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A Dataset on Takeover during 
Distracted L2 Automated Driving
Jiwoo Hwang   , Woohyeok Choi, Jungmin Lee, Woojoo Kim, Jungwook Rhim & Auk Kim ✉

Automated driving systems enable drivers to perform various non-driving tasks, which has led to 
concerns regarding driver distraction during automated driving. These concerns have spurred numerous 
studies investigating driver performance of fallback to driving (i.e., takeover). However, publicly 
available datasets that present takeover performance data are insufficient. The lack of datasets 
limits advancements in developing safe automated driving systems. This study introduces TD2D, 
a dataset collected from 50 drivers with balanced gender representation and diverse age groups in an 
L2 automated driving simulator. The dataset comprises 500 cases including takeover performance, 
workload, physiological, and ocular data collected across 10 secondary task conditions: (1) no 
secondary tasks, (2) three visual tasks, and (3) six auditory tasks. We anticipate that this dataset will 
contribute significantly to the advancement of automated driving systems.

Background & Summary
Advancements in in-vehicle systems allow drivers to conveniently engage in various non-driving-related tasks 
(or secondary tasks)1–3. For instance, with the integration of voice assistants such as Google Auto, drivers can 
read and reply to messages without needing their visual attention4. The integration of advanced deep-learning 
technology (e.g., ChatGPT) in in-vehicle voice assistants has provided drivers with the opportunity to perform 
various secondary tasks that were previously impossible5,6. Advancements in driving automation systems reduce 
the effort required for driving, providing drivers with more opportunities to engage in secondary tasks7–9. The 
evolution of in-vehicle systems has transformed vehicles from mere tools for movement into spaces for leisure 
and work10.

While secondary tasks make drivers’ travel time more productive and enjoyable, they can also lead to dis-
tracted driving. Distracted driving occurs when drivers divert their attention from driving to engage in sec-
ondary tasks, which has been a major cause of traffic accidents11,12. Therefore, researchers are focused on 
understanding how distracted driving occurs and impacts driving performance11–16. For example, Strayer et al. 
analyzed drivers’ driving performance and perceived workload when utilizing voice assistants on their smart-
phones (e.g., Apple Siri) in manual driving contexts16. They found that these voice assistants may increase work-
load and decrease driving performance.

Recently, partial (or SAE level 2) automated driving systems (e.g., Tesla Autopilot17) have become widely 
available. They control the vehicle’s longitudinal and lateral directions18. However, even with these systems, 
distracted driving can still occur because current automated driving systems are imperfect; they cannot respond 
to all driving situations18. For example, these systems may not detect or respond to unanticipated (or critical) 
events, such as pedestrian jaywalking. In such cases, drivers need to immediately take over control of the vehicle 
(i.e., takeover) and drive manually to avoid traffic accidents. Therefore, drivers must continuously monitor the 
driving situation during automated driving to ensure immediate takeovers19. If drivers are distracted by second-
ary tasks, they may fail to take over successfully, increasing the risk of traffic accidents.

To fully leverage the advantages of automated driving for secondary tasks, understanding the impact of 
secondary tasks on the takeover performance during L2 automated driving is crucial. This includes examining 
whether and to what extent drivers can successfully perform takeovers while being engaged in secondary tasks. 
An increasing number of studies have actively investigated the impact20–22. For example, Louw et al. found that 
during L2 automated driving, drivers took more time to perform a takeover in response to automation failures 
when engaging in visual secondary tasks compared to when no secondary task was performed22. Similarly, 
Blommer et al. found that drivers watching videos took more time to perform a takeover in response to critical 
events during L2 automated driving than drivers listening to audio20.
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To investigate how secondary tasks influence takeover performance in L2 automated driving, researchers need 
rich and reproducible datasets that capture drivers’ takeover performance while engaged in secondary tasks. In 
the manual driving context, numerous datasets provide collected in-vehicle data of drivers performing secondary 
tasks23–30. These datasets provide multimodal data (e.g., physiological and ocular sensor signals) of drivers per-
forming secondary tasks during driving and help to understand the impacts of secondary tasks on the drivers’ state 
and driving performance. However, these datasets are not directly applicable to L2 automated driving because the 
data collection scenarios are different. For instance, while the MPDB provides the physiological and ocular data 
for analyzing driver behavior in manual driving contexts, it does not consider L2 automated driving contexts29. 
In contrast, ADABase considers L2 automated driving contexts and offers multimodal data of drivers performing 
secondary tasks during L2 automated driving31. However, the dataset cannot be used to understand the impact of 
secondary tasks on drivers’ takeover performance because it includes exclusively collected data during L2 auto-
mated driving, without considering takeover situations where drivers need to take over control. The manD 1.0 
uniquely considers takeover situations, focusing primarily on variations due to emotional states30. However, the 
dataset is unsuitable for examining takeover performance under different secondary task conditions.

In this paper, we introduce TD2D32, a dataset on takeovers during distracted L2 automated driving, enabling 
both exploratory and hypothesis-driven investigations on the impact of various types of secondary tasks on 
takeover performance during L2 automated driving. The dataset has been collected from L2 automated driving 
scenarios, wherein drivers responded to critical events by taking over control across 10 secondary task con-
ditions. The conditions include three visual tasks, three naturalistic auditory tasks, three reference auditory 
tasks, and one baseline (no secondary task) condition. For data collection, we recruited 50 drivers and ensured 
balanced gender representation and diverse age groups. The dataset provides data on takeover performance, 
physiological and ocular sensor signals, and the workload data of the drivers. To the best of our knowledge, our 
dataset is the only publicly available dataset that provides takeover performance data in L2 automated driving 
contexts, including data on takeover performance depending on various secondary tasks, as summarized in 
Tables 1, 2. We anticipate the dataset to help researchers contribute to safe L2 automated driving by understand-
ing the takeover performance of drivers performing various secondary tasks.

Methods
Ethics approval.  Our study was approved by the Institutional Review Board (IRB) of Kangwon National 
University (KWNUIRB-2022-02-005001). All participants submitted a written consent form after we briefed 
them on the purpose of this dataset, the data collection procedure and settings, the types of collected data, data 
disclosure, and the compensation process. We did not collect any personal information, such as names and phone 
numbers that could be used to identify individuals.

Experimental procedure.  Our data collection was conducted under an L2 automated driving scenario, 
where drivers were required to take control of an automated vehicle and perform manual driving to avoid a crash. 
This need arises when a vehicle fails to respond appropriately to a road event while the drivers are engaged in 
various secondary tasks (for the details, see the Automated Driving Scenario Section and the Secondary Task 
Conditions Section, respectively). To ensure driver safety, all scenarios were conducted using a driving simulator 
(for the details, see the Simulator Section). In addition, the driving simulator offered advantages for better control 
of scenarios and secondary task conditions while reducing measurement errors33.

