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ABSTRACT

We present EmoWork, a multimodal, multi-label dataset designed to support emotion and stress detection in realistic
interpersonal work settings. Interpersonal work—common in occupations such as customer service—often requires workers
to regulate their emotional expressions in response to strong affective stimuli. These demands, shaped by organizational
display rules, present a unique challenge for affective computing systems, particularly in scenarios where internal emotional
states diverge from observable behaviors. Despite this, no public datasets exist that capture such dynamics of affect in
naturalistic settings. To address this gap, we collected physiological, behavioral, and self-reported data from call center workers
who engaged in role-play scenarios simulating customer service interactions with professional actors portraying dissatisfied
customers. The dataset includes self-reported affective ratings, which are used as labels for classification, synchronized
recordings from three wearable devices (i.e., Polar H10, Empatica E4, and Muse S), and features extracted from video and
audio data. The EmoWork dataset advances affective computing by offering context-rich, multimodal data grounded in realistic
interpersonal work scenarios.

Background & Summary

Affective computing focuses on creating systems that can recognize, interpret, and understand human affect (i.e., emotion and
stress). These systems serve as an affect-aware foundation for human interaction-centered disciplines. Examples include
human-Computer Interaction (HCI)?, human-Robot Interaction (HRI1)%#, and human-Al Interaction (HAI)® across everyday
contexts, such as home®, workplace’8, and driving®. Among these contexts, the workplace has emerged as a particularly
prominent application domain, as Industry 4.0 has transformed it into an environment rich in sensing technologies and driven
by digital innovation'® 1%, Within work environments, researchers have extensively studied automatic monitoring of workers’
mental status, such as workload*?, stress!®14, and mood®®, using diverse sensors (e.g., computer logs'®, mobile'’, and wearable
sensors'®) to enhance workers’ well-being and performance.

Prior studies relied on automatic affect-detection models, whose performance depends on securing relevant datasets. To
acquire reliable datasets in workplace settings, it is important to reflect different contextual information such as the type of
work (e.g., construction, service work, knowledge work, and manufacturing) because affective responses are highly context-
dependent!® 20, However, most publicly available datasets largely focused on capturing responses to standardized affective
stimuli (e.g., watching video?'=%" or Trier Social Stress Test (TSST)?®) (Table 1). Although some studies have attempted to
collect affective datasets in more naturalistic scenarios (e.g., knowledge worker scenario??, interpersonal conversations®:31),
these efforts still fall short in a diversity of scenarios from work types. Especially, data on interpersonal workplace interactions
(e.g., conversations between customers and agents) remain scarce in existing datasets for affective computing. Yet, such
scenarios are not marginal as interpersonal work is central to the modern labor force.

Despite this gap, interpersonal work—occupations that involve direct interaction with clients or coworkers—constitutes over
half of all global employment®? and includes large job families such as the 2.9 million U.S. customer-service representatives
(CSR), underscoring its prevalence in today’s workforce33. These CSR roles, especially in the service sector, are emotionally
demanding, as they frequently expose workers to strong affective stimuli while simultaneously requiring emotional suppression
in accordance with organizational display rules®*. Such dual demands, intense emotional elicitation, and strict regulation create
a unique challenge for affect detection because workers’ internal states often diverge from observable expressions. Therefore,
realistic interpersonal work scenarios are essential not only for understanding these affective dynamics but also for training and



evaluating affect-detection models that can operate under socially regulated conditions. One prominent CSR example is call
center work® 36, where agents regularly engage in emotionally charged conversations with dissatisfied customers. However,
few publicly available datasets exist that authentically reflect interpersonal emotional workload. To fill this research gap, we
built EmoWork, a context-specific multimodal dataset captured in realistic interpersonal work scenarios.

EmoWork is a multimodal, multi-label dataset from call agents engaged in real-time voice interactions with dissatisfied
customers. It captures four synchronized affective states (i.e., stress, suppression, arousal, and valence), physiological and
behavioral responses. For realistic data collection in an interpersonal work setting, we employed scripted role-play scenarios
simulating customer service interactions as frequently used in psychology literature on emotional labor®®. We designed a
scenario of a credit-card dispute, an issue known to provoke sensitive and challenging reactions from customers. The role-play
scenario was designed to explicitly incorporate display rule compliance, a core aspect of emotional labor. To maximize realism,
we hired trained actors to portray difficult customers. During the simulated calls, we measured physiological and behavioral
responses using three wearable devices (i.e., Polar H10, Muse S, Empatica E4), a headset, and a camera. Following the
calls, participants retrospectively reported their momentary levels of arousal, valence, stress, and emotional workload (i.e.,
suppression). Our data, collected in a realistic interpersonal work scenario with a high emotional workload, lays the groundwork
for future research on affect modeling in such scenarios. In the following section, we describe the experimental protocol, sensor
suite, and technical validation in detail.

Methods

Ethics Statement

We obtained IRB approval for open data collection and release from our institution (KAIST IRB) and conducted the study
according to the approved protocol (KH2022-108). Recruitment was conducted through the managers of each local call
center, who were contacted through institutional training coordinators. Participation was entirely voluntary, and those who
expressed willingness to join were enrolled sequentially on a first-come, first-served basis. Before participation, all participants
received a written explanation of the study, including the types of data to be collected (audio, video, physiological data, and
self-reported responses), the purpose of the research, and how the collected data would be used and shared for academic
purposes. Participants provided written informed consent acknowledging their understanding and voluntary agreement to
data collection, anonymized data sharing, and the public release of derived datasets under IRB-approved conditions. Also,
female participants were asked whether they were pregnant, and pregnant women were excluded from the study. During data
collection, participants could withdraw from the study at any time. After data collection, breaks were provided that incorporated
meditation materials to relieve any negative effects on participants’ mental well-being. To protect participants’ information, all
data were pseudo-anonymized during the data collection process. Call agents were assigned participant numbers as identifiers,
and the actors used only fictitious personal details (e.g., names, phone numbers, and jobs) in the simulated call scenarios. All
raw data were securely stored on a restricted-access shared drive managed by authorized researchers, and any information that
could potentially identify individuals was strictly excluded from publication and public data release.

Data Collection

Participants

Our data collection process includes two roles: customer and call agent. The customers were played by four professional actors
from the local theater society (female: 2, male: 2). The call agents were recruited from real call agents (female: 24, male: 7)
working in local call centers operated by six different companies. The gender distribution (77.4% female) aligns with prior
research showing that call center work in South Korea is heavily female-dominated®’. Their educational backgrounds included
19 with a high school diploma and 12 with a college degree or higher (mean age = 36.19 + 11.38). Because official statistics on
call center demographics (e.g., education level and age) are limited and often inconsistent across government and industry
reports, these values should be regarded as indicative rather than definitive. 34 were recruited, but three dropped out before the
data collection procedure (one was screened due to pregnancy; another due to COVID-19 infection; and the third withdrew
voluntarily).

