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Abstract

Call agents, a representative group of emotion workers, must man-
age emotions under constrained autonomy, yet workplace stress
sensing has primarily centered on knowledge work. We ask how
the task-aligned cycle of emotional labor, alternating customer in-
teraction (CI) and non-customer interaction (nCI), shapes stress
and how it manifests in data. We conducted a month-long in-the-
wild formative mixed-methods study with professional call agents,
collecting structured task logs, environmental and behavioral sig-
nals, and per-call stress self-reports, followed by semi-structured
interviews. Task logs, used as a new sensor modality, were incor-
porated as primary sensing signals, and task-related features were
extracted by respecting CI boundaries for modeling. Our results
showed that a short 5-minute windowing approach was compa-
rable to task-aligned windowing using multimodal sensors, with
task-related features being considered the most important across
all generalized models. Personalized models improved further and
shifted importance toward diverse data sources, revealing individ-
ual differences in preparation patterns. Interviews support those
findings, reveal key modelling challenges, and highlight potential
benefits of semi-automated self-tracking. We discuss implications
for timing interventions at breakpoints suited for work patterns,
and ethically deploying stress support for emotion workers.
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1 Introduction

Emotion workers perform critical roles in the service industry (e.g.,
call centers, flight attendants, and sales persons) by managing emo-
tions as part of their job functions [40]. They are required to express
emotions as display rule needed for the organization while interact-
ing with customers, a process referred to as emotional labor [32].
Call agents are prime examples of emotion workers, frequently per-
forming emotional labor in their interactions with customers. As
the initial point of contact in call centers, with a market size valued
at USD 29.44 billion globally in 2024 [1], they play a pivotal role
in facilitating customer interactions effectively. They are expected
to resolve customer issues on time and ensure customer satisfac-
tion [24], often under the constraints of limited autonomy and low
agency to address issues independently [70]. These constraints,
along with the emotional labor inherent in their roles, constitute a
primary source of job stress.

Repeated exposure to emotionally demanding interactions with
customers significantly contributes to the mental stress of call
agents [99]. The sustained emotional labor gradually depletes a
worker’s mental resources, serving as a significant contributor to
chronic stress. They endure dozens of emotionally taxing and men-
tally draining interactions daily, which exert detrimental effects on
their physical and mental health over the long term [82]. A study
conducted by Cornell University in 2017 reported that 87% of call
agents experience high levels of stress [24], which leads to risks
such as low job satisfaction and mental health issues (e.g., chronic
stress and depression). Given the high level of stress and associated
risks they face, effective strategies are necessary to protect them
from excessive stress and enhance their well-being.
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Data-driven stress monitoring systems have shown promise for
supporting workplace well-being [11, 28, 78]. However, most stud-
ies have focused on knowledge workers and relied on digital traces
(e.g., email logs [59], task logs [13], or generic wearable signals [42])
suited to unstructured, cognitively intensive tasks and time-fixed
sampling, which fail to capture the episodic, interpersonal nature of
call agents’ work. The workflow of call agents fundamentally differs
from that of knowledge workers. Their daily workflow alternates
between non-customer interaction (nCI) and customer interaction
(CI). nCI involves preparing for the next CI without display rules
and CI requires adherence to explicit display rules, which means
organizationally specified norms for emotional expression (e.g.,
maintain a warm and polite tone, express empathy for the caller’s
feelings, and avoid audible frustration). Therefore, employing static
time windows, which is the standard approach in data-driven re-
search for knowledge workers, risks misaligning these patterns and
blurring interaction-specific stress signals. Moreover, these cycles
generate structured task logs (e.g., call duration, inquiry records,
and conversation topics) that differ from knowledge-work traces.
These logs can provide valuable contextual information, such as
when stress may arise, how long it lasts, and under what interac-
tional conditions it occurs. Accordingly, we model after-call stress
at the episode level, treating each call and its immediately adja-
cent nCI and CI as the unit of analysis, aligning features and labels
to task boundaries, and elevating task logs to one of the sensing
signals.

