179 

more anticipatory driving behaviors than novice drivers, i.e., the driving experience can still 180 

facilitate anticipation in vehicles with ADAS. Greenlee et al. (2024) further compared drivers’ 181 

hazard perception performance under both ADAS conditions and manual conditions in a 182 

similar 40-minute simulated drive. They found that compared to manual driving, drivers in the 183 

ADAS condition exhibited lower sensitivity to hazards and a higher tendency to make false 184 

alarms with the progress of the experiment. In summary, compared to manual driving, drivers 185 

exhibit worse hazard perception performance when driving with ADAS. However, it should be 186 

noted that all the above-mentioned studies in this section were conducted in the driving 187 

simulator and only focused on passenger vehicle drivers. 188 

3. Method 189 

3.1 Data Sources 190 

The data used in this study was based on a naturalistic driving experiment in China from 191 

Nov. 2023 to Dec. 2023. As shown in Figure 1, a Jie Fang J7 heavy truck developed by FAW 192 

Jiefang (total length: 18 meters, total weight: 31.75 tons) was used in the experiment, which is 193 

powered by the CA6DM3 inline six-cylinder diesel engine, delivering up to 560 horsepower 194 

and 2,600 Nm of torque. The experiment vehicle equipped with ADAS containing various 195 



 

 

functions, including adaptive cruise control, lane centering control, lane departure warning, 196 

within-lane trajectory fine-tuning (that adjusts the lateral position slightly to avoid obstacles), 197 

and automatic lane changing (that changes lane when drivers initiate the turning light). The 198 

experiment route was a real operation route of an express company in China, from Suzhou, 199 

Jiangsu, to Xiaogan, Hubei, totaling 802 km, of which 785 km was highway. The average 200 

driving time was 10.8 hours with a standard deviation (SD) of 0.36 hours, of which the average 201 

driving time on the highway was 10.3 hours with an SD of 0.33 hours. The experiments were 202 

conducted on weekdays to avoid the potential influence of traffic flow variations on weekends 203 

and holidays and the departure time was set at around 7.30 am. 204 

 205 

Figure 1. The Jie Fang J7 truck used in the experiment 206 

Figure 2 presents the overall methodological framework of this study. During the 207 

experiment, the road environment was recorded by a camera embedded in the ADAS system 208 

of the truck at a frequency of 10 Hz and the vehicle kinematic information was recorded by the 209 

control system of the truck at a frequency of 10 Hz. For the in-vehicle environment, inspired 210 

by previous studies (He et al., 2021), we recorded drivers’ hand movements (i.e., camera 1 in 211 

Figure 2) and foot movements (i.e., camera 2 in Figure 2) using two separate cameras at a 212 

frequency of 30 Hz. At the same time, drivers’ eye movement behaviors during driving were 213 

recorded at a frequency of 60 Hz using a dashboard-mounted eye tracking system (Smart Eye 214 

Pro with three cameras, Sweden), which worked in a non-intrusive manner and would not 215 



 

 

influence drivers’ normal driving behaviors. To ensure accurate gaze capture, gaze calibration 216 

was re-conducted whenever the driver left the vehicle for a short break during the experiment. 217 

To ensure safety during the use of ADAS on publicly open roads, after screening, three 218 

professional long-haul truck drivers (all males, average age = 43 years old) who have used 219 

ADAS for more than two years participated in this experiment. Each driver completed 2 round 220 

trips, each taking 2 days, totaling 4 days of experiment. In each round trip, a driver drove 221 

manually one day and with the help of ADAS the other day. The order of the two drives (i.e., 222 

with and without ADAS and destinations of drives) was balanced. To avoid possible fatigue 223 

accumulation, the gap between two round trips for each driver was at least 5 days. In total, over 224 

120 hours of naturalistic driving data on highways was collected. 225 

 226 

Figure 2. The overall methodological framework of this study 227 

3.2 Event Description 228 

This study focused on one representative scenario where defensive driving can be extracted, 229 

i.e., right-side-ramp merging events when the truck (or ego-vehicle) approaches a ramp 230 



 