Data Collection Setup

The data collection process consisted of two phases: 1) sensor data collection during voice calls and 2) self-reported retrospective
data collection after voice calls®®. The second phase was carried out only with call agents, because this data set was designed to
collect data to evaluate their emotions and stress. Data collection was conducted in three rooms throughout the study, with one
researcher assigned to each room, for a total of three researchers to assist with data collection.

Sensor data collection Two separate rooms were assigned for the customer and the worker. Each room was divided into
a preparation and monitoring space and a data collection space using a partition. In the preparation and monitoring space,



participants completed all pre-session procedures (e.g., providing explanations of the roles and procedures, and obtaining
informed consent). During data collection, a researcher remained in the preparation and monitoring space and monitored the
incoming data in real-time, checking for equipment malfunctions. The data collection space was set up differently depending
on the participants’ roles. Each participant involved in the role of call agents sat in front of a computer screen, wore a headset
with a microphone, and answered customer calls using Skype (Figure 1). The headset was physically connected to the desktop,
and audio data was captured by the headset’s microphone and stored in a designated folder on the desktop computer. This audio
recording includes only the voice of call agents. A Logitech camera was installed on the desktop, connected via a USB cable.
The recorded video was saved to a designated folder on the desktop. Participants also wore a headband (i.e., Muse S), a chest
band (i.e., Polar H10), and a wristband (i.e., Empatica E4) to collect multi-modal physiological and behavioral data. Muse S
collected electroencephalogram (EEG) data, which was recorded on a local computer via Bluetooth. The system was coded
using the muse-Isl (https://pypi.org/project/muselsl/) Python package. Polar H10 collected electrocardiogram (ECG) data that
was transferred via Bluetooth to a designated mobile data collection device (Galaxy Note 9). It was operated via Polar Beat
(https://support.polar.com/en/beat). Empatica E4 worn on the non-dominant hand collected blood volume pulse (BVP), skin
temperature (temp), inter-beat interval (1BI), electrodermal activity (EDA), and accelerometer (ACC), which were transmitted
via Bluetooth to a mobile data collection device (Galaxy Note 9). Also, clear expected behaviors for participants— be nice to the
customer and strive to satisfy the customer—were explicitly mentioned and posted on the wall in front of the call agent.

Each participant involved in the role of customers used a laptop placed inside a soundproof box. They used the same type of
headset as the call agents, and their voices during phone calls were recorded in a designated folder on the laptop. For dialogue,
customers initiate a call to a call agent using Skype, and the dyadic conversation files from Skype were saved as separate files.
In addition, clear guidelines for customers in accordance with the required type of behavior were posted on the wall.

Self-reported data collection We prepared a room for the call agent in the second phase, which was divided into a preparation
space and a self-report data collection space. In the preparation space, participants completed the post-data collection surveys
and were instructed to store their personal belongings that could distract them to ensure participants’ immersion during the
retrospective self-reporting process. In the self-reported data collection space, participants sat in front of a laptop to collect the
label data measured by Likert-scale (Figure 2). We used E-prime 3.0, which has been widely used in psychology®:° with a
customized interface to record participants’ self-reported affective responses during each stimulus event (i.e., while listening to
their own calls recorded in the previous session). Participants continuously reported their affective state by moving a mouse
cursor on an interactive response screen (i.e., a slider with an anchor or a grid image with an anchor moving as the movements
of the user), and the program recorded the cursor position every 100 ms®®. This allowed us to capture continuous, time-varying
self-report trajectories rather than discrete, one-time ratings. Both left- and right-handed participants used their right hand to
operate the mouse.

Procedure
The overall procedure is illustrated in Figure 3, and its details are explained in the following sections.

Onboarding We instructed call agent-role participants (i.e., call agents) to use a pre-assigned subject number in every process
for pseudonymization before arriving at the data collection site. Before data collection, they completed a pre-survey on basic
demographic information (i.e., sex, age, work experience, education, and dominant hand) and baseline mental well-being such
as the Patient Health Questionnaire (PHQ)-9C, Perceived Stress Scale (PSS)*!, Positive Psychological Capital (PPC)*?, Big
Five Inventory (BFI)*3, Rosenberg Self-Esteem Scale (RSE)**, and Satisfaction with Life Scale (SWLS)*°. All surveys were
administered in Korean using validated Korean translations of the original instruments (Table 3). For the BFI, we used the
15-item Korean short version*®, which was developed and validated as a psychometrically reliable adaptation of the original
44-item scale. Participants were asked to avoid drinking alcohol, smoking, engaging in vigorous exercise, or consuming
caffeine on the day of data collection, as these behaviors could affect their physical responses. Upon arrival at the site, a
researcher checked whether the pre-survey was completed and verified the subject number. The participants then read the study
instructions and completed the user consent form.

A researcher in the designated space explained the role and provided supplementary documents. The documents included
predefined opening and closing scripts for call agents, containing fictional information (i.e., name and call center). While the
opening and closing scripts were predetermined, participants responded to the customer’s requirements as they normally would
at work, without a set script. Examples were provided to guide responses in predictable conflict situations. As in a real work
environment, they did not have any prior information about the customer or the problem. Each participant practiced their role
until they were familiar enough to begin data collection, and were allowed to freely ask the researcher questions before data
collection began.

As the final step of onboarding, participants put on the wearable devices in the following order: Polar H10, Empatica
E4, Muse S, and a headset. The researcher helped adjust the webcam angle and the headset and ensured that everything was
functioning properly. Customer-role participants were required to demonstrate their professional acting experience (e.g., a



certificate of acting) upon arrival at the site. Then, they read the study instructions and completed the user consent form. A
researcher in the designated space explained their role and provided supplementary documents. The documents included
fictional character information (e.g., name, age, and phone number) and detailed descriptions of the customer’s problem, which
they were instructed to act out. They have been granted sufficient time to acclimate to the role.

Baseline measurement Three types of baseline conditions were acquired from call agents that were designed to reflect
typical tasks of call agents, such as speaking and typing. Baseline 1 (B1) was a condition with no stimuli, so the participants sat
comfortably and were relaxed. Baseline 2 (B2) was a condition in which participants read a neutral script in a natural speaking
tone, unrelated to customer service work. B2 (speaking without emotional workload) was designed to compare recorded audio
from the main experimental setting, thereby enabling a more in-depth analysis of speech data. Baseline 3 (B3) was a condition
in which participants typed a given script. B3 (typing without emotional stress) was designed to isolate the hand movement
patterns that arise solely from typing behavior. It has the potential to be used later to normalize or subtract typing-related
acceleration signals from the main experimental data, thereby enabling more accurate detection of motion artifact induced
by mental status changes, such as stress level or emotion. Each session of these baseline conditions was designed to last
approximately two minutes.

