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Abstract 1 

Before fully autonomous vehicles come true, drivers are still required to be responsible for 2 

driving safety and take over control of the vehicle when prompted by takeover requests in 3 

conditionally automated vehicles. Thus, drivers’ takeover performance can affect the safety of 4 

conditionally automated driving. However, though cognitive distraction can impair takeover 5 

performance in general, the influence of multi-dimensionality in the cognitive resources was 6 

under-investigated. At the same time, it is unknown how physiological and eye-tracking metrics 7 

are associated with different modalities of cognitive tasks in conditionally automated vehicles. 8 

Thus, through a driving simulation study with 42 participants, we investigated the effects of 9 

multidimensional cognitive demands, as imposed by multiple types of non-driving-related tasks, 10 

on drivers' takeover performance, physiological responses, and eye-tracking metrics in 11 

conditionally automated vehicles. Results showed that certain takeover performance (i.e., 12 

vehicle speed and lateral acceleration), and physiological and eye-tracking metrics (i.e., 13 

differences between consecutive R-peaks, skin conductance level, variation in respiratory 14 

intervals, number of fixations, number of saccades and saccade angle) are still responsive to 15 

cognitive load in the context of driving automation. Further, the modality of the cognitive tasks 16 

can moderate the takeover performance (i.e., takeover time) and certain physiological (i.e., ratio 17 

of spectral power in the low- and high-frequency range and respiration depth) metrics. These 18 

findings suggest that, in future conditionally automated vehicles, in-vehicle task designs should 19 

consider the modality of the cognitive demands for driving safety and for the performance of 20 

the driver monitoring systems. 21 
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1. Introduction 1 

Though driving automation is claimed to enhance safety (Jeong et al., 2017) by replacing 2 

drivers in some tasks, fully autonomous vehicles are still not yet ready. According to the Society 3 

of Automotive Engineers (SAE) (J3016 - Taxonomy and Definitions for Terms Related to 4 

Driving Automation Systems for On-Road Motor Vehicles, 2018), the highest level of driving 5 

commercially available automation is Level 3, which requires drivers to take over the control 6 

of vehicles in case of emergencies. However, one of the benefits of driving automation is that 7 

drivers can be relieved from driving tasks and make use of commute time, which has been 8 

found to negatively impact takeover performance (Schartmüller et al., 2021). Thus, evaluating 9 

the impact of non-driving-related tasks (NDRTs) on takeover performance and monitoring the 10 

drivers’ states are crucial to the driving safety of SAE Level-3 vehicles. 11 

Previous research has found that both visual-manual NDRT (Guo et al., 2023; Zeeb et al., 12 

2016) and cognitive NDRT (Choi et al., 2020) can impair take-over performance in vehicles 13 

with driving automation and cognitive load is related to human error (Dingus et al., 2019; 14 

Seyfzadehdarabad et al., 2023). Such negative cognitive load effects can last up to 5 minutes 15 

after takeover events (Xu et al., 2024). The negative impacts of the visual-manual tasks are 16 

expected as driving mostly relies on visual information (Tivesten & Dozza, 2014). However, 17 

how cognitive load affects takeover performance deserves further investigation, given multiple 18 

cognitive resources can be claimed in multiple tasks or even a single task (Wickens, 1991). For 19 

example, recalling a message in a conversation requires memory resources, while following 20 

navigation would require spatial resources. At the same time, the cognitive resources required 21 

for the transfer of control can also be multi-dimensional (e.g., spatial resources to rebuild traffic 22 

scenarios and memory resources to be aware of system boundaries). Thus, treating the cognitive 23 

task as unidimensional may not fully reveal the association between cognitive tasks and take-24 

over performance. Given the widespread high cognitive load inducers for drivers (e.g., in-25 

vehicle tasks, complex traffic, and bad weather), we need to understand the impact of different 26 

types of cognitive tasks on takeover performance to better inform driving automation designs 27 

and in-vehicle task designs in SAE Level-3 vehicles.  28 
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At the same time, driver-state monitoring has been acknowledged as an effective way to 1 

ensure driving safety, and such a system will become mandatory in some regions (Aisin 2 

Mobility, 2022). Thus, previous research has explored models to estimate drivers’ states in SAE 3 

Level-3 vehicles (Shi et al., 2024; Wang et al., 2024), mostly using physiological measures and 4 

eye-tracking measures (Das & Maiti, 2024; Rahman et al., 2020; Kumar et al., 2022; Tjolleng 5 

et al., 2017). However, to the best of our knowledge, no research has differentiated the influence 6 

of cognitive task types on drivers’ physiological and eye-tracking metrics. Thus, we also aim 7 

to explore how the type of cognitive tasks can affect drivers’ physiological and eye-tracking 8 

responses in takeover events, which may support more accurate and targeted drivers’ cognitive 9 

load estimation in SAE Level 3 vehicles. 10 

In this study, a driving simulator experiment was conducted. Three commonly used 11 

standardized cognitive tasks were used to impose different types of high cognitive load among 12 

drivers, i.e., the n-back task (Jaeggi et al., 2010) that requires memory resources, the 13 

mathematical task (Meteier et al., 2021; Wiediartini et al., 2023) that requires numerical 14 

processing resources, and the spatial reasoning task (Liang & Lee, 2010) that requires spatial 15 

cognitive resources. These three tasks have been extensively used as NDRTs to impose high 16 

cognitive loads among drivers (He et al., 2022; Liang & Lee, 2010; Meteier et al., 2021) in non-17 

automated driving and driving automation contexts. 18 

2. Related Work 19 

2.1 Commonly Used Cognitive Tasks in Driving Tasks 20 

 To manipulate cognitive load among drivers, a variety of cognitive tasks were adopted in 21 

previous driving research. Memory tasks are commonly used to manipulate cognitive load in 22 

drivers. For instance, the n-back task has been widely adopted as it simulates working memory 23 

processes, i.e., maintaining, retrieving, and updating information (Wang et al., 2016). Initially 24 

proposed by Mehler et al. (Mehler et al., 2012a), the n-back has several variations, including 25 

matching (Deng et al., 2024; Meteier et al., 2022; Nilsson et al., 2022; Öztürk et al., 2023; 26 