Upon the arrival of the drivers at the laboratory, we first explained the purpose and procedures of the experi-
ment to them. Those who agreed to participate in the experiment signed the IRB consent form. Next, the drivers 
completed a survey on their demographic information (e.g., age, gender, and date of obtaining their driver’s 
license). The drivers wore an E4 wristband, H10 chest band, and Pupil Core (for the details, see the Wearable 
Sensors Section) before sitting in the simulator. The chair and backrest angles of the simulator were adjusted 
according to the driver’s preferences. Next, the drivers practiced takeovers in response to critical events until 

Dataset Participant Overall (M/F) DAL App TP Primary task

Secondary task

Reference Naturalistic

PPB-Emo23 40 (31/9) 0 S X MD watching clips

DAD24 31 0 S X MD drinking, etc.

NeuroIV25 30 (27/3) 0 C X MD hand gestures

DMD26 37 (27/10) 0 C, S X MD drinking, etc.

C42CN27 68 (35/33) 0 S X MD mathematical and emotional question texting

DDD28 36 (18/18) 0 S X MD talking, looking at both sides, laughing

Fridman et al.68 50 0 C X MD selecting phone number, etc.

MPDB29 35 (24/9) 0 S X MD

ADABase31 51 (27/24) 2 S X MO n-back adding songs to a playlist

manD 1.030 50 (25/25) 0–3 S O MD, MO, T n-back, digit span video game

TD2D (Ours)32 50 (25/25) 2 S O MO, T n-back auditory texting, texting, etc.

Table 1.  Data collection setting of prior datasets on distracted driving. DAL = driving automation level, 
App = apparatus, TP = takeover performance S = simulator, C = car, MD = manual driving, MO = monitoring, 
T = takeover.
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they became proficient. They underwent at least four practice sessions, with additional sessions if necessary. 
Subsequently, they drove in ten automated driving scenarios with different secondary task conditions, where 
the order of the conditions was counterbalanced. Every automated driving scenario began with a practice ses-
sion for the secondary task performed in that scenario. In each practice session, we calibrated the Pupil Core 
to ensure sensing accuracy. After completing each scenario, the drivers filled out the NASA-TLX question-
naire to assess their perceived workload during that scenario, followed by a brief rest (for the details, see the 
Measurements section). The average experiment duration was 2.71 hours (SD = 0.44, range = 2.07–3.33) (or an 
average of 162.6 minutes), including the time spent on calibration and practice. The duration also included rest 
breaks of 40 minutes.

Participants.  By advertising with posters in local communities and on online forums, we recruited 50 drivers 
who held valid driver’s licenses and drove at least once every week. In addition, the drivers were required not to 
wear eyeglasses because the physical interference and reflection of eyeglasses could have caused incorrect tracking 
of ocular movements. Drivers with prescribed eyeglasses wore contact lenses during the experiment. To ensure 
generalizability, we balanced the age and gender distributions. We recruited ten drivers across five age groups 
ranging from their twenties to their sixties, separated by ten years while maintaining an equal gender ratio of 
five males and five females for each group. Their average age and driving experience were 43.8 years (SD = 14.3, 
range = 20–67) and 16.9 years (SD = 14.3, range = 1–43), respectively. To compensate for their participation, each 
driver received approximately 30 USD.

Apparatus.  Simulator.  As shown in Fig. 1, our simulation setting comprised a cockpit module for maneu-
vering a simulated vehicle, a screen for displaying driving situations, and a speakerphone (Jabra Speak 510) 

Dataset Questionnaire

Data

Physiologic Ocular Behavior

PPB-Emo23 emotional questionnaire EEG video

DAD24 video

NeuroIV25 gaze video

DMD26 video

C42CN27 NASA-TLX, STAI HR, BR, EDA video

DDD28 video

Fridman et al.68 gaze

MPDB29 EEG, ECG, EMG, EDA eye position, diameter, blink, visual fall point vehicle states

ADABase31 NASA-TLX, PSS, PANAS ECG, PPG, EMG, ST, BR, cortisol, EDA diameter, fixation, saccade, blink

manD 1.030 DES ECG, EEG, EDA, PPG, ST, HR fixation, diameter, saccade, blink vehicle states, SP, video

TD2D (Ours)32 NASA-TLX ECG, PPG, EDA, HR gaze, fixation, diameter, eye video

Table 2.  Data of prior datasets on distracted driving. ECG = electrocardiogram, PPG = photoplethysmography, 
EDA = electrodermal activity, PSS = perceived stress scale, PANAS = positive and negative affect schedule 
(a questionnaire to measure mood or emotion), EMG = electromyography, ST = skin temperature, BR = breath 
rate, EEG = electroencephalography, STAI = state-trait anxiety inventory (a questionnaire to diagnose anxiety), 
DES = differential emotions scale, HR = heart rate, SP = seat pressure.

Fig. 1  L2 automated driving simulator. The lower left section shows the movable seat and desktop computer. 
The center shows the Thrustmaster’s T500RS racing-wheel set and the Jabra Speak 510 speakerphone. The upper 
right section shows the experimental scenario screen.
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allowing the drivers to engage in auditory secondary tasks. The screen was composed of three 24-inch mon-
itors, each arranged at an angle of 135 degrees. The height at the center of the monitor was 1 meter. The dis-
tance between the driver and the center of the monitors was adjusted by changing the seat’s location from 
0.71 to 1.03 meters depending on the drivers’ preferences. The cockpit module comprised a movable seat and a 
Thrustmaster’s T500RS wheelset.

To simulate our automated driving scenario, we modified the CARLA (ver. 0.9.11), which is an open-source 
driving simulation software designed for testing automated driving systems34. Major modifications included 
the following: (1) enabling an immediate transition from L2 automated driving to manual driving by manipu-
lating the steering wheel or pedals, and (2) logging the ego vehicle’s state (e.g., direction, speed, and location); 
maneuvering behavior (e.g., pedaling and steering); and vehicle accidents (e.g., the occurrence of critical events, 
collision with the leading vehicle, and hitting the sidewalk). Furthermore, simulated routes and traffic conditions 
were generated using Matlab’s RoadRunner Scenario35, an interactive editor for designing scenarios for auto-
mated driving simulations. The routes and conditions were imported to the modified CARLA.