Main phase We simulated a representative example of an abuse complaint call in a real call center scenario, where a customer
complained about a card company’s reward®>#7=49 Credit card customers who had not received cash rewards contacted the call
center to raise an issue due to a misunderstanding of the complex rewards rules. Each call agent answered three calls from
the same customer. While the problem remained the same across all calls, the way the customer expressed their complaint
differed. Call 1 (C1) represented a neutral scenario. Customers simply explained their problems and asked for the reason behind
the problem without using emotionally charged language. Call 2 (C2) represented an aggressive scenario involving prosodic
stimulation (e.g., talking fast, shouting, and a threatening tone). Note that customers were instructed to avoid using negative
words (e.g., swearing) to minimize confusion with C3. Call 3 (C3) represented an aggressive scenario involving expressive
stimulation (e.g., demeaning and negative words, including swearing).

We placed restrictions on the use of excessively profane expressions and provided a list of permissible expressions to
maintain ethical standards. Note that customers were instructed to refrain from prosodic features (e.g., shouting) to minimize
confusion with C2. We defined C1 as less emotional stimuli or basic workload condition, C2 as high emotional prosodic stimuli
or high workload condition, and C3 as high emotional expressive stimuli or high workload condition. Each session lasted
approximately three to four minutes. The order of the conditions was randomized as C1-C2-C3 or C1-C3-C2 to avoid order
effects. C1 was performed first in all cases to allow for a natural flow, while the order of the two different types of aggressive
calls (C2 and C3) was varied to prevent order effects. In each call, customers initiated and terminated the conversation while
call agents were not allowed to control the start and end of a call, just like in natural inbound calls. Between calls, call agents
took a break with a one-minute guided breathing video to release emotional stress caused by the previous call. After completing
three calls, the call agents removed the wearable devices and engaged in a 10-minute guided meditation.

Label acquisition After the meditation session, call agents moved from the sensor data collection room to the self-report data
collection room. Following prior work on retrospective continuous self-report during stimulus playback®, each call was played
back in the original order. For each call, participants performed the self-report three times in a row to assess suppression, stress,
and emation (i.e., arousal and valence), as illustrated in Figure 2. We intentionally chose this post-interaction, playback-based
procedure rather than soliciting ratings during or immediately after each call to preserve workflow continuity and ecological
validity across the three consecutive interactions and avoid dual-task interference that could alter natural conversational
dynamics. Before the assessments began, all participants completed a practice session to familiarize themselves with the
interface and the data recording process. Then, they were asked to read the instructions containing the meaning and example of
each label as defined in Table 2. For example, participants listened to the C1 session a total of three times, rating suppression
during the first listening, stress during the second, and emation during the last.

Simulation fidelity The experiment was conducted in a lab environment designed to reproduce realistic call-center scenarios
as closely as possible. Because the study took place under controlled laboratory conditions, participants were informed during
the consent process about the general purpose of the study, the number of calls to be conducted, and the types of data to be
collected. Although this awareness could potentially influence their behavioral or affective responses, we made extensive efforts
to ensure that the interactions resembled authentic customer service situations. To enhance realism, participants were asked to
perform their genuine professional roles, and professional actors were recruited to portray customers. Importantly, the call
agents were not informed that the customers were professional actors or about the specific behavioral strategies the actors
would employ. After data collection, a brief post-experiment questionnaire assessed the perceived reality of the scenario.

Preprocessing and Feature Extraction
We used Python libraries to verify the dataset and then process it to make it suitable for public release.



Labels

The initial results of E-prime 3.0 were saved in a “.txt’ file, recording values with timestamps in milliseconds (ms) starting at O
from the beginning of the call. We checked interval consistency and total duration against the corresponding audio files to
ensure temporal integrity, then converted the relative stamps to absolute UTC for multimodal alignment (details in the Technical
Validation section). We added the UTC timestamp of the start of each call to the original E-Prime 3.0 timestamps. Then we
saved all transformed data in a dictionary structure and stored it as a pickle file (label.pkl).

Sensors_Muse S, Polar H10, Empatica E4
We release the raw data collected from each device. All details of the collected data are described in Data Records.

Sensor_Audio

We prepared three separate audio recordings for ease of data usage: customer-only, worker-only, and dyadic conversation
recordings. We used the customer-only and the worker-only records that were stored at 44,100 Hz in *.wav’ format. Because of
privacy concerns, audio files are not released to the public. Instead, we extracted well-known features that are widely used in
previous studies on emotion and stress recognition, including a deep learning-based approach®. We used Librosa 10.0 and
applied a window size of 25 ms with a sliding window of 10 ms®°. Before feature extraction, we applied a pre-emphasis filter
provided by Librosa. We then extracted features, including fundamental frequency (F0), zero crossing rate (ZCR), voiced flag,
mel-frequency cepstral coefficients (MFCCs), and spectral features (centroid, bandwidth, roll-off, roll-off min, contrast)®!52 All
transformed data are saved in a dictionary structure and stored as a pickle file (audio.pkl). The dyadic conversation recordings
were used for script generation to help other researchers gain a comprehensive understanding of our scenario. Because the
participants were Korean, all conversations were recorded in Korean. Thus, we used the Naver Clova Speech-to-Text (STT)
service, which is optimized for Korean. A researcher verified the accuracy of each transcript and manually modified the text
in Korean. The researcher then automatically translated it into English using ChatGPT-40, followed by manually verifying
the translated script. To balance accessibility with linguistic fidelity, we release the original Korean utterances alongside their
English translations. This follows established practice in non-English speech corpora that preserve source-language transcripts
to support downstream research (e.g., cross-lingual modeling, and prosody—text analyses)®®%*. This data was transformed into
JavaScript Object Notation Lines (JSONL) files at the utterance level.

Sensor_Video

We recorded the upper body of the call agents as an “.mp4’ file, which was recorded at 30 frames per second (FPS). From
the videos, we extracted features relevant to emotion and stress detection (i.e., head movements, lip and eye movements)
from face landmarks®® °® utilizing OpenCV and MediaPipe. We extracted Mediapipe face_detection and face_mesh functions
(confidence = 0.7) to extract 468 landmarks on the face. From each frame, the following features were extracted based on facial
landmarks. If a frame was not successfully read or facial landmarks could not be detected, feature extraction was not performed.
Nevertheless, a timestamp was generated for every attempted frame regardless of detection success. An error_type column was
introduced to indicate the outcome of each detection attempt, with values defined as follows: 0 for success, 1 for failure to read
the frame, and 2 for failure to detect the face and landmarks. We obtained rotation and translation vectors (3 x 1 matrices)
from detected landmark points, as well as the total translation computed from the translation vectors. We determined eye-blink
events between frames using the Eye Aspect Ratio (EAR), calculated from six landmarks around each eye. To estimate eye
gaze direction, we extracted data from four iris landmarks per eye with reference to the facial center. For lip corner movements,
we computed relative positions of a landmark at the left and right corners of the mouth with respect to the facial center (i.e., a
point of the nose tip). All extracted data were stored in a dictionary structure and saved as a pickle file (video.pkl).

Data Records

The dataset is available at EmoWork®’. We collected a multimodal dataset from each session (Table 4). A total of 31 call
agents (24 female, 7 male) data were collected, and the information about the participants is summarized in Table 5. EmoWork
consists of subfolders: META, SENSORS, LABELS, and CSV.