Rahman et al., 2020), repeating (Cegovnik et al., 2018; Gable et al., 2015; Hajek et al., 2013; 27 

Mehler et al., 2009, 2009, 2012b; Tjolleng et al., 2017), and counting (He et al., 2019). In 28 
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addition to n-back tasks, mathematical tasks have also been widely adopted, which require 1 

one’s computational resources. Common mathematical tasks include addition (Brookhuis et al., 2 

1991; Harbluk et al., 2007; Zhou et al., 2022), subtraction (Meteier et al., 2021; Shi et al., 2024; 3 

Wang et al., 2024), and multiplication operations (Mathissen et al., 2022). The mathematical 4 

task may be implemented as interactive question-answer sessions (Harbluk et al., 2007; 5 

Mathissen et al., 2022; Zhou et al., 2022) or continuous computation by participants (Meteier 6 

et al., 2021; Shi et al., 2024; Wang et al., 2024). Finally, spatial tasks were also adopted, 7 

including virtual reality navigation tasks (Liang & Lee, 2010), object-seeking tasks 8 

(Radhakrishnan et al., 2023), and spatial image tasks (Engström et al., 2005; Liang & Lee, 2010; 9 

Recarte & Nunes, 2000), which require participants to process spatial information while driving. 10 

2.2 The Effect of NDRTs on Takeover Performance 11 

 Engaging in NDRTs has been found to delay drivers’ responses in takeover events. For 12 

example, in a driving simulator study, Liu et al. (2024) found that different NDRTs led to 13 

varying takeover performances, from lowest to highest, the performance ranked as error 14 

detection, monitoring, texting, and conversing. Lin et al. (2020) found that visual NDRTs (i.e., 15 

reading the news and watching videos) can delay drivers’ responses to TOR and impair the 16 

takeover quality in safety-critical events. Through a meta-analysis study, Zhang (2024) found 17 

that both visual-cognitive-motor tasks and visual-cognitive tasks have a significant negative 18 

impact on takeover time, but the former has a greater effect than the latter. At the same time, 19 

cognitive NDRT can also impair one’s takeover performance. For example, Lee et al. (2021) 20 

found that engaging in cognitive NDRTs (e.g., taking with passengers) was negatively 21 

associated with both longitudinal and lateral control metrics. Roche et al. (2019) further 22 

confirmed that the NDRT type can affect the takeover performance. More specifically, the 23 

standard deviation (SD) of lane position deviation after the takeover is larger with auditory than 24 

visual-auditory cognitive NDRT.  25 

2.3 The association between cognitive NDRTs, eye-tracking, and physiological measures 26 

The cognitive load has been found to be associated with drivers’ physiological and eye-27 

tracking responses in both non-automated vehicles and vehicles with driving automation. For 28 
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example, in a simulator study, Liang and Lee (2010) found that the increased cognitive load led 1 

to an increase in blink rate, but a decrease in the vertical and horizontal SD of gaze positions in 2 

vehicles without driving automation. Similarly, in vehicles with driving automation, through 3 

driving simulation, Chen et al. (2022) suggested that the pupil diameter, the frequency and 4 

duration of saccades, the length of fixations, and 3D gaze entropy are reliable measures of a 5 

driver’s mental strain in vehicles with the advanced driving assistant system (ADAS). Similarly, 6 

Radhakrishnan et al. (2023) found that the size of the pupil is responsive to changes in visual 7 

task-induced mental effort when driving with ADAS in a driving simulation experiment, which 8 

mostly requires spatial processing resources. The association between high cognitive load and 9 

drivers’ physiological and eye-tracking metrics has also been observed in on-road studies. For 10 

example, in on-road studies, the high cognitive load was found to be associated with a declined 11 

frequency of checking peripheries, mirrors, and instruments (Harbluk et al., 2007), elevated 12 

heart rate (HR), and diminished heart rate variability (HRV) (Brookhuis et al., 1991), and larger 13 

pupil diameter (PD) (Recarte & Nunes, 2000, 2003) in vehicles without ADAS. However, as 14 

mentioned earlier, no research has differentiated the influence of different cognitive resources 15 

on drivers’ physiological and eye-tracking metrics, especially in vehicles with driving 16 

automation. 17 

2.4 This Study 18 

Existing research has shown that cognitive tasks during automated driving affect takeover 19 

performance, but most studies treat "cognitive load" as a unidimensional construct. To address 20 

this research gap, through a driving simulator experiment, we aim to investigate how drivers’ 21 

takeover performance varies across different types of cognitive loads (memory recall, 22 

numerical processing, spatial reasoning) and whether eye-tracking patterns and physiological 23 

responses vary across cognitive task types and cognitive load levels in vehicles with driving 24 

automation.  25 

3. Method 26 

3.1 Participants 27 

 A total of 42 drivers, consisting of 25 males and 17 females with an average age of 35.3 28 
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years (SD = 9.10, ranging from 23 to 53 years), participated in our study. In this study, we did 1 

not specifically control for a balanced gender distribution among participants. Instead, we 2 

aimed to reflect the current gender distribution of licensed drivers in China, where the 3 

experiment was conducted. As of the latest statistics, female drivers account for 33.7% of the 4 

total licensed drivers in China in 2022 (approximately 162 million out of 481 million licensed 5 

drivers) (Car Circle, 2022). In our study, 40.5% of the participants were female (17 out of 42), 6 

which is slightly higher than the national gender ratio but still reflects the trend in which the 7 

proportion of female drivers has been increasing in recent years. The female driver population 8 

has been growing at a rate approximately double that of male drivers (Car Circle, 2022), making 9 

it relevant to simulate a future scenario in which the percentage of female drivers may rise 10 

further. Eligibility criteria included holding a valid driver's license for at least one year, having 11 

no prior experience with ADAS features (including Lane Centering Control, Adaptive Cruise 12 