Wearable sensors.  We employed three wearable sensors to collect drivers’ physiological and ocular responses 
during L2 automated driving (see Fig. 2). The time settings of these sensors were synchronized with the Network 
Time Protocol server at time.google.com to ensure consistent and accurate timing across all the devices. Further 
details are as follows:

•	 Polar’s H10 chest band was worn on the bare skin of participants’ chests to collect electrocardiogram (ECG) 
signals and heart rate (HR) at 130 Hz and in bpm, respectively. Similar to the Empatica E4, the Polar H10 
transmitted sensor data to a smartphone in real time using Bluetooth. The sensor data were stored in the 
internal storage of the provided smartphone and later retrieved.

•	 Empatica’s E4 wristband was used to collect photoplethysmography (PPG) and electrodermal activity (EDA) 
signals at 64 Hz and 4 Hz, respectively. Drivers wore the E4 wristband on their preferred hand. Sensor readings 
collected from the E4 wristband were transferred to the provided smartphone via Bluetooth and uploaded 
to Empatica’s online cloud. After the experiment, we manually downloaded the sensor data from the cloud.

•	 Pupil Labs’ Pupil Core is a glass-shaped headset comprising two eye cameras placed below both eyes (refresh 
rate: 200 Hz, resolution: 192 × 192 pixels) and a scene camera mounted above the eyes (refresh rate: 60 Hz, 
resolution: 1280 × 720 pixels). Videos recorded with the three cameras were transmitted to a desktop com-
puter connected via a USB-A cable and later used to derive ocular responses (pupil diameter, gaze, and fixa-
tion) using the Pupil Capture software36.

Automated driving scenario.  At the beginning of the scenario, the ego vehicle autonomously drove at a 
constant speed of 50 km/h, a speed commonly used in automated driving studies focused on city driving37–39, 
in the right lane of a straight two-lane road (for the details, see the Simulator Section). Considering the braking 
time in our simulation environment, we set the time-to-collision (TTC) was set to 2 seconds. Under this TTC 
condition, the driver could avoid a collision by pressing the brake pedal within 1.01 seconds of the occurrence of 
a critical event (i.e., approximately a second before a collision), which represented the average response time for 
a driver at L2 driving at 50 km/h37.

The leading vehicle was positioned 25 meters ahead of the ego vehicle and moved at the same speed. Multiple 
pedestrians stood on each sidewalk along the road at intervals of 37.6 meters to prevent the driver from pre-
dicting the timing of critical events. After the ego vehicle started at a random time between 50 and 130 seconds 
(M = 90.9, SD = 18.2), one of the following events was randomly selected to occur: a pedestrian jaywalking from 
the (1) left or (2) right sidewalks, or (3) the leading vehicle coming to a sudden stop. Each critical event occurred 
either on the left, right, or center of the vehicle’s path, requiring the driver to monitor the driving environment 
evenly. During jaywalking events, one of the pedestrians on the sidewalks would suddenly cross the road. In a 
sudden stop event, the leading vehicle would suddenly stop.

Fig. 2  Wearable sensors for data collection.

https://doi.org/10.1038/s41597-025-04781-8


5Scientific Data |          (2025) 12:539  | https://doi.org/10.1038/s41597-025-04781-8

www.nature.com/scientificdatawww.nature.com/scientificdata/

The L2 automated system could not properly respond to such critical events; therefore, the drivers were 
instructed to take over the automated vehicle and perform maneuvers to avoid crashes. The scenario ended 
after the drivers’ reactions to the critical events were recorded. Further, we instructed the drivers to score their 
perceived workload during a given scenario (see the Measurements Section). Each participant experienced one 
scenario for each secondary task condition, resulting in ten scenarios. Each scenario was designed to be com-
pleted within 3 minutes.

Secondary task conditions.  During L2 automated driving, the drivers experienced 10 secondary task con-
ditions with different modalities that caused distracted driving. These conditions included (1) a baseline where 
drivers did not have to engage in any secondary tasks, (2–4) three reference auditory tasks, (5–7) three naturalistic 
auditory tasks, and (8–10) three visual tasks. Each task was conducted in Korean, which was the drivers’ first 
language.

Reference auditory tasks.  Reference auditory tasks (or cognitive reference tasks in driver distraction research) 
are pseudo-tasks that are intended to systemically control drivers’ cognitive workloads. For reference tasks, 
we employed n-back (or delayed digit recall) tasks40, which have been widely used as cognitive reference tasks 
in driver distraction research40–46. In the tasks, random single-digit numbers were delivered ten times, with a 
2.25-second interval between subsequent numbers, through the provided speakerphone. The drivers listened to 
a sequence of single-digit numbers and recalled the number that was presented n steps earlier. As the number 
(n) increased, the cognitive load required for the task increased systematically.

We employed the 0-back, 1-back, and 2-back tasks, which have been commonly used in the literature40–42,45,46, 
as follows:

•	 0-back task: This task required the drivers to immediately verbally repeat the last number they heard. For 
instance, as shown in Fig. 3, drivers were required to say “3” right after hearing “3.”

•	 1-back task: This task required the drivers to memorize the number preceding the last number and then ver-
bally repeat it when the last number was presented. For example, as shown in Fig. 4, they needed to remain 
silent when the first number, “3,” was presented. After the second number, “5,” was presented, they were 
required to speak the first number, “3.” When the third number, “7,” was presented, they responded with the 
second number, “5.”

•	 2-back task: This task required the drivers to remember the number before the last two numbers and verbally 
repeat it after hearing the last number. For instance, as shown in Fig. 5, when the first and second numbers, 
“3” and “5,” were presented, the drivers were required to remain silent. When the third number, “7,” was pre-
sented, they were required to respond with the first number, “3.”

Naturalistic auditory tasks.  Naturalistic auditory tasks are existing in-vehicle conversational services provided 
by voice assistants. Previous studies have reported variations in driver distraction depending on whether a given 
task requires the driver to speak47,48 and involves numbers or language presentation49. Considering these find-
ings, we employed the following three naturalistic secondary tasks:

Fig. 3  Example of the 0-back task process. After a number is presented, the driver immediately verbally repeats 
the number. A total of 10 numbers are provided, and the next 0-back task starts immediately after the current 
one ends.

Fig. 4  Example of the 1-back task process. After a number is presented, the driver verbally repeats the number 
that precedes it. A total of 10 numbers are provided, and the next 1-back task starts immediately after the 
current one ends.
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•	 Audiobook listening task: Drivers often listen to audiobooks or a radio when in a vehicle. The audiobook lis-
tening task required the drivers to listen to an audiobook, Anton Chekhov’s farce story “A Marriage Proposal.”