META
The META folder includes helpful information to understand the collected dataset and facilitate further analysis, which has the
following files:

e meta.csv: Pnum (subject number), Order_type (0: C1-C2-C3, 1: C1-C3-C2), Actor (subject number of customer),
Actor_sex (M: Male, F: Female).

 pre_survey.csv: Pnum (subject number), Sex (0: Male, 1: Female), Age, Education level (0: high school, 1: above
bachelors degree), Dominant hand (0: right, 1: left), Career (as a call agent, years), and responds to each questionnaire



for PHQ-9 (nine questions), PSS (ten questions), PPC (18 questions), BFI-15 (15 questions), RSE (ten questions), and
SWLS (five questions).

post_survey.csv: Pnum (subject number), Reality of scenario (0: no, 1: yes), Reality of scenario (7-point Likert-scale),
B1 relaxed (O: no, 1: yes), B2_relaxed (0: no, 1: yes), B3_relaxed (0: no, 1: yes), Stress in C1 (7-point Likert scale),
Stress in C2 (7-point Likert scale), Stress in C3 (7-point Likert scale), Stress from environmental setting (7-point Likert
scale), and Stress from wearable device (7-point Likert scale).

B2_script_korean.txt: The Korean script used for baseline 2 measurement.

B2_script_english.txt: The English script translated from the Korean script.

call_script.jsonl: A dyadic script in both Korean and English transcribed from the STT output call audio. Each line follows
data schema of “participant_id’ (i.e., pnum), ‘scenario’ (i.e., condition), ‘speaker’, ‘turn’, ‘speaker_turn’, ‘script_kor’,
‘script_eng’. Only the value of turn and speaker_turn are saved as integers, and others as strings.

LABELS

The LABELS folder contains labels.pkl, which include momentary stress, arousal, valence, and emotional workload (i.e.,
suppression) during each call. The file follows a hierarchical structure where each participant (i.e., pnum) contains conditions
(C1, C2, C3), and each condition stores labels (stress, arousal, valence, suppression) as keys, and with self-reported data with a
timestamp as values stored as a dataframe. The mean interval between perceived stress records was 101.6 ms (SD = 7.5, Min =
100, Max = 381) ; suppression was 101.6 ms (SD = 7.7, Min = 100, Max = 331) ; arousal and valence were 102.3 ms (SD = 6.5,
Min = 101, Max = 368)

SENSORS

The SENSORS folder contains audio.pkl, sensor.pkl, and video.pkl. All files have the same hierarchical dictionary structure,
where each participant (pnum) contains different conditions (B1, B2, B3, C1, C2, and C3). Table 6 describes the details of all
extracted features.

Sensors The sensor.pkl contains data from Muse S, Empatica E4, Polar H10, and Galaxy PPG. Under each condition (e.g.,
C1), there are subdictionaries with keys from muse, e4_acc, e4_bvp, e4_ibi, e4_eda, e4_temp, Polar_ecg, Polar_hr, Polar_rr,
Galaxy_ppg. Under each sensor as a key, there is data with a timestamp as a dataframe. The codes to check each data included
in the supplied code.

* Muse S: Muse contained four electroencephalogram (EEG) signals from temporal posterior (TP) 9, anterior frontal (AF)
7, AF8, and TP10 in the international EEG 10-10 system placement with a timestamp. The total amount of expected
muse data was 8,877,167, and the actual data points are 8,750,751 (1.42% difference). The actual data points include
256 duplicate timestamp data points with different values of EEG data. 27 among 186 sessions (six conditions from 31
participants) had abnormal intervals (e.g., over 10 milliseconds). Four participants in B1 (P1, P9, P18, P30), six in B2
(P1, P10, P15, P17, P22, P25), five in B3 (P9, P17, P19, P22, P29), three in C1 (P1, P16, P17), four in C2 (P12, P21, P26,
P30), and five in C3 (P4, P8, P9, P14, P26) Also, EEG was recorded in C1 of P13, with a notably shorter duration (95.57
seconds) compared to other sensors, which typically recorded over 200 seconds.

Empatica E4: As each sensor has a different interval, data from the Empatica E4 were saved separately in ‘e4_acc,’
‘ed_eda,” ‘e4_temp,” ‘e4_bvp,’ and ‘e4_ibi’. e4_acc contained accelerometer (ACC) data from the X, y, and z axes with a
timestamp from the ACC sensor, e4_eda contained electrodermal activity (EDA) with a timestamp from the EDA sensor,
and e4_temp contained temperature (Temp) with a timestamp from the optical thermometer sensor. e4_bvp contained a
blood volume pulse (BVP) with a timestamp, and e4_ibi contained an interbeat interval with a timestamp from a PPG
sensor. We had one session which does not have all the data from E4 (B2 of pnum 25). We examined their intervals to
confirm the amount of data based on its frequency. The difference between the expected data point and the actual data
point was less than 0.1% in ‘e4_acc,” ‘e4_eda,” ‘e4_temp,” and ‘e4_bvp’. However, ‘e4_ibi’, the calculated heartbeat
interval (ms) provided by the device from the BVP signal, was not collected well. According to the company’s guidelines,
IBI data can be extracted assuming a clean BVP signal. Therefore, we include BVP data and IBI data collected from
PPG signals in our public data for future researchers to utilize, but exclude them from technical validation.

Polar H10 Due to the difference in the intervals of records, we saved data from the Polar H10 separately in Polar_ecg,
Polar_hr, and Polar_rr. Polar_ecg contains ECG data with a timestamp, Polar_hr contains HR data with a timestamp, and
Polar_rr contains RR interval data with a timestamp.



Audio The audio.pkl contains the prosodic features extracted from customer-only.wav and worker-only.wav. For portability, a
CSV mirror of .pkl is provided and documented in . No raw audio is included in the public release. Baselines were collected
from the worker only in ‘b2’. ‘c1,” ‘c2,” and ‘c3’ store the data in a dictionary structure with separate key values for workers and
customers. The dictionary uses the numeric keys 1 (worker) and 2 (customer), each of which maps to a dataframe consisting of
timestamps, FO, energy, ZCR, voiced flag, MFCCs (1-13), and spectral features (i.e., centroid, bandwidth, roll-off, minimum
roll-off, and contrast). Since all participants had complete audio recordings, no missing data were found. However, for P1
and P2, the baseline was measured for only one minute, resulting in approximately one minute of data, whereas for all other
participants, it was measured for two minutes.