Control, or any other more advanced ADAS functions such as automated lane-changing), and 13 

having driven a minimum of 5,000 kilometers in the past year. We did not control the age 14 

distribution of the drivers, but our participant sample was generally young, which matches the 15 

age distribution of major buyers of ADAS-equipped vehicles in China (Souhu Auto, 2024). We 16 

also targeted drivers without ADAS experience, as most drivers nowadays still have limited 17 

experience with ADAS, and they have diverse attitudes toward ADAS (Huang et al., 2023). 18 

Thus, technologies supporting this group of drivers may better enhance driving safety with 19 

ADAS. Participants were informed that they would receive compensation of 70 RMB per hour, 20 

with the possibility of earning an additional performance-based bonus of up to 30 RMB for 21 

completing cognitive tasks during the experiment. The study was approved by the Hong Kong 22 

University of Science and Technology (HREP-2023-0199). 23 

3.2 Equipment 24 

 The experiment utilized a fixed-base driving simulator (Figure 2a) equipped with three 43-25 

inch screens, providing a 150° horizontal and 47° vertical viewing angle. Participants could 26 

engage the driving automation system by pressing virtual buttons on a 15-inch screen 27 

positioned next to the steering wheel. They could disengage the automation by pressing another 28 
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virtual button, turning the steering wheel, or using the brake pedal. Driving data was logged at 1 

a rate of 60 Hz using the Silab 7.1 simulation software from WIVW GmbH. Physiological 2 

measurements, including ECG, RESP, and EDA, were collected with sensors from Ergoneers 3 

GmbH at a sampling rate of 100 Hz (see Figure 2b). Eye-tracking data was recorded using the 4 

Dikablis and D-Lab software, also at a 60 Hz sampling rate. All data streams were synchronized 5 

using the Human Research Tool (HRT) software by Info Instrument. 6 

 7 

 8 

                     (a)                                                                     (b)   9 

Figure 1. Driving simulator, eye-tracker and physiological sensor placements. 10 

 11 

3.3 Driving Task 12 

Each participant undertook a single drive on a six-lane dual carriageway composed of 21 13 

straight segments, each 7 km in length. The speed limit was set at 110 km/h, with traffic flowing 14 

freely at a density of 6 cars per kilometer per lane. Participants were informed that the vehicle 15 

was equipped with an SAE Level 3 Advanced Driving Assistance System (ADAS), requiring 16 

them to engage the automation whenever possible and only take manual control when necessary 17 

or in response to a Takeover Request (TOR). As shown in Figure 2, the drive included three 18 

types of takeover scenarios: 1) exiting a ramp, where drivers needed to shift to the right lane, 19 
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merge onto the exit ramp, and reduce speed to below 60 km/h; 2) navigating around a traffic 1 

accident, where drivers had to change lanes to avoid the accident area; and 3) proceeding 2 

through a foggy area, where drivers were required to reduce speed. Each takeover event was 3 

preceded by a TOR, with a lead time of 10 seconds before automation disengagement, following 4 

the methodology of previous research (Chen et al., 2023). 5 

  6 

 7 

Figure 2. Design of takeover scenarios. In the figure, NDRT: Non-Driving Related Task; 8 

TOR: Takeover Request; TOT: Takeover Time; LD: Lateral Deviation; PhyS: Physiological 9 

Signals; ET: Eye-Tracking.  10 

 11 

3.4 Non-Driving-Related Tasks (NDRTs) 12 

Cognitive load is multidimensional, engaging various types of cognitive resources (Wang 13 

et al., 2024). To evaluate the impact of different cognitive dimensions on takeover performance, 14 

three types of cognitive tasks were used, as shown in Table 1 and Figure 3: calculation, memory, 15 

and spatial processing, which simulates the cognitive demands when estimating an electric 16 

vehicle's remaining range, processing and recalling traffic scenarios; and navigation activities, 17 

respectively. Additionally, the complexity of each NDRT was adjusted to introduce varying 18 

levels of cognitive load, simulating diverse traffic conditions. 19 

 20 

 21 

 22 
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Table 1. Summary of NDRTs. 1 

Task  Descriptions Levels Cognitive 

Resource 

Abbreviation 

N-back 

Task 

(Jaeggi et 

al., 2010) 

A series of stimuli 

(numbers/letters) are 

presented with a pause 

between each. Participants 

recall the stimulus that is n 

positions earlier. 

Three levels: 0-

back, 1-back and 

2-back tasks. 

Memory MT 

Calculation 

Task 

(Meteier et 

al., 2021) 

Oral backward counting from 

3,000 by increments of 3 

(non-integer) or 5 (integer). 

Two levels: 

Counting 

backward by 3 or 

5 from 3,000. 

Calculation CT 

Spatial 

Task 

(Liang & 

Lee, 2010) 

Participants listen to an audio 

clip describing a route and 

identify the main direction 

faced at the end, simulating 

high cognitive demands 

similar to those in navigation 

systems. 

One level: "What 

direction is this 

person facing 

when she goes to 

the north station 

and moves two 

stations 

clockwise?" 