 

entering the highway from the right side of the highway. As shown in Figure 3, the truck (ego-231 

vehicle) approached the highway on the right lane, given that the left lane of the highway was 232 

designed for high-speed vehicles (e.g., SUVs or sedans). In this study, a potential traffic 233 

conflict could happen when a vehicle on the ramp merges into the main road, requiring drivers 234 

to perform defensive driving behavior to ensure safety (either changing into the left lane 235 

temporarily, slowing down to give more space to the merging vehicle, or accelerating to pass 236 

the entrance before the merging vehicle). The time range of this event was defined as from the 237 

moment that the ramp became visible from the view of the ego vehicle to the ego vehicle 238 

arriving at the ramp entrance. This event was selected as it is one of the most common safety-239 

critical events on highways and has been used as a typical hazardous scenario in previous 240 

research (Yan et al., 2024). In total, we extracted 868 right-side-ramp merging events. 241 

 242 

Figure 3. Demonstration of the scenario and different defensive driving behaviors 243 



 

 

3.3 Variable Extraction 244 

Based on the events described above, several variables used in this study were extracted, 245 

and the definition and distribution of all extracted variables were presented in the Appendix. 246 

The Driver indicates the numbering of three involved drivers. The RampVehicleOrNot 247 

indicates whether a vehicle was visible or not in the ramp when the ramp became visible and 248 

it may influence the types of actions our driver took. The DrivingMode indicates whether the 249 

ego vehicle was controlled by ADAS or controlled by human drivers. The TimePeriod indicates 250 

the time that the event happened in a trip, starting from the moment the vehicle entered the 251 

highway. Following previous research, we extracted drivers’ percentage of eye closure 252 

(PERCLOS) over 80% as the proportion of time within the 60 s before (Feldhütter et al., 2019) 253 

the earliest moment that the ramp became visible as an indicator of fatigue levels, given that 254 

fatigue levels may impact drivers’ behaviors (Jarosch et al., 2019; Körber et al., 2015). The 255 

EgoVehicleSpeed refers to the speed of the ego vehicle when the ramp becomes visible. 256 

For drivers’ defensive behaviors, the BehaveOrNot indicates whether the driver exhibited 257 

defensive driving behaviors or not. For a defensive driving behavior, we further defined four 258 

behavior types (BehaviorType) as follows (see Figure 3): 259 

l Change Lane (ChangeLaneOrNot): The truck driver temporarily changed to the left lane 260 

before arriving at the ramp entrance to avoid the potential traffic conflict. 261 

l Accelerate (AccelerateOrNot): The truck driver accelerated to pass the ramp entrance 262 

before the merging vehicle arrived. It should be noted that, to eliminate the potential 263 

cases that drivers were maintaining the speed during driving while not accelerating for 264 

passing the ramp entrance in advance, the cases with small speed changes (i.e., < 5 km/h) 265 



 

 

between the moment of ramp visible and the moment of arriving ramp entrance were 266 

excluded from the analysis following Yarlagadda et al. (2021). 267 

l Decelerate (DecelerateOrNot): The truck driver decelerated to retain enough space for 268 

the merging vehicle to enter the highway first. 269 

l No action but with preparation (PreparationOrNot): The truck driver did not actively 270 

react to the potential traffic conflict but prepared for intervention. The preparation 271 

behaviors include putting the right foot on the brake pedal, putting the right foot on the 272 

acceleration pedal, and putting the left hand on the turning light lever (to prepare to 273 

activate the turning signal and change lanes). 274 

To quantify the factors that might influence drivers’ defensive driving behaviors, we 275 

encoded drivers’ defensive driving behaviors using binary variables (yes or no) individually. 276 

Finally, to quantify the performance of the defensive driving behaviors, following He and 277 

Donmez (2022), we extracted the TimeToBehavior as the time gap between the moment the 278 

ramp became visible (i.e., 𝑇!"#$	&'(')*+) to the moment that the driver performed the first 279 

defensive behavior (i.e., 𝑇,'!(-	.+,+/('&+	)+0"&'1!): 280 

𝑇𝑖𝑚𝑒𝑇𝑜𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟 = 	𝑇,'!(-	.+,+/('&+	)+0"&'1! −	𝑇!"#$	&'(')*+ 			(1) 281 

To account for the different levels of emergency induced by different ramps, we further 282 

calculated the PercentgeTimeToBehavior for each right-side-merging event through the 283 

following equations: 284 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝑇𝑖𝑚𝑒𝑇𝑜𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟 = 	
𝑇𝑖𝑚𝑒𝑇𝑜𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟

𝑇!"#$	+/-!"/2+ −	𝑇!"#$	&'(')*+
			(2) 285 



 

 

 where 𝑇!"#$	+/-!"/2+  stands for the moment that the ego vehicle passed the ramp 286 

entrance and 𝑇!"#$	+/-!"/2+  stands for the moment the ramp became visible. Smaller 287 