Video The video.pickle and video folder in CSV folder contains extracted features data from video.mp4 files. The extracted
video data were stored in a subject- and condition-specific dictionary structure, consistent with other sensor data. Each key of
‘cl;” ‘c2,” ‘c3’ has the value of a data frame including timestamp, rotation_x, rotation_y, rotation_z, translation_x, translation_y,
translation_z, total translation, blink, gaze_x, gaze_y, left lip corner movements, right lip corner movements, and error type. A
total of 395 minutes of video were collected from 31 participants. The expected number of data points was 711,000 (395 x
60 s x 30 FPS), and the actual number of data points was 710,738 (difference: 0.0004%) Among the collected data points,
1.88% of the data points had a missing value due to error type 2 (failure to detect faces and landmarks). Individuals had an
average missing value of 1.75%. Nine participants with a higher than average percentage of missing data exhibited behaviors
that interfered with automatic detection. It is inferred that certain behaviors caused the failure to detect faces or landmarks,
such as wearing glasses that reflected light (P25, P29, P2, P19); ducking the face (P5, P6, P7), covering the mouth with a hand
or holding the microphone (P20, P22), or being so close to the screen that only part of the face was captured in the image (P7).

Ccsv

To improve portability and random access, we decomposed each original pickle file into a folder with files of “.csv’ layout that
preserves the original hierarchy. As described in Figure 4, each key in the original pickle file now corresponds to a folder inside
the CSV folder. All final-level dataframes are stored as individual “.csv’ files in the original pickle hierarchy. For example,
LABEL[1][*c1 ][ stress’], previously a pandas dataframe, is now stored as LABEL/1/cl/stress.csv.

* LABEL_csv (from label.pkl): Multiple nested keys in the original structure (participant — condition — labels) are
provided separately as each csv file per participant, condition (i.e., C1, C2, C3), and label type. The results yield a total
of 372 files (31participants > 3scenario x 4labels = 372).

* VIDEO_csv (from video.pkl): Each participant has 3 conditions (i.e., C1, C2, C3), resulting in 93 files in total
(31participants x 3conditions = 93)

¢ SENSOR_csv (from sensors.pkl): For 19 among 31 participants, each has data from 6 scenarios (i.e., B1, B2, B3,
C1, C2, C3) and 10 sensor types. For 12 among 31, data include 9 sensor types per scenario; one is missing from
Galaxy PPG. This results in a total of 1,788 CSV files ((19participants < 6conditions < 10sensors) + (12participants %
6conditions < 9sensors) = 1,788).

« AUDIO_csv (from audio.pkl): Each participant has 3 conditions (i.e., C1, C2, C3) with 2 audio channels (i.e., worker
and customer). Additionally, there is one more record per worker in one of the baseline conditions (i.e., B2). In total, this
results in 217 files ((31participants > 3conditions < 2channels) + (31participants < 1conditions x 1channels) = 217).

Technical Validation

Simulation Fidelity Assessment

We check ecological validity with evidence that the laboratory scenario resembles real call-center work using the post survey on
simulated scenarios. After each session, agents completed a brief post-experiment questionnaire including (1) a binary realism
item and (2) a 7-point similarity item (1 = not at all similar, 7 = very similar) regarding resemblance to real work. On the
binary item, 29 of 31 call-center agents (93.5%) indicated that the scenarios were realistic. On the 7-point item, agents rated the
scenarios as similar to real work (M =5.90, SD = 1.40). These results suggest a reasonable level of simulation fidelity.

Self-Reported Scale Distribution Analysis

We verify that the experimental manipulation (i.e., normal complaint, shouting, swearing) is reflected in self-reported affective
measurements, supporting the validity of the condition and any derived labels for modeling. Moreover, as the other data
descriptor presented the information of annotated data®, these analyses provide an intuitive understanding of perceived metrics.
Therefore, we summarized condition-wise distributions for stress, emational workload, valence (1 = negative, 9 = positive), and
arousal (1 = calm, 9 = aroused). Figure 5 shows the distributions and episode-level traces. Stress increased across conditions



(normal: M = 4.29, SD = 4.19; swearing: M = 10.86, SD = 6.38; shouting: M = 14.08, SD = 6.05). Emotional workload
showed a similar increase (normal: M =5.29, SD = 5.13; swearing: M = 11.03, SD = 6.43; shouting: M = 13.01, SD = 6.51).
Valence decreased (hormal: M = 4.63, SD = 1.69; swearing: M = 2.86, SD = 1.60; shouting: M = 2.45, SD = 1.58), while
arousal increased (normal: M =4.39, SD = 1.76; swearing: M =5.25, SD = 2.07; shouting: M =5.86, SD = 2.25). The traces
demonstrate momentary variation within episodes consistent with the manipulation.

Time-synchronization

We collected multimodal data from multiple devices; thus, it should be ensured that multimodal streams recorded on different
devices are time-aligned for valid cross-modal data analyses?®. Devices were synchronized to Coordinated Universal Time
(UTC), but the time to start recording was inconsistent. Therefore, for each participant and condition, we verified that device
streams shared a common time range, defined as the intersection of their start and end timestamps. We define the overlap ratio
as the duration of the common time interval divided by the minimum device-specific interval within a session. In results, across
phone-call intervals, the integrated data duration averaged 225.46 seconds (SD = 21.36; min = 95.57; max = 273.54), indicating
consistent session lengths appropriate for multimodal alignment, with verified overlap across devices for overall sessions.

Dataset Validation using Machine Learning Models

As many recent data descriptors use the machine learning models and deep learning models to validate the utility of the data
records?’-31:59, we trained machine learning models to classify (1) workload intensity based on interaction condition and (2)
perceived affect states from multimodal signals. Here, we aim to demonstrate the presence of learnable signals for checking
data quality and reusability, not a benchmarking or hypothesis-testing exercise.

We formulated two tasks. 1) Condition classification: normal conversations were labeled as low-intensity workload (0)
and shouting/swearing as high-intensity (1); 2) Perceived affect classification: we derived binary target labels for perceived
stress, emotional workload (i.e., suppression), arousal, and valence from self-reported ratings via participant-specific thresholds
(per-variable mean). We used audio-derived features; E4 temperature, EDA, and ACC; Polar H10 ECG; and Muse S EEG.
Preprocessing (normalization, filtering, feature extraction) was fitted on training folds only and applied to the held-out fold to
avoid leakage; processed multimodal features were then integrated for modeling. Classifiers included Random Forest (RF),
eXtreme Gradient Boosting (XGBoost)®!, Decision Tree (DT)%2, Support Vector Machine (SVM)®3, and k-Nearest Neighbors
(kNN)®, commonly used in affective computing?’-28:65_ Evaluation used Leave-One-Subject-Out (LOSO; N = 31) to estimate
subject-independent generalization.

Summary metrics are reported in Table 7 for task 1 and Table 8 for task 2. We report the mean of AUC, accuracy, F1-score,
Precision, and Recall with standard deviation across held-out participants. Figure 6 shows per-participant performance by
model for task 1. RF achieved a mean AUC of 0.946 across LOSO folds, with lower values concentrated in a small subset
of participants (IDs 25-29); a similar pattern was observed for other algorithms (Table 7). In our protocol, each participant
interacted with one of four actors (e.g., P25—-P27 with Actor 3; P28—P29 with Actor 4). Because a single actor delivered all
conditions for a given participant, part of the between-subject variance likely reflects actor-specific delivery as well as personal
differences. Users building general models may consider including actor identity or conducting actor-robust validation. For
task 2, participants with single-class outcomes due to highly skewed ratings were excluded (stress: P22, P28; suppression: P28,
P30; valence: P1).