(Answer: East)  

Spatial 

process 

ST 

 2 

      3 

                                (a)                                                     (b)                                         (c) 4 

Figure 3. Cognitive tasks: (a) n-back task, (b) math task, and (c) spatial task. 5 

 6 
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3.5 Experiment Design 1 

 A 3 (Takeover Scenarios) by 7 (NDRTs) within-subject design was used. To reduce the 2 

potential effect of experiment order on the results, the three takeover scenarios were 3 

counterbalanced using a Latin squared design. Within each scenario, the 7 NDRT types were 4 

also counterbalanced using a Latin squared design, leading to 7 possible orders. This 5 

combination of scenario and NDRT resulted in a total of 21 unique experimental orders. Each 6 

combination of experimental conditions was experienced by two participants. Specifically, after 7 

completing all NDRTs within one Takeover Scenario, participants took a 10-minute break 8 

before proceeding to the next seven takeover scenarios in order to reduce the potential fatigue 9 

effects. 10 

3.6 Procedures 11 

Participants were required to follow regular sleep routines, avoid alcohol, and abstain from 12 

caffeine consumption for 24 hours before the experiment. As shown in Figure 4, upon arrival, 13 

they provided written consent and attended a 30-minute orientation covering the experimental 14 

procedures, vehicle operation, and cognitive tasks. This was followed by a practice driving 15 

session where each participant encountered one TOR on the highway. Afterward, physiological 16 

sensors and eye-tracking devices were put on and calibrated before starting the formal 17 

experiment. During the experiment, each participant encountered 21 TORs, with each TOR 18 

occurring on one of the straight sections of the road. Following each TOR, participants stopped 19 

to complete two questionnaires: the NASA Task Load Index (NASA-TLX) for perceived 20 

workload (Hart & Staveland, 1988). The entire session took around three hours to complete. 21 

 22 
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  1 

Figure 4. Experimental process. 2 

 3 

3.7 Variable Extraction and Signal Processing 4 

As shown in Table 2, the variables of interest include takeover performance, physiological 5 

responses, and eye-tracking measures. For the physiological measures, band-pass filters were 6 

applied to reduce the noise in the data before metric extraction. Specifically, a fourth-order 7 

Butterworth low-pass filter was applied to mitigate high-frequency disturbances for EDA. ECG 8 

signals were processed through a band-pass filter between 3 Hz to 45 Hz, followed by R-wave 9 

detection using an enhanced Pan-Tompkins algorithm (Sathyapriya et al., 2014) to calculate the 10 

R-R intervals. For RESP, band-pass filters were applied within the frequency range between 11 

0.1 Hz to 0.35 Hz. All physiological metrics and eye-tracking metrics were extracted 120 12 

seconds before TOR to the TOR onset. The data extraction periods for the variables are provided 13 

in Figure 2, where the vehicle achieving lateral stability was defined as the moment when the 14 

lateral deviation in the following 2.5 seconds was within 10% of the maximum lateral deviation 15 

after the automation disengagement (Chen et al., 2023). 16 
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Table 2. Description of dependent variables (DVs) 1 

DV Unit Category Description (Note) Calculation Details Trend with Increased 

Cognitive Load 
TOT s Takeover 

performance 

Takeover time, i.e., from the moment the takeover request is 

initiated to the deactivation of the autonomous driving 

system. 

 ↑ (Guo et al., 2023; Zeeb et al., 

2017; Zhang, 2024) 

V m/s Vehicle speed The average/max value of 

the metrics during the 

period from the automation 

disengagement to the 

vehicle achieving lateral 

stability. (Cao et al., 2021; 

Yao et al., 2021). 

 

 Average↓ (Chen et al., 2023; 

Mehler et al., 2012b; Zeeb et al., 

2016); ↑ (Mehler et al., 2009) 

LD m The lateral distance from the centerline of the lane, including 

mean and max LD 

↑ (Zeeb et al., 2017; Zhang et al., 

2023) 

SW rad Steering wheel angel ↑ (Mehler et al., 2012b; Zhang et 

al., 2023) 
AX m/s2 Lateral acceleration ↑ (Louw et al., n.d.) 

AY m/s2 Longitudinal acceleration No traffic ↑ (Du et al., 2020)；

Heavy oncoming traffic density 

↓(Du et al., 2020) 

PA px Eye-tracking 

metrics 

Pupil area Average of the metrics 

from 120 seconds prior to 

the TOR to the moment of 

↑ (Guo et al., 2023; Nilsson et 

al., 2022; Zénon, 2019) 
NF Times Number of fixations ↓ (Broadbent et al., 2023);  

↑ (Chen et al., 2022) 
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FT % Fixations time (The percentage of fixation time per minute) the TOR initiation. ↑ (Broadbent et al., 2023; Chen et 

al., 2022; Harris et al., 2023) 
NS Times Number of saccades ↑ (Chen et al., 2022) 

ST % Saccade time (The percentage of saccade time per minute) 

SA Degrees Saccade angle (The angle between two consecutive saccades) ↓ (Harris et al., 2023) 

SCL µS Electrodermal 

activity (EDA) 

Skin conductance level (The average skin conductance over 

time) 

↑ (He et al., 2019; Mehler et al., 

2009, 2012b; Nilsson et al., 

2022) SCR µS Skin conductance response (The difference between peak skin 

conductance and the baseline level) 

HR Beats/minute Electrocardiogram 

(ECG) 

Heart Rate ↑ (Gable et al., 2015; He et al., 

2019; Liu et al., 2017; Mehler et 

al., 2009, 2012b; A. Wang, 

Huang, et al., 2024) 

RMSSD 0.01s Magnitude of the differences between consecutive R-R 

intervals  

↓(Zhang et al., 2023) 

SDNN s Variability of the time intervals between consecutive normal 

heartbeats 

↓ (Zhang et al., 2023) 

LF ms² Spectral power in the low-frequency range (usually 0.04 to 

0.15 Hz)  

↓ (Zheng et al., 2021) 