PercentgeTimeToBehavior values indicated that drivers performed defensive driving behaviors 288 

earlier. 289 

3.4 Statistical Analysis 290 

All statistical models were built in SAS OnDemand for Academics. As shown in Table 1, 291 

we fitted five binomial logistic regression models (using PROC GENMOD) for the binary 292 

dependent variables BehaveOrNot, ChangeLaneOrNot, AccelerateOrNot, DecelerateOrNot, 293 

and PreparationOrNot, and one linear regression model (using PROC MIXED) for the 294 

dependent variable PercentgeTimeToBehavior (i.e., continuous variable). The independent 295 

variables in all fitted models included RampVehicleOrNot, DrivingMode, TimePeriod, 296 

PERCLOS, EgoVehicleSpeed, and their two-way interactions. The repeated measures (i.e., 297 

each driver experienced multiple merging events) were accounted for by the generalized 298 

estimating equations (GEE) method. We first fitted a full model with all independent variables, 299 

and then we applied a backward stepwise selection method (James et al., 2021) based on Quasi-300 

likelihood under the Independence model Criterion (QIC) (i.e., for logistic regression models) 301 

(Pan, 2001) and Bayesian Information Criterion (BIC) (i.e., for linear regression models) 302 

(Burnham and Anderson, 2004). Post-hoc comparisons were performed for significant main 303 

effects or interaction effects (p < .05). 304 

 305 

 306 

 307 



 

 

Table 1. Summary of the fitted models 308 

Model 

# 

Dependent Variables Independent Variables Purpose 

Model 1 BehaveOrNot l RampVehicleOrNot 
l DrivingMode 
l TimePeriod 
l PERCLOS 
l EgoVehicleSpeed 
l Two-way interactions 

among all five variables 

To investigate the 
factors influencing the 
exhibition of defensive 
driving behaviors 

Model 2 ChangeLaneOrNot To investigate the factors 
influencing the types of 
drivers’ defensive 
driving behaviors Model 3 AccelerateOrNot 

Model 4 DecelerateOrNot 

Model 5 PreparationOrNot 

Model 6 PercentageTimeToBehaviour To investigate the factors 
influencing the time 
taken to initiate 
defensive driving 
behaviors 

 309 

4. Results 310 

4.1 Factors Influencing the Exhibition of Drivers’ Defensive Driving Behaviors 311 

Table 2 summarizes the Wald statistics for type 3 GEE analysis for Model 1. It was found 312 

that PERCLOS, TimePeriod, and the interaction between DrivingMode and 313 

RampVehicleOrNot influenced drivers’ defensive driving behaviors. Specifically, every 1% 314 

increase in PERCLOS led to a 0.77 (95% confidence intervals (CI): [0.74, 0.80], ! 2(1) = 201.91, 315 

p < .0001) multiplicative decrease in the odds of drivers exhibiting defensive driving behaviors. 316 

Besides, every 1-hour increase in TimePeriod led to a 1.05 (95%CI: [1.01, 1.09], ! 2(1) = 5.02, 317 

p < .0001) multiplicative increase in the odds of drivers exhibiting defensive driving behaviors. 318 



 

 

For the interaction effect between DrivingMode and RampVehicleOrNot, compared to the 319 

events without a vehicle in the ramp, drivers were more likely to show defensive driving 320 

behaviors when there was an incoming vehicle in the ramp, but to different extents in ADAS 321 

(odds ratio (OR) = 4.14, 95%CI: [3.22, 5.33], ! 2(1) = 122.71, p < .0001) and manual conditions 322 

(OR = 27.94, 95%CI: [20.67, 37.77], ! 2(1) = 469.18, p < .0001). When there was no vehicle 323 

in the ramp, compared to manual driving, drivers had a higher likelihood of having defensive 324 

driving behaviors when the ADAS was controlling the vehicle (OR = 8.25, 95%CI: [5.42, 325 

12.56], ! 2(1) = 96.93, p < .0001). No other significant post-hoc comparisons were observed 326 

(p > .05).  327 

Table 2. Wald statistics for type 3 GEE analysis 328 

Independent Variable ! 2-value !  