•	 Auditory gaming task: Currently, voice assistants such as Amazon Alexa, offer various interactive verbal 
games50. The auditory gaming task required the drivers to play a classic guessing game called “Guess the 
Number,” which aimed to guess a given number ranging from 1 to 100, with the fewest possible attempts. 
For the drivers’ every guess, the voice assistant provided verbal feedback (see Fig. 6, such as “Up,” “Down,” or 
“Correct,” corresponding to whether each guess denoted upper than, lower than, or equal to the given num-
ber, respectively. This task required the driver’s mental arithmetic resources.

•	 Auditory texting task: Texting while driving is a common secondary task. During the auditory texting task, 
a researcher sent a series of question messages to the drivers quizzing their daily lives (e.g., “What did you 
have for dinner last night?”). The drivers replied to the messages in the form of voice commands. The voice 
commands were similar to those of Google Assistant with Android Auto (see Fig. 7). Question messages were 
randomly selected from a list of preselected questions (all the questions are presented in Table 3). This task 
required the driver’s linguistic resources.

Visual tasks.  Visual tasks represent the visual counterparts of naturalistic auditory tasks. These tasks include 
e-book reading, texting, and gaming, which correspond to audiobook listening, auditory texting, and auditory 
gaming. For this experiment, the drivers performed visual tasks using the provided smartphone. The details of 
the visual tasks are as follows:

•	 E-book reading: This task required the drivers to read Gim Yujeong’s Korean novel “Manmubang,” displayed 
on the provided smartphone. We selected content different from the audiobook listening task because famil-
iarity with the same content would make the drivers less interested and thus shallowly engage in secondary 
tasks.

•	 Gaming: This task required the drivers to play “Guess the Number,” almost the same as in the auditory gaming 
task. The major differences were that the drivers were required to manually type their guessed number and 
feedback was displayed on the provided smartphone.

Fig. 5  Example of the 2-back task process. After hearing the number, the driver verbally repeats the number 
that is two numbers prior. A total of 10 numbers are provided, and the next 2-back task starts immediately after 
the current one ends.

Fig. 6  Example of the auditory gaming task process. When the game begins, the voice assistant selects a random 
number between 1 and 100 (the number in brackets). This number is not disclosed to the driver. When the 
driver guesses the number incorrectly, the voice assistant provides a hint as either “Up” or “Down.” When the 
driver guesses the number correctly, the next game starts immediately.

Fig. 7  Example of the auditory texting task process. When a researcher sends a question, the driver checks the 
message and responds with a voice command. Immediately after the driver responds, the next question is sent.
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•	 Texting: This task required the drivers to reply to a researcher’s question messages by manually typing the 
replies. Similar to the auditory texting task, question messages were randomly selected from the preselected 
list (Table 3).

Measurements.  To investigate the impact of secondary tasks on the drivers’ ability to cope with critical 
events, we measured (1) takeover performance and (2) driver workloads.

Takeover performance.  To assess the takeover performance, we intended to quantify two different aspects of 
the drivers’ abilities to handle critical events. Specifically, we incorporated both time-based and takeover quality 
measures: takeover reaction time and takeover success. The takeover reaction time represents how quickly a 
driver reacts to critical events (or performs the takeover). Takeover reaction time is defined as the time elapsed 
from the onset of a critical event (e.g., jaywalking) to the first moment of the driver’s maneuvers (e.g., putting on 
the brake pedal or manipulating the steering wheel) in milliseconds. This measurement has been widely used 
in prior studies to analyze driver takeover performance in automated driving51. Takeover success represents 
whether the drivers successfully take control of a vehicle and avoid collisions during the critical events. Takeover 
success provided a binary outcome: success or failure. Takeover was defined as a failure when the ego vehicle 
crashed into other objects (the leading car or pedestrian) or drove onto a sidewalk. Both takeover reaction time 
and takeover success were calculated using simulator logs.

Driver workload.  To assess the drivers’ perceived workload, we used the NASA Task Load Index (NASA-TLX)52. 
NASA-TLX is a multidimensional assessment questionnaire that assesses six dimensions of workload: (1) mental 
demand (cognitive and perceptual requirements of a task); (2) physical demand (the level of physical activity 
required to complete a task); (3) temporal demand (degree of time pressure during a task); (4) performance 
(degree of goal accomplishment during a task); (5) effort (degree of overall mental and physical exertion to 
accomplish the activities); and (6) frustration (degree of being insecure and discouraged during a task).

After each secondary task condition, the recruited drivers provided ratings for each dimension (0: no 
demand, 100: maximum demand). Further, we conducted pairwise comparisons among the dimensions (15-pair 
comparisons in total) to determine their relative importance. The relative importance (or weight) of each dimen-
sion was calculated by dividing the number of times a given dimension was selected as more important than the 

What is your name? When is your birthday?

What did you have for dinner last night? What is your most frequently eaten food?

What is your blood type? What is your favorite number?

What is your favorite color? Who is your favorite actor?

What is your favorite food? What food do you dislike?

What is your favorite song? Where were you born?

What is your favorite season? What are your recent purchases?

At what age did you first board a plane? What was your first destination for an abroad trip?

What is the food you want to eat right now? What do you want to buy at the moment?

What is your favorite day of the week? How would you describe today’s weather?

What is the most recent movie you watched? What is your favorite music genre?

Who is your favorite singer? What season do you dislike?

Which elementary school did you graduate from? How old are you?

What was your childhood dream? When did you last visit the bank?

What brand of phone do you use? What is your favorite exercise?

What is your favorite sports team? What is your zodiac sign?

Where do you want to next travel? What is the name of the most recent friend you met?

What is your favorite type of weather? What is your favorite drink?

What do you usually do when you’re bored? What is your favorite amusement park ride?

Which mobile carrier do you use? What is the most recent TV series you watched?

When did you last visit the dentist? What is your favorite fruit?

What is the name of the neighborhood you live in? What is your favorite ice cream flavor?

What do you want to do these days? What is your favorite animal?

What is your most memorable travel destination? What is your favorite snack?

When did you last visit a hair salon? What fruit do you dislike?

Have you visited any travel destinations recently? What weather do you dislike?

When did you last visit a Chinese restaurant? What is your favorite instant noodle brand?

What is your occupation? Do you have any siblings?

Table 3.  List of questions asked to participants during secondary task conditions, namely auditory texting in 
naturalistic auditory tasks and texting in visual tasks.
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other by 15. The TLX score was obtained by calculating the weighted average of the ratings across all the dimen-
sions, reflecting the overall perceived workload. Furthermore, a raw TLX score that averaged the dimension 
ratings without considering their weights was provided.