We focus on this task-based cycle because of its theoretical sig-
nificance and its methodological advantages. Theoretically, this
cycle is not merely a workflow but the fundamental structure of
the agents’ lived experience, reflecting the distinct ‘front-stage’
(CI) and ‘back-stage’ (nCI) roles of service occupations [31]. These
transitions into different phases serve as powerful situational cues
that trigger specific psychophysiological shifts [32], making the
task cycle a meaningful unit of human experience, not just an
operational one. Practically, these natural breakpoints offer practi-
cal methodological benefits. They provide ideal moments for pre-
cise, in-the-moment self-reports, thereby enhancing data validity;
a meaningful unit for building analytical models that can capture
context-specific patterns; and opportune moments for designing
future, non-disruptive interventions [65]. Therefore, understanding
the temporal and structural nature of call agents’ stress by aligning
the analysis with these task segments is an essential step toward
designing effective strategies to protect them from excessive stress
and enhance their well-being.

Building on the need to understand stress in this unique context,
our study is guided by a central research question: How does the
task-aligned (CI and nClI) task cycle of emotional labor shape call
agents’ stress, and how are these dynamics reflected in call-center task
logs, multimodal data, and call-aligned self-reports? To answer this
question, we conducted a month-long, in-the-wild field study that
sequentially integrated quantitative and qualitative methods. First,
we collected multimodal data (i.e., task logs, environmental signals,
behavioral and physiological streams, daily baseline self-reports,
and call-aligned self-reports of stress) and analyzed them with a uni-
fied modeling pipeline. Here, task logs denote operational metadata
(e.g., call start/end timestamps, durations); we did not analyze call
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audio or transcripts. This pipeline systematically compared task-
aligned vs. fixed windowing, data-source composition (source-wise
ablations; with/without self-reports), and personalization schemes,
using modeling as a lens to surface patterns. Second, we conducted
post-study interviews and performed a thematic analysis to gain
deeper, contextual insights into call agents’ experiences. As a result,
this study makes the following contributions.

o We use task logs as primary sensing signals and demonstrate
that task-aligned (CI and nCI) features improve after-call
stress detection compared to other multimodal sensor data.
The performance difference between task-aligned and a 5-
minute window was minimal, while longer windows signifi-
cantly degraded performance, as they often spanned across
multiple calls.
We build and analyze a month-long, in-the-wild call-level
multimodal dataset and a unified modeling pipeline that
systematically compares windowing (task-aligned vs. fixed),
modality composition (source-wise ablations; with/without
self-reports), and personalization. We further quantify when
personalization overtakes a general model: in time-ordered
within-person splits, early folds underperformed or matched
the general model, while later folds surpassed it.

e We explain and qualify the modeling patterns with inter-
views showing why CI and nCI aligned feature extraction
helps, why per-person repertoires yield heterogeneous fea-
ture sets, and what lies beyond sensing coverage. From these,
we discuss implications for when to intervene, how to per-
sonalize, and how to safeguard against surveillance in de-
ployment.

2 Background and related works

2.1 Stress Sensing Using Sensor Data

In the HCI community, research has been conducted using mul-
timodal data in various settings (e.g., laboratories, daily life, and
driving) to detect stress and enhance individual well-being [27, 41,
45, 48, 78, 96]. Traditionally, stress detection involves collecting be-
havioral and physiological responses during stress-inducing tasks
(e.g., the Trier Social Stress Test) in laboratory settings to build
models for detecting stress states [86]. Stress assessments in uncon-
trolled, real-world environments are performed using physiological
responses [53] or self-reported perceived stress [50]. Physiolog-
ical stress responses, such as heart rate (HR), are considered an
objective method for defining stress states [53]; however, they only
measure immediate responses and fail to capture the cognitive
stress states that persist after the stress stimuli are removed [11].
In contrast, commonly used self-reported stress levels, in which
participants answer Likert scale questions about perceived stress,
have been considered the most conventional label data for cap-
turing the residual emotional and cognitive stress states after an
immediate physical response [41, 50]. To detect perceived stress
states, studies have explored data including computer interaction
data (e.g., keyboard typing [38]), physiological data (e.g., HR [64],
skin temperature [52], and skin conductance [52, 84]), behavioral
data (e.g., accelerometer [52, 84] and mobile usage [84]), and con-
text information that can influence stress (e.g., physical activity,
location, movement, and environmental data [87]). These data were
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used to develop classification models for automatically detecting
stress in real environments [48].