HF ms² Spectral power in the high-frequency range (usually 0.15 to 

0.4 Hz)  

↓ (Zheng et al., 2021) 

LF/HF % Ratio of LF and HF ↑ (Zhang et al., 2023) 
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RR Respirations 

/ minute 

Respiration 

(RESP) 

Respiration rate  ↑ (Grassmann et al., 2016; 

Mehler et al., 2009) 

RD mm Respiration depth (the amount of air that is inhaled and 

exhaled during each breath, as measured by the movement of 

the chest) 

↓ (He et al., 2019) 

RV % Variation in respiratory intervals No significant change 

(Grassmann et al., 2016) Note: in the table, speed - V, braking pedal depth - BP, steering wheel angle - SW, maximum lateral deviation - Max LD, mean lateral deviation - Mean LD, 1 

longitudinal acceleration – AX, lateral acceleration - AY, pupil area - PA, number of fixations - NF, fixations time - FT, number of saccades - NS, saccade time 2 

- ST, saccade angle - SA, skin conductance level – SCL, skin conductance response - SCR, heart rate - HR, respiratory rate - RR, respiratory depth - RD, 3 

respiratory variation – RV. The ↑ and ↓ mean the metrics increased or decreased with the increase of the cognitive load level.4 
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3.8 Statistical Models 1 

 For continuous variables, mixed linear models were built using the PROC MIXED 2 

procedure. For count and rate data (i.e., NF, NS, and RR), the negative binomial model was 3 

built using the PROC GENMOD procedure, given the over-dispersion of the samples. All 4 

models were built in "SAS OnDemand for Academics." The independent variables (IVs) 5 

include NDRT type (see Table 1) and perceived cognitive load as quantified by NASA-TLX 6 

(Hart & Staveland, 1988), ranging from 1 (low) to 21 (high). The perceived cognitive load 7 

instead of the task load levels (e.g., 1-back versus 2-back) was selected, given different 8 

participants may have different capabilities in conducting even the same type of NDRT. Thus, 9 

the perceived cognitive can better quantify drivers’ spare cognitive resources and facilitate more 10 

a fair comparison of the effects of NDRT type on the variables of interest. The collinearity test 11 

results indicate a correlation coefficient of 0.4 and a variance inflation factor (VIF) of 3.9, which 12 

were acceptable (Kalnins, 2018). The generalized estimating equation model accounted for the 13 

repeated measures (Zeger et al., 1988). Tukey-Kramer post-hoc tests (Kramer, 1956) were 14 

conducted for significant (p < .05) variables.  15 

4. Results 16 

4.1 Takeover Performance 17 

4.1.1 Takeover Time 18 

 As shown in Table 4, the interaction between the cognitive load level and NDRT type was 19 

a significant predictor of TOT (takeover time). Overall, the TOT increased with the cognitive 20 

load level. The changes in TOT in response to the increase in cognitive load level can be found 21 

in Figure 5a. Additionally, the pairwise comparisons show that the changes in cognitive load 22 

caused by the memory task led to significantly smaller changes in TOT compared to the 23 

calculation task, with a difference (Δ) of -0.07 and a 95% confidence interval (95% CI) between 24 

-0.12 and -0.02 (p=.003). 25 

4.1.2 Takeover Quality 26 

 Cognitive load level significantly affected V (speed) and AX (lateral acceleration). 27 

Specifically, as shown in Figures 5(b) and 5(c), for every one-unit increase in cognitive load, 28 
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speed decreased by 0.21 m/s (95% CI: [-0.34, -0.09], t(806) = -3.49, p < .001), and lateral 1 

acceleration decreased by 0.02 m/s² (95% CI: [-0.03, -0.005], t(806) = -2.68, p = .008). 2 

 3 

Table 4. Statistic results of multi-dimensional cognitive resources on takeover performance. 4 

Dependent variables Independent variables F value p-value 

Takeover time TOT 
Cognitive load level F(1, 806) = 9.15 .003 

NDRT type F(3, 806) =7.71 <.001 

Cognitive load level * NDRT type F(3, 806) = 3.47 .015 

Takeover 

quality 

V 
Cognitive load level F(1, 806) = 12.2 <.001 

NDRT type F(3, 806) = 0.23 .873 

Cognitive load level* NDRT type F(3, 806) = 0.5 .685 

SW 
Cognitive load level F(1, 806) = 0.78 .378 

NDRT type F(3, 806) = 0.92 .429 

Cognitive load level* NDRT type F(3, 806) = 0.5 .681 

AX 
Cognitive load level F(1, 806) = 7.19 .008 

NDRT type F(3, 806) = 0.98 .404 

Cognitive load level* NDRT type F(3, 806) = 1.05 .370 

AY 
Cognitive load level F(1, 806) = 1.04 .308 

NDRT type F(3, 806) = 2.5 .059 

Cognitive load level* NDRT type F(3, 806) = 1.38 .247 

Mean 

LD 

Cognitive load level F(1, 806) = 0.00 .970 

NDRT type F(3, 806) = 1.78 .149 

Cognitive load level* NDRT type F(3, 806) = 1.3 .272 

Max 

LD 

Cognitive load level F(1, 806) = 0.12 .724 

NDRT type F(3, 806) = 0.27 .845 

Cognitive load level* NDRT type F(3, 806) = 0.32 .807 

Notes: * means interaction effect. The bold font indicates significant results (p < .05). 5 

 6 
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   1 

                                       (a)                                                                    (b) 2 

 3 

                                      (c) 4 

Figure 5. The effects of NDRT type and cognitive load level on takeover performance. The 5 

shaded areas are the 95% CI. The bold fonts mean the p-value < .05. 6 

 7 

4.2 Physiological Responses 8 

Table 5 summarizes the influence of NDRT type and cognitive load level on drivers’ 9 

physiological responses. 10 

4.2.1 ECG metrics 11 

 The cognitive load level was significantly associated with RMSSD. Specifically, as shown 12 

in Figure 6(a), for each unit increase in cognitive load, the RMSSD decreased by 0.001 seconds 13 