Data Records
The TD2D dataset32 is available in the online repository. This dataset includes physiological and ocular sen-
sor data, takeover performances, and perceived workloads from 500 experimental scenarios for 50 partici-
pants, with 10 experimental scenarios and their basic demographics per participant. All data are provided as 
comma-separated values (CSV) and MPEG-4 Part 14 (.mp4) format, totaling 16.7 GB. Figure 8 presents an 
overview of the TD2D dataset.

Basic demographics.  The basic demographics of the participants are presented in a file named driverInfor-
mation.csv, which contains the following fields:

•	 Dn: the unique identifier of each participant.
•	 age: international age as of the experiment date for each participant.
•	 gender: M or F corresponds to male or female, respectively.
•	 drivingExperience: the number of years from the driving license acquisition to this experiment.
•	 These variables represent how often the participants engage in a specified task (0: never, 1: less than once per 

month, 2: at least once per month but less than once per week, and 3: at least once per week).
•	 ebookFrequency: values range from 0 to 3, corresponding to how often the participant reads e-books.
•	 audiobookFrequency: values range from 0 to 3, corresponding to how often the participant listens to 

audiobooks.
•	 textingFrequency: values range from 0 to 3, corresponding to how often the participant texts.
•	 voiceTextingFrequency: values range from 0 to 3, corresponding to how often participant texts using voice 

commands.

Fig. 8  Overview of the TD2D dataset.
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•	 guessTheNumberFrequency: values range from 0 to 3, corresponding to how often the participant plays the 
“Guess the Number” game.

•	 nbackFrequency: values range from 0 to 3, corresponding to how often the participant performs the n-back test.

Takeover scenario information.  Information on the experimental scenarios, takeover performances, and 
perceived workloads is presented in the file takeoverScenarioInformations.csv, which is included in a sub-directory 
indicating the type of secondary tasks under a parent directory named after each driver’s unique identifier (i.e., 
the Dn field in driverInformation.csv). The names of the sub-directories for secondary task types include baseline 
(no secondary task was given), 0-back, 1-back, 2-back (0-back, 1-back, and 2-back of reference auditory tasks, 
respectively), audiobook listening, voice texting, voice gaming (audiobook listening, voice texting, and voice gam-
ing of naturalistic auditory tasks, respectively), e-book reading, texting, and gaming (e-book reading, texting, and 
gaming of visual tasks, respectively). For example, data collected while a driver, D01 was engaged in audiobook 
listening is placed in D01/audiobook listening/takeoverScenarioInformations.csv. The first three fields in the file 
describe the experimental scenarios.

•	 criticalEventType: a type of critical event that occurred in a given scenario. The value of this field can either be 
L (pedestrian jaywalking from the left), R (pedestrian jaywalking from the right), or F (leading vehicle came 
to a sudden stop).

•	 criticalEventOccurrenceTime: the timestamp (in milliseconds) at which a critical event occurred, where a 
given scenario begins at 0 milliseconds.

•	 scenarioEndTime: the timestamp (in milliseconds) at which a given scenario is completed.

The next two fields include information on takeover performance:

•	 takeoverSuccess: Success or Failure corresponds to whether the driver avoids accidents, respectively.
•	 reactionTime: the latency (in milliseconds) from the critical event occurrence to the driver’s first maneuver.

The last 14 fields are relevant to the perceived workload measured using NASA-TLX:

•	 NASA-TLX: the NASA-TLX scores for a given scenario, ranging from 0 to 100, where a higher score indicates 
a higher workload.

•	 NASA-RTLX: the NASA Raw TLX scores for a given scenario, ranging from 0 to 100, where a higher score 
indicates a higher workload.

•	 mentalDemand: scores of the mental demand sub-dimension, ranging from 0 to 100. The higher the score, 
the greater the mental burden perceived by the driver during a given scenario.

•	 physicalDemand: scores of the physical demand sub-dimension, ranging from 0 to 100. A higher score corre-
sponds to the more physical activity felt by the drivers for a given scenario.

•	 temporalDemand: scores of the temporal demand sub-dimension, ranging from 0 to 100. A higher score 
indicates that the driver feels more time pressure for a given scenario.

•	 performance: scores of the performance sub-dimension, ranging from 0 to 100. A higher score indicates that 
the driver feels more satisfied with their performance during a given scenario.

•	 effort: scores of the effort sub-dimension, ranging from 0 to 100. A higher score corresponds to the driver’s 
greater physical and mental effort in a given scenario.

•	 frustration: scores of the effort sub-dimension, ranging from 0 to 100. A higher score indicates that the driver 
feels more stressed during a given scenario.

•	 weightOfMentalDemand: the number of times (ranging from 0 to 5) the mental demand sub-dimension is 
considered more important than other sub-dimensions in a pairwise comparison.

•	 weightOfPhysicalDemand: the number of times (ranging from 0 to 5) the physical demand sub-dimension is 
considered more important than other sub-dimensions in a pairwise comparison.

•	 weightOfTemporalDemand: the number of times (ranging from 0 to 5) the temporal demand sub-dimension 
is considered more important than other sub-dimensions in a pairwise comparison.

•	 weightOfPerformance: the number of times (ranging from 0 to 5) the performance sub-dimension is consid-
ered more important than other sub-dimensions in a pairwise comparison.

•	 weightOfEffort: the number of times (ranging from 0 to 5) the effort sub-dimension is considered more 
important than other sub-dimensions in a pairwise comparison.

•	 weightOfFrustration: the number of times (ranging from 0 to 5) the frustration sub-dimension demand is 
considered more important than other sub-dimensions in a pairwise comparison.

Physiological data.  The physiological responses of the drivers measured with the H10 chest band and the 
E4 wristband have been separately provided as CSV files for each sensing modality. These CSV files are placed 
in the sub-directories of driver identifiers and secondary task types in the same manner as the takeover scenario 
information. Every CSV file contains a common field named timestamp, indicating the timestamp (in millisec-
onds) at which a given reading was recorded, starting from 0 milliseconds at the beginning of each scenario. For 
improved readability, the data fields excluding the timestamp are discussed further:
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•	 ECG.csv: electrical activity in the hearts of the driver, collected using the Polar H10 chest band at a sampling 
frequency of 130 Hz.

•	 value: ECG signals in millivolt (mV).

•	 HR.csv: the heart rate of the driver, measured using the Polar H10 chest band at a sampling rate of 1 Hz.

•	 value: number of heartbeats per minute (b/min).

•	 PPG.csv: blood volume pulse (BVP) of the driver, optically obtained using the Empatica E4 wristband PPG 
sensor with a sampling frequency of 64 Hz.