DrivingMode ! 2(1) = 30.48 <.0001 

RampVehicleOrNot  ! 2(1) = 319.78 <.0001 

DrivingMode* RampVehicleOrNot ! 2(1) = 378.99 <.0001 

PERCLOS ! 2(1) = 201.91 <.0001 

TimePeriod ! 2(1) = 5.02 .03 

4.2 Factors Influencing the Types of Drivers’ Defensive Driving Behaviors  329 

Figure 4 presents the distribution of various defensive driving behaviors throughout drives 330 

under both ADAS and manual driving conditions. 331 



 

 

 332 

Figure 4. The distribution of various defensive driving behaviors through all time periods 333 

Table 3 summarizes the factors influencing the types of defensive driving behaviors drivers 334 

took. We found that RampVehicleOrNot (! 2(1) = 10.83, p = .001) and the interaction between 335 

DrivingMode and TimePeriod (! 2(1) = 14.44, p = .0001) significantly influenced if drivers 336 

chose to change lane or not. Post-hoc comparisons revealed that, compared to the events 337 

without a vehicle in the ramp, drivers had a lower likelihood of changing lanes when there was 338 

a vehicle in the ramp (OR = 0.36, 95%CI: [0.20, 0.66], ! 2(1) = 10.83, p = .001). Besides, we 339 



 

 

found that each 1-unit increase in the TimePeriod (i.e., 1 h) led to lower likelihood of drivers 340 

changing the lane, although to different extent in ADAS (OR = 0.81, 95%CI: [0.79, 0.83], ! 2(1) 341 

= 203.26, p < .0001) and manual driving conditions (OR = 0.93, 95%CI: [0.88, 0.99], ! 2(1) = 342 

4.84, p = .03). 343 

Table 3. Summary of factors influencing drivers’ various defensive driving behaviors 344 
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For the behavior type of Accelerate, we found that RampVehicleOrNot (! 2(1) = 37.39, p 346 

< .0001) and the interaction effect between DrivingMode and TimePeriod (! 2(1) = 800.83, p 347 

< .0001) were significant predictors. Specifically, compared to the events without a vehicle in 348 

the ramp, drivers had a higher likelihood of accelerating when there was a vehicle in the ramp 349 

(OR = 2.28, 95%CI: [1.75, 2.98], ! 2(1) = 37.39, p < .0001). When the DrvingMode was ADAS, 350 

each 1-hour increase in the TimePeriod led to a lower likelihood of drivers accelerating in the 351 

events (OR = 0.65, 95%CI: [0.60, 0.70], ! 2(1) = 112.15, p < .0001). No other significant post-352 

hoc comparisons were observed (p > .05). 353 



 

 

For the behavior type of Decelerate, we found that RampVehicleOrNot (! 2(1) = 10.92, p 354 

= .001), PERCLOS (! 2(1) = 5.00, p = .03), and the interaction effect between DrivingMode and 355 

TimePeriod (! 2(1) = 24.05, p < .0001) to be significant predictors. Post-hoc comparisons 356 

revealed that, compared to the events without a vehicle in the ramp, drivers had a higher 357 

likelihood of decelerating when there was a vehicle in the ramp (OR = 21.08, 95%CI: [3.46, 358 

128.56], ! 2(1) = 10.92, p = .001). Besides, each 1% increase in the PERCLOS led to a higher 359 

likelihood of drivers decelerating in the events (OR = 1.09, 95%CI: [1.01, 1.18], ! 2(1) = 5.00, 360 

p = .03). At the same time, each 1-hour increase in the TimePeriod led to a higher likelihood 361 

of drivers decelerating in the events, although to different extents in ADAS (OR = 1.70, 95%CI: 362 

[1.41, 2.04], ! 2(1) = 32.13, p < .0001) and manual conditions (OR = 1.32, 95%CI: [1.17, 1.49], 363 

! 2(1) = 19.62, p = < .0001). 364 

For the behavior type of Preparation, we found that RampVehicleOrNot (! 2(1) = 40.94, p 365 

< .0001), EgoVehicleSpeed (! 2(1) = 210.31, p < .0001), and the interaction effect between 366 

DrivingMode and TimePeriod (! 2(1) = 51.50, p < .0001) to be significant predictors. It was 367 

found that, compared to the events without a vehicle in the ramp, drivers had a lower likelihood 368 

of exhibiting no action but preparation when there was a vehicle in the ramp (OR = 0.64, 95%CI: 369 

[0.56, 0.74], ! 2(1) = 40.94, p < .0001). Besides, we found that each 1 km/h increase in 370 