(95% CI: [-0.002, 0], t(806) = -2.19, p = .029). At the same time, the interaction between NDRT 14 

type and cognitive load level significantly affected LF/HF. As shown in Figure 6(b), in baseline 15 

without NDRT, cognitive load led to a larger increase in LF/HF than the memory task (Δ = 0.29, 16 

95% CI: [0.10, 0.47], p = .002), the calculation task (Δ = 0.24, 95% CI: [0.04, 0.43], p = .022), 17 

and the spatial task (Δ = 0.27, 95% CI: [0.06, 0.47], p = .013). 18 

 19 



 

 19 

4.2.2 EDA 1 

 Cognitive load significantly affected SCL. Specifically, as shown in Figure 6(c), for each 2 

1-point increase in cognitive load level, SCL increased by 0.07 µs (95% CI: [0.002, 0.13], t(806) 3 

= 2.04, p = .042). 4 

4.2.3 RESP 5 

 The cognitive load level was associated with RV. Specifically, as shown in Figure 6(d), for 6 

every 1-unit increase in cognitive load level, RV increased by 0.03% (95% CI: [0.01, 0.05], 7 

t(806) = 3.2, p = .001). At the same time, the interaction between cognitive load level and NDRT 8 

type significantly affected RD, as shown in Figure 6(e). Without NDRT, the cognitive load led 9 

to larger increase in RD than that when the drivers were provided with the memory task (Δ = 10 

1.09, 95% CI: [0.38, 1.80], p = .003), the calculation task (Δ = 0.82, 95% CI: [0.08, 1.56], p 11 

= .031), and the spatial task (Δ = 0.84, 95% CI: [0.04, 1.63], p = .038).  12 

 13 

Table 5. Statistic results of multi-dimensional cognitive resources on physiological responses. 14 

DV IV F/χ² value p-value 

ECG 

HR 
Cognitive load level F(1, 806) = 0.46 .450 

NDRT type F(3, 806) = 2.17 .090 

Cognitive load level * NDRT type F(3, 806) = 0.27 .844 

RMSSD 
Cognitive load level F(1, 806) = 4.82 .029 

NDRT type F(3, 806) = 0.90 .440 

Cognitive load level* NDRT type F(3, 806) = 0.34 .793 

SDNN 
Cognitive load level F(1, 806) = 0.39 .532 

NDRT type F(3, 806) = 0.11 .957 

Cognitive load level * NDRT type F(3, 806) = 0.67 .569 

LF 
Cognitive load level F(1, 806) = 3.12 .078 

NDRT type F(3, 806) = 1.28 .280 

Cognitive load level * NDRT type F(3, 806) = 1.07 .423 

HF 
Cognitive load level F(1, 806) = 0.05 .824 

NDRT type F(3, 806) = 0.65 .585 

Cognitive load level * NDRT type F(3, 806) = 0.55 .646 

Cognitive load level F(1, 806) = 6.96 .009 
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LF/HF NDRT type F(3, 806) = 1.53 .205 

Cognitive load level * NDRT type F(3, 806) = 3.20 .023 

EDA 

SCL 
Cognitive load level F(1, 806) = 4.17 .042 

NDRT type F(3, 806) = 0.38 .767 

Cognitive load level * NDRT type F(3, 806) = 0.88 .452 

SCR 
Cognitive load level F(1, 806) = 2.87 .091 

NDRT type F(3, 806) = 0.19 .901 

Cognitive load level * NDRT type F(3, 806) = 0.04 .988 

RESP 

RD 
Cognitive load level F(1, 806) = 9.07 .003 

NDRT type F(3, 806) = 0.64 .591 

Cognitive load level * NDRT type F(3, 806) = 3.29 .020 

RV 
Cognitive load level F(1, 806) = 10.27 .001 

NDRT type F(3, 806) = 0.23 .877 

Cognitive load level * NDRT type F(3, 806) = 0.46 .712 

RR 
Cognitive load level χ²(1) = 0 .952 

NDRT type χ²(3) = 3.26 .354 

Cognitive load level * NDRT type χ²(3) = 7.54 .056 

 Notes: * means interaction effect. The bold font indicates significant results (p < .05). 1 

  2 

     (a)                                                                          (b) 3 

  4 
     (c)                                                                     (d) 5 
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 1 

                                       (e)                                                                    2 

Figure 6. The effects of NDRT type and cognitive load level on physiological response. The 3 

shaded areas are the 95% CI. The bold fonts mean the p-value < .05. 4 

 5 

4.3 Eye-tracking metrics 6 

 Table 6 shows the influence of NDRT type and cognitive load level on eye-tracking metrics. 7 

In general, cognitive load level significantly affected NF, NS, and SA; and NDRT types 8 

significantly affected PA. Specifically, for each 1-unit increase in cognitive load level, NF 9 

increased by 1.02% (95% CI: [1.01%, 1.03%], χ² (1) = 13.78, p < .001),  the expected value of 10 

NS increases by 1.03% (95% CI: [1.01%, 1.04%], χ² (1) = 18.03, p < .001), and SA decreased 11 

by 0.11 degrees (95% CI: [-0.19, -0.02], t(806) = -2.39, p = .017). At the same time, when the 12 

cognitive load level is controlled, the PA in baseline condition (without NDRT) was lower than  13 

that with spatial task (Δ = -155.14, 95% CI: [-295.37, -14.92], p = .029). 14 

 15 

Table 6. Statistic results of multi-dimensional cognitive resources on eye-tracking behavior. 16 