Usage Notes

The archive is released under a controlled-access policy, because several data components (i.e., high-resolution physiological
signals, obfuscated voice/video features) contain indirect identifiers and other sensitive fields. Researchers wishing to use the
data should carefully read the guidelines in Zenodo, then 1) download the EmoWork_DUA . pdf, 2) complete the data-usage
agreement that specifies research purpose, storage safeguards, and a commitment to non-re-identification, and 3) submit a request
on Zenodo. Requests are typically processed within several working days. (For peer reviewers of this manuscript, we prepared
a separate repository in Google Shared Drive and attached a way to access data in EmoWork _How_to_access.pdf.)

Handling Incomplete Audio and Video Segments

Audio baseline. The baseline assessment before conversation was designed to last 2 min; however, two of the 31 participants
recorded only the first 60 s. We suggest three possible handling strategies. First, users may use a standardized 60 s baseline,
because all recordings share the same temporal anchor (start at t = 0). Second, users can just use data without a baseline and
focus on relative changes between conditions. Lastly, the other possible strategy is excluding these two participants (strict
subset). Users should report the selected option and any related sensitivity analyses. Video features. We provide an error_type
flag that distinguishes no error, face-detection failure, and feature-extraction failure. By default, we suggest discarding frames
flagged as error_type success (0) and dropping windows whose missing-data rate exceeds a defined threshold. For



continuous kinematic features (e.g., gaze or lip-corner movement), interpolation or smoothing (e.g., Kalman filtering®®) can be
applied, while imputation of discrete outputs is discouraged. Users should report the selected option and any related sensitivity
analyses.

Possible Applications

This multimodal dataset was collected in a specific work scenario involving call agents under emotional workload, requiring
them to suppress negative emations and express positive emotions during voice-based customer interactions. It includes a
package of labels measured by Likert-scale (i.e., emotion, stress, and emotional workload) suited for a specific context, along
with multimodal data readily obtainable in everyday environments. Therefore, in the call-center domain, the data can be used
in realizing many applications, such as employee training systems with simulated customers to help new employees practice
emotional regulation in difficult calls; operational monitoring to identify high-workload episodes during voice-only customer
service; and just-in-time interventions that utilize the results of automatic assessments for coaching or enhancing workers’
well-being. With appropriate domain adaptation, the dataset can inform real-time psychological state monitoring to adjust
task difficulty in mission-critical teams training (e.g., flight or space crews®’ and military training®®) that involve scenario
dynamics under high mental workload and voice-based communication. It may also extend to other public-facing professions
that routinely manage emotionally demanding interactions (e.g., flight attendants and frontline public-service staff). The
dataset can also be used to develop toolkits (e.g., Han et al.®?) for assessing and validating algorithms that classify perceived
stress, emotions, and emotional workload. Furthermore, this dataset can be used for privacy-preserving technologies such as
encryption on physiological signals, as well as for educational purposes (e.g., signal data preprocessing example).

Limitations

This dataset is limited to data collected from a single country (i.e., South Korea), which may not reflect cultural diversity in
emotional responses (e.g., body language) that are highly correlated with culture’® 1. The audio data for prosodic features is
also language-dependent data’®. Therefore, caution is required when applying this dataset to the groups that have different
cultural backgrounds. Beyond the cultural aspect, the sample size is relatively small (N = 31), and the sex distribution is
imbalanced (7 males). Although such an imbalance is common in the South Korean call-center industry®’, it may still restrict the
generalizability of analyses even within the same cultural context, given the potential influence of sex differences in emotional
labor”®. Other demographic characteristics (e.g., age, career, and organization type) are also limited in diversity, which further
constrains the dataset’s representativeness of the broader call center workforce. Separately, issues of data accessibility and
completeness should also be noted. Specifically, the public release contains only extracted features from audio and video data
without raw recordings, which may limit the reusability of the data for studies requiring access to the original audio signals.
Within the audio modality, two participants’ baseline audio segments were shorter than planned (60 s instead of 2 min). Within
the video modality, some features are incomplete due to occasional frame or face detection failures because of challenges
inherent to naturalistic recording environments (e.g., reflections from glasses, facial occlusion, or movement). For audio and
video features, users should consult the Usage Notes for recommended handling procedures. Finally, in the technical validation,
the label encoding used in technical validation focused on balancing label distribution, without considering the meaning of
arousal and valence itself. Future studies may incorporate these meanings in accordance with their specific objectives.

Data Availability

All data supporting this data descriptor are archived on Zenodo at version DOI https://doi.org/10.5281/zenodo.17513978
(concept DOI https://doi.org/10.5281/zenodo.15181219), with the current public release v3 under the CC BY-NC-ND 4.0
license. The archive provides participant-level metadata; continuous self-report traces sampled at 100 ms (suppression, stress,
arousal, valence) as labels for classification; synchronized features derived from Polar H10, Empatica E4, and Muse S; audio-
and video-derived features; and bilingual dyadic transcripts (Korean originals with English translations). Tabular components
are available in “.csv’ for portability, and a consolidated pickle archive is retained for convenience. Transcripts are provided
in “.jsonl’. For privacy reasons (re-identification risk), raw audio and raw video are not shared. Access is controlled; the
application workflow and usage restrictions are described in the Usage Notes. Please cite the dataset as Reference®’; future
updates will appear as new versions under the same concept DOI.

Code Availability

The code for using this dataset is accessible via GitHub (https://github.com/Kaist-1CLab/EmoWork.git). It includes basic
code to explore data records and is to be used for technical validation. In requirements.txt, all required libraries (e.g.,
cvxEDA") are included. All details are documented with step-by-step comments in the repository.
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Figure 6. Area Under the Curve (AUC) scores for each test dataset (i.e., participant) across five machine learning models to
classify experimental condition (low emotional workload vs. high emotional workload): Random Forest, Support Vector
Machine (SVM), XGBoost, k-Nearest Neighbors (kNN), and Decision Tree.