EgoVehicleSpeed led to a 1.04 (95%CI: [1.03, 1.05], ! 2(1) = 210.31, p < .0001) multiplicative 371 

increase in the odds of drivers exhibiting Preparation. Besides, when the DrivingMode was 372 

ADAS, each 1-hour increase in the TimePeriod led to a higher likelihood of drivers exhibiting 373 

Preparation (OR = 1.13, 95%CI: [1.11, 1.15], ! 2(1) = 217.88, p < .0001). However, each 1-374 



 

 

hour increase in the TimePeriod led to a lower likelihood of drivers exhibiting Preparation 375 

when the DrivingMode was Manual (OR = 0.86, 95%CI: [0.81, 0.91], ! 2(1) = 22.86, p < .0001). 376 

4.3 Factors Influencing Time Taken to Initiate Defensive Driving Behaviors 377 

Table 4 summarizes the Type 3 tests of fixed effects in Model 6. It was found that 378 

RampVehicleOrNot (F (1, 2) = 25.86, p = .04) and the interaction between DrivingMode and 379 

TimePeriod (F (1, 524) = 10.58, p = .001) significantly influenced drivers’ time to defensive 380 

driving behaviors. More specifically, for the RampVehicleOrNot (i.e., as shown in Figure 5-A), 381 

post-hoc comparisons revealed that, compared to the case of no vehicles in the ramp, drivers 382 

would perform the defensive driving behavior within a shorter time when there was an 383 

incoming vehicle in the ramp (∆ = -5.0%, 95%CI: [-9.3%, -0.7%], t (2) = -5.09, p = .04). For 384 

the interaction effect between DrivingMode and TimePeriod, as shown in Figure 5-B, we found 385 

that when the DrivingMode was ADAS, the TimePeriod had no significant effect on drivers’ 386 

defensive driving behavior time (t (524) = -0.95, p = .3); while when the DrivingMode was 387 

Manual, each 1-unit increase in TimePeriod would lead to a 0.83% increase in drivers’ 388 

PercentageTimeToBehavior (t (524) = 3.43, p = .0006). 389 

Table 4. Type 3 tests of fixed effects in Model 6 390 

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 

 391 



 

 

 392 

Figure 5. Post-hoc comparisons for the RampVehicleOrNot and the interaction between 393 

DrivingMode and TimePeriod 394 

5. Discussion 395 

Based on the data extracted from a naturalistic driving experiment, this study investigated 396 

the influential factors of drivers’ defensive driving behaviors in the right-side-ramp merging 397 

events. More specifically, this study mainly focused on revealing the effects of selected factors 398 

(e.g., DrivingMode and TimePeriod) on the existence, type, and timing of drivers’ defensive 399 

driving decisions. To the best of our knowledge, this was the first time that truck drivers’ 400 

behaviors when driving with ADAS were investigated in a naturalistic driving experiment 401 

setting. Findings from this study could provide insights into understanding professional drivers’ 402 

behaviors in the context of ADAS, and guide the future design and optimization of professional 403 

driver training programs to enhance traffic safety. Our discussion is organized based on the 404 

types of influential factors of truck drivers’ defensive driving behaviors, including the ADAS 405 

alone, the ADAS and the long-hour driving as well as the types of traffic scenarios. 406 



 

 

5.1 The effects of ADAS on the Performance of Defensive Driving among Truck 407 

Drivers 408 

The ADAS was found to influence truck drivers' likelihood of exhibiting defensive driving 409 

behaviors and the influence depends on the presence of other vehicles on the ramp. Specifically, 410 

when there was no vehicle on the ramp, driving with ADAS led to more defensive driving 411 

behaviors compared to manual driving. However, when there is an incoming vehicle on the 412 

ramp, the ADAS does not provide a significant advantage over manual driving in terms of 413 

defensive driving behaviors. Given that in general, divers were likely to show defensive driving 414 

behaviors when there was an upcoming vehicle on the ramp and drivers in manual driving 415 

conditions were more sensitive to the existence of the upcoming vehicle compared to drivers 416 

with ADAS, it is likely that drivers were not confident enough in ADAS and thus they chose 417 

to be prepared for takeover anyway whenever there is a need for potential actions. This finding 418 

agrees with the timing of the defensive driving, i.e., ADAS consistently led to shorter response 419 

time throughout the drive, indicating that our participants were more active in responding to 420 

potential hazards when driving with ADAS compared to when driving manually.  421 

The more active defensive driving with ADAS compared to that in manual driving mode 422 

is in contrast with the survey-based findings among general users of ADAS, who reported high 423 

trust in ADAS (Huang et al., 2023) and exhibited over-reliance on ADAS (Chu and Liu, 2023). 424 