DV IV F/χ² value  p-value 

Eye-

tracking 

PA 
Cognitive load level F(1, 806) = 2.86 .993 

NDRT type F(3, 806) = 0.00 .036 

Cognitive load level * NDRT type F(3, 806) = 0.99 .397 

FT 
Cognitive load level F(1, 806) = 0.6 .438 

NDRT type F(3, 806) = 0.69 .558 

Cognitive load level * NDRT type F(3, 806) = 1.13 .336 

NF Cognitive load level χ²(1) = 5.68 .017 

NDRT type χ²(3) = 4.71 .194 
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Cognitive load level * NDRT type χ²(3) = 3.2 .361 

ST 
Cognitive load level F(1, 806) = 0.02 .902 

NDRT type F(3, 806) = 0.68 .562 

Cognitive load level * NDRT type F(3, 806) = 0.03 .992 

NS 
Cognitive load level χ²(1) = 5.52 .019 

NDRT type χ²(3) = 4.27 .234 

Cognitive load level * NDRT type χ²(3) = 2.41 .492 

SA 
Cognitive load level F(1, 806) = 5.52 .017 

NDRT type F(3, 806) = 1.52 .208 

Cognitive load level * NDRT type F(3, 806) = 1.4 .242 

Notes: * means interaction effect. The bold font indicates significant results (p < .05). 1 

 2 

  3 

     (a)                                                                          (b) 4 

  5 

                                    (c)                (d) 6 

Figure 7. The effects of NDRT type and cognitive load level on eye-tracking metrics. The 7 

shaded areas are the 95% CI. The bold fonts mean the p-value < .05. 8 

 9 
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5. Discussions 1 

5.1 Cognitive Tasks and Takeover Performance 2 

In general, in line with previous driving-related research (e.g., (Guo et al., 2023, 2023; 3 

Zhang, 2024)), a higher level of perceived cognitive load would lead to a longer takeover time. 4 

This is expected, as the increased cognitive load would occupy the cognitive resources needed 5 

to perceive the environment and select appropriate actions (Wickens, 1991). In addition, as 6 

mentioned, cognitive resources are not unidimensional, and our research has provided a higher 7 

resolution regarding the influence of the task modality on takeover performance. We found that 8 

given a cognitive load level, the calculation task, memory task, and spatial task all led to longer 9 

TOT than the baseline condition without NDRTs. However, even with the same level of 10 

perceived cognitive load, different types of cognitive load influenced the takeover performance 11 

differently. Especially, the cognitive load levels due to the calculation task had a stronger 12 

influence on the TOT, as compared to memory tasks. Thus, though all high cognitive tasks 13 

should be minimized in the cabin, designers should be more cautious when implementing in-14 

vehicle tasks involving complex cognitive calculations (e.g., calculating the remaining distance 15 

in navigation) compared to tasks involving only memory tasks (e.g., recalling the name of a 16 

destination), as for the same level of perceived cognitive load, cognitive calculation tasks are 17 

expected to delay the takeover response time by 0.07s, as compared to memory tasks. These 18 

findings indicate that the cognitive load level alone may not fully explain the performance 19 

differences when the drivers are cognitively distracted and we need to consider cognitive load 20 

and task type when designing systems for automated driving. 21 

At the same time, also in line with previous research (Chen et al., 2023; Zeeb et al., 2016), 22 

the perceived cognitive load before TOR can affect the post-takeover performance, with a 23 

decreased speed and smaller lateral acceleration being observed with increased cognitive load. 24 

This phenomenon may be attributed to the self-modulation phenomenon (Kim et al., 2023), 25 

where participants tended to adjust their driving behaviors in response to the changes in their 26 

perceived risk (Fuller, 2005) (as modulated by the spare cognitive recourses in our scenarios). 27 

However, the NDRT type had little effect on takeover quality. It is likely that after the takeover, 28 
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drivers’ attention has shifted from NDRT to driving tasks. Thus, the original task modality has 1 

little influence on the takeover quality.  2 

5.2 The Effect of Cognitive Tasks on Physiological Responses and Eye-Tracking Metrics 3 

        We found that RMSSD decreased and SCL increased as cognitive load increased, likely 4 

due to increased sympathetic activity (Heine et al., 2017). These results are in line with previous 5 

studies (Nilsson et al., 2022; Tjolleng et al., 2017). For example, in a driving simulation 6 

experiment with the n-back task as the secondary task, Tjolleng et al. (2017) found that the 7 

time-domain HRV metrics decreased with increasing mental workload. Previous research has 8 

also found that cognitive load levels can affect SCL. For example, Ding et al. (2020), and 9 

Nourbakhsh et al. (2012) both reported increased skin conductance when drivers are engaging 10 

in mental arithmetic tasks. This is because when the sympathetic nervous system is highly 11 

activated (as a result of high cognitive load), sweat gland activity increases, leading to a higher 12 

skin conductance. In addition, selected eye-tracking metrics were also found to be associated 13 

with cognitive load levels. We found that the number of fixations (NF) and the number of 14 

saccades (NS) increased with the increase of drivers’ perceived cognitive load, while the 15 

saccade angle (SA) decreased. These results are in line with previous research (Chen et al., 16 