Dataset Condition Collected Data Type Self-reported Labels (frequency) Participants
DEAP2! ) L Physiological data (EEG, EDA, BVP, RESP, . .
(2012) Stimulus (watching videos) TEMP, EMG, EOG) SAM and liking (after each stimulus) 32
SWELL- . .
KW2 Scena_rlo (conducting tasks Physiological data (ECG, EDA) NASA-Task Load Index, SAM, stress 25
(2014) of typical knowledge work) (after task)
DECAF? Stimulus (watching videos) Physiological data (MEG, hEOG, ECG, Arousal and valence (after each stimu- 30
(2015) 9 tEMG), Behavioral data (facial video) lus)
ASCERTAINZ  Stimulus (watching movie  Physiological data (ECG, EDA, EEG), Be-  Arousal, valence, engagement, liking, 58
clips avioral data and familiarity (after each stimulus
2016 li havioral data (ACC d familiarity (aft h stimul
DREAMER?*  stimulus (watching film - .
(2018) clips) Physiological data (EEG, ECG) SAM (after each stimulus) 23
WESAD? Stimulus (watching videos,  Physiological data (ECG, EDA, EMG, RESP,  PANAS, STAI, SAM, SSSQ, and four 15
, , Behavioral data affect questions (5 times per session
2018 TSST TEMP, BVP), Behavioral data (ACC ff i 5 ti i
K-EmoCon®? Scenario (naturalistic con-  Physiological data (EEG, ECG, BVP, EDA,  Arousal, valence, affective categories 3
versation , Behavioral data continuous annotation per 5 seconds
2020 i TEMP), Behavioral data (ACC i i 5 d
SAM, liking, familiarity, self-
AMIGOS? . S S assessment level, and Ekman’s basic
(2021) Stimulus (watching videos)  Physiological data (EEG, ECG, EDA) emotions (before and after each 40
stimulus)
- Physiological data (EEG, BVP, HR, EDA, . . .
26 -
(Ezn(;gg)mtlon Stimulus (watching films) skin Temperature), Behavioral data (ACC, L’:lllunsg emotions, SAM (after each stim 43
and GYRO, and the upper-body videos)
FACED? ) o S Nine emotions, arousal, valence, famil-
(2023) Stimulus (watching videos)  Physiological data (EEG) iarity, liking (after each stimulus) 123
UAV3L Scenario (cue-based con-  Physiological data (EEG), Behavioral data  Arousal and valence (after each conver- 42
(2024) versation scenario) (audio and video recording) sation)
Scenario (dyadic conversa- Physiological data (EEG, ECG, BVP, EDA, Arousal, valence, stress, and emotional
EmoWork Y TEMP), Behavioral data (ACC, features from  workload (continuous annotation per 31

tion in call center)

audio, features from video)

100 ms)

Table 1. Open datasets collected in lab environments for affective computing. This table summarizes publicly available
datasets for studying affective computing, categorized by experimental conditions (stimulus-based or scenario-based). It
includes the types of physiological and behavioral data collected, self-reported labels, and the number of participants for each
dataset.

Reference

Gabriel and Diefendorff3®

Measurement Questions Metric

Suppression To what extent did you try to suppress your emotion at that moment?  20-point Likert scale

Stress How much did you get stressed at that moment? 20-point Likert scale Gabriel and Diefendorff3®
?
Avrousal How do you feel‘ at the moment? . , 9-point Likert scale Russell™
(Arousal means ‘immediate feeling of excitement vs. calmness’)
i ?
Valence How did you feel at that moment? 9-point Likert scale Russell”™

(Valence means ‘immediate feeling of negative vs positive’)

Table 2. Questions and rating scales for self-reported labels acquisition.



Survey

Measurement

# of items reponse

Korean Adaptation

PHQ-9 (Patient Health Questionnaire-9)*°

PSS (Perceived Stress Scale)*!

PPC (Positive Psychological Capital Questionnaire)*2

BFI (Big Five Inventory)

RSE (Rosenberg Self-Esteem Scale)**
SWLS (Satisfaction with Life Scale)*®

Depressive symptoms
Perceived stress

Self-efficacy, hope, optimism, and
resilience

Five Personality traits (Openness,
Conscientiousness, Extraversion,
Agreeableness, Neuroticism)

Global self-esteem

Cognitive life satisfaction

9 items; 4-point Likert
10 items; 5-point Likert

18 items; 6-point Likert

44 items; 5-point Likert

10 items; 4-point Likert
5 items; 7-point Likert

Park et al.”®

Leeetal.’””

Lim™

Kim et al.*6

Leeetal.”®

Lim&

Note. All questionnaires used in this study were based on validated Korean translations of the original instruments. In particular, personality traits were

measured using the 15-item Korean version of the Big Five Inventory (K-BFI-15).

Table 3. Summary of psychological survey instruments used in the study and their validated Korean adaptations.

Role Device Sampling Data B1 B3 C1 C2
Rate
Audio derived features with a time-window size of 25 ms
Customer, Jabra Biz 2300 44.100 Hz and a 10 ms sliding window . o o
Worker USB MS Mono ' (FO, Energy, ZCR, voiced-flag, MFCCs, spectral centroid,
spectral bandwidth, roll-off, roll-off min, spectral contrast)
Worker Logitech C270 30 EPS Video derived features (head movements, lip movement, X X o o
and eye movements)
Worker Muse S 256 Hz EEG (TP9, AF7, AF8, TP10) 0 0 0 0
Worker Polar H10 130 Hz ECG, heart rate, RR-intervals 0 0 0 0
BVP (64 Hz)
. EDA (4 Hz)
Worker Empatica E4 Temp (4 Hz) BVP, EDA, Temperature, and ACC (X,y, and z) 0 0 0 0
ACC (32 Hz)
Worker E-Prime 3.0 5-10 Hz Self-reported labels (stress, arousal, valence, and X X o o

suppression)

Table 4. Summary of dataset. Audio and video data are provided as derived features, while other sensor data are shared in
their raw form as originally collected from each device. During baseline measurements, audio data were recorded only from the
worker in B2. Video data and self-reported labels were only collected from C1, C2, and C3. E-prime 3.0 is software installed

on a laptop.
Category Distribution
Sex Female = 24, Male =7
Education Graduated from high school = 19, Graduated from college or university = 12

Dominant hand

Age (year)

Career (year)

PHQ-9
PSS
RSE
SWLS

Right = 30, left =1

Average = 36.19 (SD = 11.38)

No depression = 19, Light depression = 9, Moderate depression = 3, Moderately severe depression = 0, Severe depression = 0

Average = 3.29 (SD = 2.49)

Low stress = 10, Moderate stress = 18, High stress = 3

Low self-esteem = 4, Normal = 22, Above normal =5

Extremely dissatisfied = 1, Dissatisfied = 7, Below average = 8, Average = 7, Highly satisfied = 7, Very highly satisfied = 1

Table 5. Demography information of participants. This table presents the demographic distribution of participants, including
sex, education level, dominant hand, age, and career length as call agents. Additionally, it summarizes psychological measures
such as depression (PHQ-9), perceived stress (PSS), self-esteem (RSE), and life satisfaction (SWLS). All questionnaires for

each measurement and information for calculation is included in shared code.