It is possible that commercial drivers held more responsibilities and they tended to exhibit 425 

different characteristics when using ADAS, as has also been observed in other studies 426 

regarding driver fatigue when driving with ADAS (Huang et al., 2024). It is also possible that 427 

drivers experienced a relatively higher workload in manually controlling the vehicle (Gimeno 428 



 

 

et al., 2006), especially when controlling long-haul trucks, which are more difficult to control 429 

compared to sedans or SUVs; while in the ADAS condition, most of the vehicle control tasks 430 

were handled by the ADAS system, thus drivers had more spare capability to handle defensive 431 

driving tasks (May and Baldwin, 2009). 432 

Finally, it should be noted that drivers had different preferences regarding the types of 433 

actions to take. A large portion of the actions ADAS users took was preparation, while the 434 

actions adopted by manual vehicle drivers were more evenly distributed. It seems that though 435 

ADAS users took more defensive actions, they still let ADAS handle the driving tasks unless 436 

it was really necessary to take action. Such passive responses may potentially benefit the traffic 437 

flow, by reducing speed violations and lane changes, validating the benefits of deploying 438 

automated vehicles observed in traffic simulation in previous studies (e.g., F. Zheng et al., 2020; 439 

Y. Zheng et al., 2020). 440 

5.2 The Compound Effect of ADAS and Long Driving Hours on Truck Drivers’ 441 

Defensive Driving Behaviors 442 

Given that fatigue is a major safety concern in long-haul driving, we also observed how 443 

drivers’ defensive driving behaviors change with the progress of the drive. We first found that 444 

as driving time increased, truck drivers became more likely to exhibit defensive driving 445 

behaviors; but the increase in drowsiness (as measured by PERCLOS) decreased the likelihood 446 

of exhibiting defensive driving behaviors when both driving manually or with ADAS. It should 447 

be noted that the PERCLOS was not significantly correlated with the driving time in our study 448 

(r = .02, p = .6). The effect of drowsiness is straightforward, as defensive driving, as an action 449 

in response to hazard perception, consumes cognitive resources (Wickens et al., 2021). Thus, 450 



 

 

the low level of arousal as a result of drowsiness (Yerkes and Dodson, 1908), can impede 451 

defensive driving behaviors, as has also been observed in previous driving simulator studies 452 

among drivers of passenger vehicles (e.g., Feldhütter et al., 2019; Vogelpohl et al., 2019). But 453 

for the first time, such a phenomenon has been observed on the road and among professional 454 

drivers. The effect of the driving time, somehow, is counterintuitive. One possible explanation 455 

is that truck drivers hold high standards in transportation safety (McKerral and Pammer, 2021; 456 

Pammer et al., 2021). Thus, as the driving time increased, being aware of the potential risks 457 

associated with fatigue (Meng et al., 2015), they actively adopted safety-oriented driving 458 

strategies as compensation, which can be regarded as a proactive strategy to enhance safety on 459 

the road, particularly when facing potential fatigue-related impairments (Jiang et al., 2017). 460 

However, it should be noted that drivers may still not be able to fully compensate for the effect 461 

of the prolonged driving duration, as with manual driving mode, drivers' response time still 462 

increased, potentially due to the fatigue accumulation; while such a trend was not observed in 463 

ADAS condition, likely due to the lower overall workload when ADAS took most of the 464 

driving tasks (e.g., Antony and Whenish, 2021; Dunn et al., 2019). This difference highlights 465 

the benefits of the ADAS in long-haul driving. 466 

Further, drivers’ type of defensive driving styles also showed obvious trends with the 467 

progress of the drives. As drivers spent more time on the road, in general, drivers became more 468 

conservative in terms of the selected defensive driving behaviors. Specifically, drivers were 469 

less likely to change lanes and more likely to decelerate when encountering ramp merging and 470 

this effect was more pronounced in ADAS conditions. Further, drivers with ADAS were less 471 

likely to accelerate, while this effect was not observed in manual driving conditions. It is likely 472 



 