2022; Harris et al., 2023; Zagermann et al., 2018) and confirmed that the NDRTs we introduced 17 

have successfully imposed high cognitive load among drivers. These findings also indicate that 18 

certain eye-tracking and physiological measures may still be used for cognitive load estimation 19 

in SAE Level-3 vehicles. 20 

        However, the responses of some metrics were unexpected. For example, we observed no 21 

association between HR and cognitive load level; while most previous research observed a 22 

positive relationship between HR and cognitive load (Gable et al., 2015; He et al., 2019; Liu et 23 

al., 2017; Mehler et al., 2009, 2012b; Wang et al., 2024), though a few other studies also failed 24 

to observe the relationships between the cognitive load and HR (Iani et al., 2004). It is worth 25 

noting that these studies were based on manual driving, while in L3 automated driving mode, 26 

the vehicle is controlled by the automated system, and most of the time, the driver does not 27 
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need to actively operate the vehicle, leading to a lower overall workload. This may explain the 1 

more pronounced HR variations in manual driving mode, given HR is more sensitive to stress 2 

and task complexity (Chalmers et al., 2022). 3 

In addition, again, we found that the drivers’ physiological and eye-tracking metrics were 4 

not solely decided by cognitive load level. For example, LF/HF and respiration depth (RD) 5 

were affected by both the perceived cognitive load level and the NDRT type. Specifically, only 6 

in baseline, the LF/HF and RD increase with the increase of the cognitive load. In other words, 7 

the change in LF/HF was significantly higher under no NDRT condition compared to that when 8 

memory, calculation, and spatial tasks were provided. At the same time, we found that the PA 9 

(i.e., the area of pupil diameter) was solely associated with the NDRT type but not with the 10 

increase of the perceived cognitive load. These findings suggest that cognitive load alone 11 

affected certain physiological and eye-tracking metrics, but this effect may be shadowed by 12 

other modalities of the NDRTs. In other words, the influence of cognitive resources needed in 13 

other NDRT modalities may have shadowed the influence of the cognitive load in the context 14 

of SAE conditionally automated driving. Thus, future driver state monitoring algorithms should 15 

consider the modality of the NDRT task to improve the model performance.  16 

5.3 Practical Applications for Driver Monitoring Systems (DMS) 17 

 For the first time, we found that the cognitive task types can affect the physiological, eye-18 

tracking metrics and takeover speed in vehicles with driving automation. Thus, future DMS 19 

should not treat the high cognitive load as a single state and may need to take the task-type 20 

effects into consideration when predicting the takeover performance or estimating drives’ 21 

cognitive load. At the same time, as not all physiological and eye-tracking metrics are 22 

responsive to all types of cognitive tasks, an algorithm relying on single metrics may fail to 23 

capture the high cognitive load induced by specific types of cognitive tasks. Thus, future 24 

cognitive load estimation algorithms may need to take multiple metrics into consideration if the 25 

model aims to evaluate the general cognitive load of drivers.   26 
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6. Limitations 1 

It should be noted that, although the experiment included 42 participants, which is 2 

comparable to previous studies (Chen et al., 2023; Du et al., 2020; He et al., 2019), the sample 3 

size may still not be large enough to draw solid conclusions regarding the relationships among 4 

some variables. Further, the inherent individual variability may also influence the results 5 

(Goodridge et al., 2024). However, we opted not to take the individual differences into 6 

consideration due to the relatively small sample size. Instead, to reduce the uncontrolled 7 

variation within participants, we focused on a relatively young population that had limited 8 

experience with ADAS. Future research may address this limitation by having a more diverse 9 

participant population, for example, experienced ADAS users and older drivers, as they may 10 

exhibit different physiological and eye-tracking responses to high cognitive loads. At the same 11 

time, another limitation of this study is the gender imbalance in the sample, as we did not control 12 

for a balanced female-male ratio. This was done intentionally to reflect the current gender 13 

distribution of licensed drivers in the region where the data was collected (Car Circle, 2022). 14 

However, we acknowledge that a more balanced gender distribution might better mitigate any 15 

potential gender-related effects on cognitive load or performance in automated driving tasks. 16 

Future studies may benefit from a more controlled sample to investigate the potential impact of 17 

gender differences on these factors.  Next, we only evaluated the physiological measures and 18 

eye-tracking measures for practical considerations (both signals have the potential to be 19 

collected non-intrusively). However, EEG signals also have the potential to be used for 20 

cognitive load estimation (Ma et al., 2024), which should be evaluated in future studies. Finally, 21 

participants experienced multiple takeover scenarios within a relatively short period, with 22 



 

 27 

actual road risks being eliminated in a driving simulator. Consequently, drivers’ behaviors and 1 

physiological responses may have been skewed from what they are in the real world as a result 2 

of the potential fatigue and learning effects, as well as the simulated traffic environment, though 3 

the counterbalancing technique was used in the experiment design. Future studies should 4 

address these limitations by conducting on-road experiments with larger sample sizes in the 5 

field or naturalistic driving studies. 6 

7. Conclusions 7 

This study investigated the effects of multidimensional cognitive demands on drivers’ 8 

takeover performance, physiological responses, and eye-tracking metrics in conditionally 9 

automated driving in a driving simulator study. We found that: 10 

-  Cognitive load can affect takeover performance, with a higher load leading to longer 11 

takeover time. However, the effects of the cognitive load can be moderated by the cognitive 12 

task type, with the cognitive load imposed by the calculation task leading to the largest variation 13 

in takeover time. At the same time, increased cognitive load led to more conservative driving 14 

behavior, as reflected by reduced speed and lateral acceleration after the takeover. These 15 

findings suggest that future in-vehicle task design should consider the modality of the cognitive 16 

demands for the driving safety of conditionally automated vehicles. 17 

-  Selected physiological responses (RMSSD, RV, SCL) and eye-tracking metrics (NF, NS, 18 

and SA) are still sensitive to the variations of cognitive load during conditionally automated 19 

driving. However, the relationships between certain physiological features (LF/HF, RD) and 20 

cognitive load can be moderated by the types of cognitive tasks, indicating the need to consider 21 

NDRT types when estimating drivers’ cognitive load in the context of conditionally automated 22 

driving. 23 

These findings can help develop tailored in-vehicle tasks and improve the performance of 24 

driver monitoring systems in conditionally automated driving systems. Future work should 25 

explore how these effects translate to real-world driving performance and safety interventions. 26 
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