•	 value: BVP signals in nanowatt (nW).

•	 EDA.csv: skin resistance of the driver, recorded using the Empatica E4 wristband sampled at 4 Hz.

•	 value: skin resistance in microsiemens (µS).

Ocular data.  The ocular responses of the drivers measured using the Pupil Core have been separately pro-
vided as CSV and video files. These files are placed in the sub-directories of driver identifiers and secondary 
task types in the same manner as the takeover scenario information. Every CSV file contains a common field 
named timestamp, indicating the timestamp (in milliseconds) at which a given reading was recorded, starting 
from 0 milliseconds at the beginning of each scenario. For improved readability, the data fields excluding the 
timestamp are discussed further:

•	 diameters.csv: average pupil diameter of the driver, calculated from videos of both eyes at a sampling fre-
quency of 200 Hz.

•	 value: pupil diameter in millimeters.

•	 gazePositions.csv: average gaze position of the driver, calculated from videos of both eyes at a sampling fre-
quency of 200 Hz.

•	 gazeAngle: the angle in degrees, indicating the difference between the optical axis (the gaze point when 
looking straight ahead) and the current gaze point. Figure 9 shows the method of gaze angle calculation 
in a coordinate system.

•	 gazeAngleX: the angle in degrees representing the horizontal difference between the optical axis and the 
current gaze point. When the value is greater or less than zero, it indicates looking to the right or left, 
respectively.

•	 gazeAngleY: the angle in degrees representing the vertical difference between the optical axis and the 
current gaze point. When the value is greater or less than zero, it indicates looking downward or upward, 
respectively.

•	 fixations.csv: the driver’s visual fixation calculated from multiple gazes pointing to one place. As the eyes move 
slightly while maintaining a single fixation, subtle differences exist in the gaze within the same fixation.

Fig. 9  Descriptive image of gaze. θ represents the gazeAngle, which is the angle between the gaze point and the 
optical axis (the gaze point when looking straight ahead). The z-axis coincides with the optical axis. The x-axis 
represents the horizontal direction, with the positive direction to the right. The y-axis represents the vertical 
direction, with the positive direction downward.

https://doi.org/10.1038/s41597-025-04781-8


1 1Scientific Data |          (2025) 12:539  | https://doi.org/10.1038/s41597-025-04781-8

www.nature.com/scientificdatawww.nature.com/scientificdata/

•	 fixationAngle: the angle in degrees indicating the difference between the fixation point of looking straight 
ahead and the current fixation point. The fixation point is calculated by averaging gaze points within the 
same fixation.

•	 fixationAngleX: the angle in degrees representing the horizontal difference between the fixation point of 
looking straight ahead and the current fixation point. When the value is greater or less than zero, it indi-
cates looking to the right or left, respectively.

•	 fixationAngleY: the angle in degrees representing the vertical difference between the fixation point of 
looking straight ahead and the current fixation point. When the value is greater or less than zero, it indi-
cates looking downward or upward, respectively.

•	 dispersion: dispersion of fixation in degrees indicates the angular difference between the two gaze points 
that are the furthest apart within the same fixation.

•	 duration: fixation duration in milliseconds (ms) represents differences in timestamps between the first 
and last gazes within the same fixation.

Eye video. 

•	 eye_left.mp4: this file contains the videos of the driver’s left eyeball in grayscale.
•	 eye_right.mp4: this file contains the videos of the driver’s right eyeball in grayscale.

Technical Validation
Takeover performance and workload.  Tables 4, 5 show overviews of the takeover performance (success 
ratio and average reaction time) and perceived workload data collected from 50 drivers across 10 secondary task 
conditions. Specifically, Table 4 presents the descriptive statistics of the takeover performance and workload 
across the secondary task conditions, while Table 5 presents the descriptive statistics of takeover performance and 
workload across secondary task conditions by age group.

Furthermore, we conducted two mixed-model analyses to explore the variations in takeover performance 
across age groups and secondary task conditions. For each analysis, we used the reaction time and takeover 
success as dependent variables, respectively. For both analyses, we consistently included age groups, secondary 
task conditions, and their interaction effects as fixed effects, and the drivers as the random effect. We performed 
linear regression analysis for reaction time and binary logistic regression analysis for takeover success.

For the reaction times, the mixed-model analysis revealed no significant main effect of age group. However, 
secondary task conditions such as auditory texting (β = 135.92, t = 2.213, p = 0.027), e-book reading (β = 413.32, 
t = 6.728, p < 0.001), gaming (β = 431.26, t = 7.020, p < 0.001), and texting (β = 471.60, t = 7.677, p < 0.001) 
resulted in significantly longer reaction times compared to the baseline condition. In addition, the gaming and 
texting conditions exhibited significant interaction effects with age groups. Specifically, reaction time signifi-
cantly increased as the age group increased for gaming (β = 449.68, t = 3.274, p = 0.001) and texting (β = 310.50, 
t = 2.260, p = 0.024).

For takeover success, the mixed-model analysis revealed no significant main effect of age group. However, 
secondary task conditions such as e-book reading (β = −3.02, z = −5.126, p < 0.001) and texting (β = −2.76, 
z = −4.788, p < 0.001) significantly decreased takeover success probabilities compared to the baseline condition. 
No interaction effects between secondary task condition and age group were detected. These results demon-
strate that driver takeover performance varies across secondary task conditions and age groups. Importantly, our 
dataset effectively captures these differences, providing a valuable resource for analyzing variations in takeover 
performance related to demographics and secondary tasks.

Secondary task Success ratio (%)

Reaction time (ms) Perceived workload

Mean SD Mean SD

<Without secondary task>

 Baseline 86 880.98 201.80 29.60 22.99

<Auditory tasks>

 0-back 82 883.06 235.94 33.37 21.18

 1-back 68 955.50 253.31 51.73 20.09

 2-back 72 978.62 209.33 66.91 16.44

 Audiobook listening 76 905.26 213.36 38.28 18.95

 Auditory gaming 74 980.86 281.65 41.99 21.83

 Auditory texting 68 1,016.90 264.46 45.81 20.92

<Visual tasks>

 E-book reading 36 1,294.30 483.59 71.25 15.06

 Gaming 38 1,312.24 452.80 62.45 20.59

 Texting 40 1,352.58 433.19 60.47 18.71

Table 4.  Descriptive statistics of takeover performance and workload across secondary task conditions.
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Machine-learning analysis.  To ensure that our dataset is technically convincing, we conducted a 
machine-learning analysis where our machine-learning models used features extracted from physiological and 
ocular sensor data as inputs and predicted whether the takeover was successful.