Sensor Data Unit Definition
Audio FO Hz Fundamental frequency (63 Hz-2,093 Hz, librosa.pyin), null =0
Audio Energy - Root mean square of energy (librosa.feature.rms)
Audio ZCR - Rate of zero crossings in the signal (librosa.feature.zero_crossing_rate)
Audio \Voiced Flag Oorl Binary indicator for detected fundamental frequency (63 Hz—2,093 Hz, librosa.pyin)
Audio MECCs 1-13 ) 13 mel—frequt_ency cepstral coefficients representing timbre (librosa.feature.mfcc, Hamming
window applied)
Audio Spectral Centroid Hz Cent'er of mass of the spectrum (librosa.feature.spectral_centroid, Hamming window
applied)
Audio Spectral Bandwidth Hz Spread_ of fr_equenmes qround the spectral centroid (librosa.feature.spectral_bandwidth,
Hamming window applied)
i 0, i i i i-
Audio Roll-off Hy Frequency below which a 99% of Ehe total signal energy is contained (li
brosa.feature.spectral_rolloff, roll percent = 0.99)
. 0 . . . .
Audio Roll-off min Hz Frequency below which a 1% of tt\e total signal energy is contained (li
brosa.feature.spectral_rolloff, roll percent = 0.01)
Audio Spectral contrast - Difference between spectral peaks and valleys (librosa.feature.spectral_contrast)
Video Rotion_x, y, z radian 3 Rodrigues rotation vectors from head movemenets (cv2.solvePnP)
. . 3D translation (or shift) between the world coordinate system and the camera coordinate
Video Translation vector_x, y, z -
system (cv.solvePnp)
Video Translation vector_total - Absolute distance of face from camera
Video Blink ) A binary flag indicating a change in EAR (Eye Aspect Ratio). If one of the eyes” EAR was
below 0.3 in the previous frame and is 0.3 in the current frame, set to 1; otherwise, 0.
Video Gaze X . Relative horizontal position of the iris center with respect to the nose tip (nose tip: landmark
1, leftiris: 474, 475, 476, 477, right iris: 469, 470, 471, 472)
Video Gaze Y } Relative vertical position of the iris center with respect to the nose tip (nose tip: landmark
1, left iris: 474, 475, 476, 477, right iris: 469, 470, 471, 472)
Video Left Lip Corner - absolute distance of lip corner from the nose tip (nose tip: landmark 1, left lip corner: 61)
Video Right Lip Corner ) gl;slc))lute distance of lip corner from the nose tip (nose tip: landmark 1, right lip corner:
- type of feature extraction results (0 : success, 1: fail to read frame, 2: fail to detect face
Video Error type -
and landmarks)
Muse S TP9 nv electroencephalogram (EEG) signals from temporal posterior on the left side
Muse S AF7 uv EEG signals from anterior frontal on the left side
Muse S AF8 uv EEG signals from anterior frontal on the right side
Muse S TP10 uv EEG signals from temporal posterior on the right side
Polar H10 ECG uv Electrical activity of the heart, captured using electrocardiography
Polar H10 Heart Rate (HR) BPM Number of heartbeats per minute
Polar H10 RR Intervals ms Time interval between consecutive R-wave peaks in the ECG signal
E4 EDA us Electrodermal activity, measuring skin conductance as an indicator of physiological arousal
E4 BVP - Blood volume pulse, measuring cardiovascular activity
E4 IBI ms Interbeat interval, the time between successive heartbeats
E4 Skin Temperature °C Temperature measured at the skin surface
E4 Acceleration m/s? 3-axis accelerometer data capturing wrist movement

Table 6. Types of sensor and data definition. This table provides an information on the collected data, including sensor type,
data type, measurements units, and definitions for each feature. In case of extracted features such as audio and video,

information on the functions are also provided.



Models AUC (std) Accuracy (std) F1-score (std) Precision (std) Recall (std)
RandomForest 0.946 (0.110) 0.868 (0.150) 0.891 (0.165) 0.890 (0.122) 0.923 (0.192)
SVM 0.914 (0.100) 0.840 (0.107) 0.875 (0.108) 0.881 (0.081) 0.884 (0.143)
XGBoost 0.903 (0.172) 0.838 (0.163) 0.871 (0.178) 0.858 (0.155) 0.926 (0.197)
kNN 0.770 (0.098) 0.747 (0.073) 0.822 (0.061) 0.773 (0.058) 0.884 (0.093)
DecisionTree 0.751 (0.159) 0.768 (0.145) 0.814 (0.139) 0.837 (0.121) 0.822 (0.191)

Table 7. Technical validation of dataset using five basic machine learning models. The reported values are the average
performance across all test sets, and the standard deviation (std) indicates the variation among the test sets.

Models Stress (mean)  Stress (std) Suppress Suppress Valence Valence Arousal Arousal
(mean) (std) (mean) (std) (mean) (std)
RandomForest ~ 0.783 0.132 0.739 0.115 0.745 0.166 0.649 0.117
SVM 0.731 0.098 0.677 0.102 0.690 0.113 0.612 0.085
XGBoost 0.732 0.165 0.718 0.172 0.713 0.169 0.637 0.173
kNN 0.645 0.105 0.586 0.063 0.609 0.102 0.541 0.064
DecisionTree 0.567 0.141 0.581 0.101 0.560 0.147 0.542 0.081

Table 8. Summary of classification results of perceived stress, suppression, valence and emotion using five basic Machine
Learning Models (AUC).
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Figure legends

Figure 1. The room to collect data from call agents consisted of two spaces: a monitoring and data collection space. In the
data collection space, the webcam and headset were wired to a desktop. Muse S sent signals to a desktop, Polar H10, and
Empatica E4 sent signals to each assigned mobile device via Bluetooth. The call agents wore a headband (i.e., Muse S), headset,
wristbands (i.e., Empatica E4 and Galaxy Watch 5), and a chestband (i.e., Polar H10).

Figure 2. After scenario-based sensor data collection, call agents performed self-reported labeling in the order of suppression
(i.e., emotional workload), stress, and emotion (i.e., arousal and valence) through retrospective listening to the calls. They
listened to the same calls three times for each labeling process. While listening to the calls, they moved the mouse cursor on the
guided images to answer each question. We used an image of a slider with an anchor value ranging from 1 to 20 (20-Point
Likert-scale) that moved with the cursor for suppression and stress labeling, and utilized an image of a two-dimensional space,
which represents arousal and valence along each axis with values ranging from 1 to 9 (9-Point Likert-scale) for emotion labeling.
The order of calls was identical to that in the sensor data collection.

Figure 3. The experiment consisted of three phases: (1) baseline measurements (B1-B3), (2) the main phase involving
three customer interaction calls (C1-C3) under varied emotional conditions, and (3) retrospective self-reported data collection
for suppression, stress, and emotion.

Figure 4.Each .pkl is decomposed into a portable folder (CSV hierarchy: dictionary keys map to subfolders, and each
leaf-level dataframe is saved as an individual csv. Arrows indicate the mapping)

Figure 5.The top row shows kernel density plots of arousal and valence ratings.in each condition (Normal, Shouting,
Swearing). The bottom row illustrates violin plots of perceived stress (left) and suppression (right) for each condition. Compared
to the Normal condition, Shouting and Swearing conditions elicited higher stress, suppression, and arousal with lower valence.

Figure 6. Each bar represents the average AUC over cross-validation folds for a single participant, sorted in ascending
order per model. Substantial interpersonal variability was observed in model performance in the data from some participants.
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