 

that aggressive reactions, such as accelerating and changing lanes, require more attentional 473 

resources (e.g., when changing lanes, drivers need to check the nearby lanes); but with the 474 

progress of the drive, drivers became fatigued and they tended to choose actions that were less 475 

cognitive demanding, i.e., decelerating anyway. This effect is in line with our finding that an 476 

increase in drowsiness, as indicated by PERCLOS, was associated with a higher likelihood of 477 

deceleration, potentially as a compensatory mechanism to mitigate the risks associated with 478 

fatigue (Perttula et al., 2011). It should be noted that the effect of driving time on the type of 479 

defensive driving strategies was more obvious in ADAS conditions, likely because drivers 480 

experience lower workloads with the help of ADAS (Shahini and Zahabi, 2022), and taking 481 

aggressive actions required more additional effort compared to when driving manually. It is 482 

also possible that professional drivers tend to adopt conservative driving strategies as 483 

compensation for fatigue induced by prolonged driving tasks (Jiang et al., 2017).  484 

Finally, it is interesting to notice that the relationship between driving time and preparation 485 

also differs with different driving modes. An increase in driving time led to a higher likelihood 486 

of preparation in ADAS conditions but a lower likelihood of preparation in manual driving 487 

mode. It is likely because getting prepared but not taking over is less workload-demanding 488 

compared to driving manually; while getting ready but not taking actions in manual driving 489 

mode requires drivers to keep monitoring the situations and thus more workload-demanding 490 

compared to taking actions directly. 491 

Overall, the trends in different patterns of strategies can be explained by the variation in 492 

drivers’ workload levels and drowsiness development. Though ADAS seems to have provided 493 

some benefits, further research is still needed to understand whether and by how much the 494 



 

 

drivers should be allowed to drive longer when driving with ADAS as compared to driving 495 

manually, given the benefits of ADAS observed in our study. 496 

5.3 The Influence of Traffic Scenarios on Truck Drivers’ Defensive Driving 497 

Behaviors 498 

Drivers’ defensive driving strategies also change with the traffic conditions. First, as 499 

expected, the presence of an incoming vehicle on the ramp increased the likelihood of 500 

exhibiting defensive driving behaviors, but this effect was more obvious in manual driving 501 

conditions compared to ADAS conditions. It is likely that in ADAS conditions, drivers tended 502 

to rely more on the ADAS even if they noticed the coming vehicles on the ramp unless action 503 

became necessary – again, a strategy to avoid elevation of workload. Future research with 504 

accurate eye-tracking systems may validate this hypothesis. 505 

Further, the existence of a vehicle on the ramp could also affect the type of strategies 506 

drivers took. Compared to events without a vehicle in the ramp, truck drivers had a lower 507 

likelihood of changing lanes, a higher likelihood of accelerating, a higher likelihood of 508 

decelerating, and a lower likelihood of being prepared when there was a vehicle in the ramp. It 509 

seems that when there was a clearer cue indicating potential conflicts, drivers tended to actions 510 

directly, instead of preparing and waiting (Schwalb, 2021). The lower likelihood of changing 511 

lanes when there is a vehicle on the ramp, on the other hand, could be attributed to drivers’ 512 

insufficient visual attention to monitor the nearby lane when they had to monitor the upcoming 513 

vehicles on the ramp already. Thus, they chose to take less-demanding actions, i.e., only 514 

changing the speed but not the direction of the vehicle.  515 



 

 

Finally, an increase in EgoVehicleSpeed was related to an increased likelihood of being 516 

prepared. The association between higher EgoVehicleSpeed and increased likelihood of 517 

preparation might be explained by drivers’ reluctance to disrupt fast-flowing traffic or the 518 

increased difficulty or risk in taking actions at high speed. Future research with subjective 519 

responses may answer this question. 520 

These differences in defensive driving behaviors highlight the complexity of drivers' 521 

decision-making processes when handling hazardous scenarios (Liu and Ozguner, 2007; 522 

Tivesten and Dozza, 2015), given that different ADAS systems design (e.g., negative ADAS 523 

warning strategies) could significantly affect truck drivers’ behaviors (Shao et al., 2025). It is 524 

important to note that these behaviors may also be influenced by individual differences (Kaye 525 

et al., 2013; Stephens and Groeger, 2009), driver experience (Nabatilan et al., 2012), and 526 

situational factors (Toledo, 2007), which should be carefully considered when researching and 527 

designing ADAS-related components (e.g., interfaces and warning strategies) in the future. 528 