Machine learning pipeline.  To construct the models, we encompassed the entire process of building and evalu-
ating machine-learning models by referring to the machine-learning pipeline proposed in a prior study on affec-
tive and cognitive computing with multimodal sensor data53 (see Fig. 10). First, we screened out participants 
with missing data for any of the sensing modalities. For the remaining participants’ data, we extracted various 
features from sensor readings recorded within a 10-second window immediately before critical events occurred. 
These features were subsequently paired with the takeover result (i.e., success vs. failure) for a given critical 
event. The models were trained and evaluated using leave-one-subject-out (LOSO) cross-validation (CV). More 
detailed processes are presented below.

Preprocessing.  Before building the machine learning models, we excluded participants with missing data 
for sensing modalities. Throughout the careful investigation, we excluded data collected from 11 of the 50 
participants for the following reasons: eight participants (D1, D11, D15, D18, D23, D36, D43, and D46) had 
missing data in the H10 chest band, and three participants (D6, D41, and D47) had missing data in the E4 
wristband. The following machine learning analysis was conducted on the remaining data from 390 exper-
imental scenarios (256 scenarios resulting in takeover successes) of the 39 participants, with ten scenarios 
per participant.

Feature extraction.  For each experimental scenario, we extracted features from sensor data recorded within 
a 10-second window immediately before the timestamp of critical event occurrence (which is presented in the 
field named criticalEventOccurrenceTime in takeoverScenarioInformations.csv). We considered 13 different 
sensing modalities in the feature extraction, as follows: ECG (the field, value, in ECG.csv), PPG (the field, value, 
in PPG.csv), EDA (the field, value, in EDA.csv), HR (the field, value, in HR.csv), pupil diameter (the field, value, 
in diameter.csv), eye gaze (the fields, gazeAngle, gazeAngleX, and gazeAngleY, in gazePositions.csv), eye fixation 

Baseline 0-back 1-back 2-back Audiobook listening Auditory gaming Auditory texting E-book reading Gaming Texting

<Age=20 s>

SR (%) 90.0 100.0 80.0 90.0 70.0 80.0 90.0 40.0 60.0 40.0

RT (ms) Mean 858.20 838.20 865.40 1036.40 882.80 926.50 1003.20 1399.30 1191.00 1325.80

RT (ms) SD 196.71 235.71 178.93 269.77 170.69 213.42 155.20 469.20 444.00 367.41

PW Mean 21.03 33.73 55.73 69.07 43.63 53.73 49.37 72.73 65.07 53.50

PW SD 19.79 17.10 20.26 15.23 14.51 17.77 20.32 12.90 21.50 21.23

<Age=30 s>

SR (%) 90.0 70.0 90.0 80.0 90.0 80.0 90.0 40.0 30.0 70.0

RT (ms) Mean 1002.00 856.80 847.70 855.90 980.30 974.90 1001.60 1386.60 1200.90 1107.00

RT (ms) SD 222.45 271.92 282.04 154.81 252.84 335.53 224.88 512.32 345.63 407.80

PW Mean 25.63 28.60 47.93 61.33 37.93 33.70 39.17 70.50 56.20 61.43

PW SD 20.35 19.70 18.37 7.61 19.46 19.23 13.20 12.84 22.63 14.87

<Age=40 s>

SR (%) 80.0 80.0 80.0 60.0 100.0 80.0 60.0 30.0 70.0 50.0

RT (ms) Mean 847.60 847.90 1024.30 1028.70 804.50 825.30 980.20 1196.10 1076.30 1304.80

RT (ms) SD 204.70 286.26 373.71 161.36 163.23 137.75 327.27 541.75 412.82 515.97

PW Mean 28.80 36.07 47.40 76.57 36.77 38.40 53.17 73.37 63.17 56.50

PW SD 20.89 26.26 25.20 15.11 25.10 24.68 22.36 18.04 19.50 16.63

<Age=50 s>

SR (%) 80.0 80.0 70.0 90.0 70.0 70.0 70.0 60.0 30.0 20.0

RT (ms) Mean 873.60 877.10 1009.70 897.60 881.70 1079.30 993.20 1101.50 1378.90 1507.90

RT (ms) SD 199.57 186.47 163.19 127.91 229.75 306.93 196.41 439.85 409.30 400.58

PW Mean 32.03 31.67 46.57 66.57 37.47 36.17 41.40 72.60 68.47 65.50

PW SD 29.30 26.75 18.54 23.97 22.88 24.97 24.60 17.32 19.21 19.21

<Age=60 s>

SR (%) 90.0 80.0 20.0 40.0 50.0 60.0 30.0 10.0 0.0 20.0

RT (ms) Mean 823.50 995.30 1030.40 1074.50 977.00 1098.30 1106.30 1388.00 1714.10 1517.40

RT (ms) SD 173.14 196.08 186.58 242.24 225.67 322.92 385.98 469.24 430.56 407.84

PW Mean 40.50 36.77 61.00 61.00 35.60 47.93 45.97 67.03 59.37 65.40

PW SD 23.21 17.55 17.05 14.04 13.03 18.85 23.37 15.77 21.92 21.45

Table 5.  Descriptive statistics of takeover performance and workload across secondary task conditions by age 
groups. SR = success ratio, RT = reaction time, PW = perceived workload.
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(the fields, fixationAngle, fixationAngleX, fixationAngleY, duration, and dispersion, in fixations.csv). For each 
modality, we calculated five features reflecting statistical distributions within the sensor data of the 10-second 
window, including the minimum, maximum, mean, skewness, and kurtosis, resulting in a total of 65 features.

Training and cross-validation.  We conducted a LOSO cross-validation to ensure applicability to drivers that 
were not included in our dataset. In this CV, samples (i.e., features and takeover successes) from one driver were 
assigned to a testing fold, and samples from the others were assigned to a training fold. The machine learning 
models were trained with samples within the training fold and evaluated with samples within the testing fold. 
This process was repeated 39 times, and each driver sample was used to evaluate machine-learning models. Each 
training process began by balancing the label distributions because the number of takeover successes was greater 
than the number of takeover failures (256 vs. 134). Such an imbalanced distribution may reduce the capability 
of predicting the minority class (i.e., takeover failures in our data). To mitigate the issue, we oversampled sam-
ples belonging to the minority class in the training fold using the synthetic minority over-sampling technique 
(SMOTE), which generated new samples that were similar to the existing samples. We selected 20 out of 
65 features by eliminating relatively unnecessary features using recursive feature elimination (RFE) to mitigate 
overfitting.

For the type of machine learning models, we considered subject-independent models, which are trained 
on data from multiple individuals to capture generalizable patterns applicable across diverse populations. For 
example, in the context of machine learning models for vehicles, such models are trained on data collected from 
multiple drivers, excluding data from the driver of the specific vehicle. For the algorithms of the models. we 
considered ensemble-learning algorithms, including Random Forest54, XGBoost55, and LightGBM56. These algo-
rithms are widely used to predict takeover performance and situation awareness in distracted automated driving 
contexts57–59. In addition, we also considered the multi-layer perceptron (MLP) model60 as the neural network60. 
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Fig. 10  Machine learning pipeline of the TD2D dataset.

F1Success (SD) F1Failure (SD) F1Macro-avg. (SD) Accuracy (SD)

Random Forest 0.72 (0.17) 0.44 (0.29) 0.59 (0.18) 0.68 (0.16)

XGBoost 0.67 (0.20) 0.38 (0.27) 0.53 (0.15) 0.63 (0.14)

LightGBM 0.70 (0.24) 0.36 (0.33) 0.54 (0.20) 0.67 (0.17)

MLP 0.65 (0.26) 0.30 (0.30) 0.47 (0.16) 0.63 (0.19)

Table 6.  Machine learning model performances.

https://doi.org/10.1038/s41597-025-04781-8


1 4Scientific Data |          (2025) 12:539  | https://doi.org/10.1038/s41597-025-04781-8

www.nature.com/scientificdatawww.nature.com/scientificdata/

The trained models were evaluated using the testing fold, accompanied by various performance metrics, includ-
ing F1-scores for the minority and majority classes, the average of both F1-scores (i.e., the macro-averaged 
F1-score), and accuracy.

Performance evaluation.  The performance of the three machine learning models and one neural network 
model are listed in Table 6. The Random Forest model showed the best performance, achieving a macro-averaged 
F1-score of 0.59 and an accuracy of 0.68. The performances were followed by LightGBM with a macro-averaged 
F1-score of 0.54 and an accuracy of 0.67, XGBoost with 0.53 and 0.63, and MLP with 0.47 and 0.63, respectively. 
While we did not conduct significant feature engineering or use eye video data, such a performance evaluation 
showed that our TD2D dataset holds sufficient potential for developing machine learning models focusing on 
takeover performance prediction.

Usage Notes
Potential applications.  The TD2D dataset is intended to support researchers in understanding, analyzing, 
and predicting takeover performance while distracted L2 driving by utilizing the workload score through NASA-
TLX, physiological data such as ECG, PPG, EDA, heart rate, and ocular data including the gaze, fixation, pupil 
diameter, and eye video. We expect the TD2D dataset to be useful for research in the context of L2 automated 
driving contexts. For example, similar to what we have shown through technical validation, it can help predict 
takeover performance using the driver’s physiological data and ocular data57 or analyze the relationship between 
the driver’s physiological data and workload61. In addition, it can be utilized to analyze whether a driver is visually 
distracted through ocular data. For example, by analyzing the gaze data, Louw et al. found that drivers prioritized 
secondary tasks over driving situations, even though L2 automated driving was unstable owing to heavy fog62.

In addition, we expect the TD2D dataset to be useful for research besides L2 automated driving contexts. For 
example, contexts in which individuals must continuously monitor automated systems, such as city traffic con-
trol centers, cement control centers, and power plant control centers, are similar to the contexts in which drivers 
need to monitor driving situations continuously during L2 automated driving. Therefore, the TD2D dataset can 
be valuable for analyzing the relationship between the physiological data and the workload of the operator mon-
itoring such a system63. Moreover, contexts in which workers face interruptions during ongoing tasks, including 
receiving emails and talking with co-workers, are similar to contexts in which drivers are interrupted by critical 
events while performing secondary tasks. Therefore, the TD2D dataset can be used to analyze whether workers 
are interruptible by another task using physiological and takeover data64.

The TD2D dataset includes driver data of various populations, making it a valuable resource for developing 
subject-independent machine learning models. These models are trained on data from multiple drivers to cap-
ture overarching patterns that are broadly applicable across diverse populations. These models are particularly 
useful for addressing cold-start scenarios where individual-specific data of a driver is unavailable, for instance, 
when a driver first purchases the vehicle. Subject-dependent models, trained exclusively on data from a single 
driver, are capable of capturing personalized patterns and preferences of the driver, thereby achieving higher 
accuracy for the driver compared to subject-independent models. Subject-independent machine learning mod-
els can serve as initial models to avoid cold-start scenarios. Furthermore, as the driver’s individual-specific data 
accumulates, the models can transition into subject-dependent models through machine learning techniques 
such as transfer learning.

Limitations.  We fixed the weather conditions and traffic in our driving environment, which led to limitations 
in understanding the differences in the driver’s state owing to these environmental changes. Previous studies have 
indicated that an increase in other vehicles on the road escalates the driving workload65, and adverse weather 
conditions deteriorate takeover performance66. Nevertheless, our dataset was collected under consistently fixed 
weather and traffic conditions, making it suitable for analyzing variations in the states of drivers performing dif-
ferent secondary tasks. In addition, although only one secondary task was performed at a time under our experi-
mental conditions, drivers in real-world scenarios may engage in multiple tasks simultaneously while driving. For 
instance, a driver may engage in visual-manual texting while simultaneously listening to an audiobook. However, 
our dataset can still be used to investigate the relationship between each secondary task to driver distraction67. 
Next, since our data was collected using a simulator, it may not fully reflect the complexity of real-road driving 
conditions. However, simulator-based data for distracted driving research offer several advantages over real-road 
data, including better control of conditions, greater sensitivity to secondary task conditions, and reduced meas-
urement error33. Given these advantages, our dataset remains a valuable resource for studying distracted driv-
ing, similar to previous simulator-based datasets27,29–31. Finally, our data were insufficient for training robust 
subject-dependent models due to the limited number of conditions per driver (i.e., 10 cases per driver). However, 
the dataset included data from a wide range of populations and various secondary task conditions, allowing 
for the development of subject-independent models applicable across diverse populations and various scenar-
ios. Moreover, a subject-independent model trained on our dataset can be deployed in cold-start scenarios and 
later refined into subject-dependent models as driver-specific data accumulate, using techniques such as transfer 
learning.

Code availability
Our technical validation process was included a Jupyter notebook, which available at https://github.com/HAI-
lab-KNU/TD2D_SupplementaryCodes. In addition, our simulator codes are also available at https://github.com/
HAI-lab-KNU/L2-vehicle-simulator.
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