5.4 Limitations 529 

Several limitations of this study should be noted here. Firstly, in this study, we only 530 

considered the behavior of the ego vehicle (i.e., driver behavior and vehicle kinematics), while 531 

the behavior of the merging vehicle (e.g., speed) was not considered, given the lack of data on 532 

the merging vehicles. However, the right-side ramp merging event highly depends on the 533 

interactions between the ego vehicle and the ramp vehicle (if there was one) (Mackie et al., 534 

2013). Future research may consider collecting the behavior data of both the ego vehicle and 535 

the merging vehicle to validate our findings. Second, although we have extracted a large 536 

number of events from the drive and adopted repeated measures in the experiment, the data 537 



 

 

used in this study was collected based on only three male drivers aged from 40 to 46 (average 538 

age = 43 years old). Readers should be aware of the potential influence of driver heterogeneity 539 

on our conclusions (Rendon-Velez et al., 2016). Besides, according to the national statistics, 540 

there were around 18 million truck drivers in China, and 98.22% of them were male drivers. 541 

The age group of 36-55 was the largest age group among truck drivers; specifically, 45.44% of 542 

them were in the age group between 36-45, and 33.24% of them were in the age group between 543 

46-55 (China Automotive News, 2024). Although the driver participants in this experiment 544 

somewhat fell within the major demographic group of Chinese truck drivers, future research 545 

could further validate our findings by recruiting more drivers with different demographic 546 

backgrounds in the experiment with more diverse kinds of vehicles. Finally, it should be noted 547 

that to ensure safety in the naturalistic driving experiment, this study selected truck drivers who 548 

were experienced ADAS users (i.e., over two years of ADAS experience in trucks). Therefore, 549 

the findings from this study should be carefully interpreted and it would be interesting for 550 

further studies to explore the behaviors of new ADAS users in trucks. 551 

6. Conclusion 552 

In this study, we conducted an analysis of 868 right-side-ramp merging events based on 553 

the data extracted from a naturalistic driving experiment to investigate the factors that 554 

influenced drivers’ defensive driving decisions among long-haul truck drivers. The key 555 

findings are summarized as follows: 556 

l We found that ADAS facilitated drivers’ defensive driving behaviors, as indicated by a 557 

higher percentage of actions and quicker responses when approaching potentially 558 

hazardous areas, i.e., right-side-ramp merging locations. 559 



 

 

l Drowsiness can impede defensive driving behaviors, but drivers in general became more 560 

likely to exhibit defensive driving behaviors with the progress of the drive. 561 

l With the progress of driving and the increment of drowsiness levels, drivers gradually 562 

became preferable to conservative defensive driving behaviors (i.e., deceleration instead 563 

of acceleration) and these effects were more obvious when driving with ADAS compared 564 

to when driving manually. 565 

l The frequency and type of defensive driving behaviors also change with the traffic 566 

conditions, including the existence of merging vehicles on the ramp, and ego-vehicle speed. 567 

In summary, for the first time, we explored the factors that influenced truck drivers’ 568 

defensive driving behaviors. The findings can provide insights into ADAS design in trucks 569 

(e.g., information regarding ADAS capability should be provided to reduce drivers’ cognitive 570 

load in order to facilitate more appropriate actions, especially after long hours of driving) and 571 

the design of laws to regulate ADAS adoption in long-haul trucks (e.g., whether we should 572 

allow drivers to drive longer when ADAS is available in trucks). 573 
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Appendix 799 

The definition and distribution of extracted variables 800 

Variable Distribution of events (frequency, proportion) 

Driver! l A (n = 292, 33.6%) 
l B (n = 292, 33.6%) 
l C (n = 284, 32.8%) 

RampVehicleOrNot 
l Yes (n = 363, 41.9%) 
l No (n = 505, 58.1%) 

DrivingMode 
l ADAS (n = 423, 48.7%) 
l Manual (n = 445, 51.3%) 

TimePeriod 

 

PERCLOS 

 



 

 

EgoVehicleSpeed 

 

BehaveOrNot 
l Yes (n =531, 61.2%) 
l No (n =337, 38.8%) 

ChangeLaneOrNot 
l Yes (n = 109, 20.5%)  
l No (n = 422, 79.5%) 

AccelerateOrNot 
l Yes (n = 79, 14.9%) 
l No (n = 452, 85.1%) 

DecelerateOrNot 
l Yes (n = 48, 9.0%)  
l No (n = 483, 91.0%) 

PreparationOrNot 
l Yes (n = 295, 55.6%) 
l No (n = 236, 44.4%) 

PercentageTimeToBehavior 
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