2.2 Stress Sensing at the Workplace in HCI

The workplace is a prominent context in which research on stress
sensing and related intervention systems is actively conducted,
because workplace stress is recognized as a significant problem
threatening individual and organizational well-being and incurring
costs that must be addressed [28, 42]. Studies on sensing workplace
stress typically utilize mobile devices and wearable devices, such
as arm bands [88], wristbands [83, 90], and chest bands [67], to
collect user data. These studies also integrate factors that reflect
the workplace environment, such as primary work behaviors (e.g.,
email usage or engagement in productivity tools), into their data
collection efforts [44, 59]. Also, they underscore the importance of
incorporating workplace-specific data and considering the broader
socio-technical context to ensure that such systems are effective [8,
21, 49].

However, existing sensor data research on workplace stress de-
tection or data sharing has predominantly focused on the limited
context of knowledge workers, such as information workers and
employees of high-tech companies [11, 59]. Therefore, both the
types of data collected and the collection protocols have been tai-
lored to the characteristics of their work environment [59, 66].
Type of computer-interaction logs, for example, are limited to their
task boundaries, and self-reported stress levels have typically been
gathered at random intervals [88]. Although the accelerating digital-
ization of industry is gradually extending stress detection research
to other high-stress risk groups (e.g., nurses [29], residents [97],
construction workers [44]), some worker populations under high
stress, such as call agents, have been explored only to a limited ex-
tent [37]. Therefore, to expand the benefits of data-driven research
to such underexplored workforces (i.e., call agents), a study that
reflects the nature of their work is required.

2.3 Emotional Labor and Stress

Emotional labor is the process of perceiving one’s own emotions
and managing emotional expressions in the workplace [39]. Var-
ious theoretical studies have been conducted in psychology to
understand the mechanisms underlying emotional labor [7, 32].
Grandey described emotional labor through the ‘emotional regu-
lation’ framework, emphasizing the choice of intrinsic strategies
and the combined impact of situational cues, individual factors,
and organizational factors [32]. Emotional labor is not limited to
specific jobs [25]; however, it is a central task for individuals in
customer-facing roles, such as flight attendants and call agents, col-
lectively referred to as ‘emotion workers’ [40]. While sensor-based
automatic stress detection research in this population remains lim-
ited, some studies have demonstrated the value of self-tracking
emotional status for emotion workers [80]. Stress-sensing tools can
contribute to the development of adaptive interventions, such as
emotion regulation tools [89]. Nevertheless, existing studies fail
to comprehensively address the multifaceted nature of emotional
labor and the diverse stressors emotion workers face. For example,
Hernandez et al. developed a model to classify stress conditions us-
ing skin conductance data from call agents [37], but their approach
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overlooked critical contextual, environmental, and organizational
factors influencing stress. Park et al. tried to build a model to as-
sess the intensity of emotional labor in a laboratory-simulated call
center [73]. However, their findings do not fully account for the
repetitive and enduring nature of emotional labor in real-world
settings. Given these gaps, we examine call centers as one typical
setting of front-line emotional labor where CI and nCI episodes
and task logs are explicit. We now detail the study design and
methodology.

3 Study Design and Methodology

To address our research question, we conducted a one-month, in-
the-wild field study at a call center using a mixed-methods design
approved by our Institutional Review Board (KH2022-108). This
section details (1) the study context and participants, (2) quantitative
data collection apparatus and procedures, (3) the interview protocol,
and (4) the mixed-methods analysis pipeline.

3.1 Participants and Study Context

18 out of 24 call agents (female: 17, male: 1) participated in data
collection for one month from June 22 to July 21, 2023, at the call
center of a central metropolitan city government located in South
Korea. The sex ratio of the participants is skewed compared to the
general population; however, it reflects the reality of call center
work, which is typically a female-dominated profession, as evi-
denced in the literature [10, 18]. It also closely mirrors a typical
ratio in Korea, where male workers are typically less than 10% in
call centers. The participants averaged 36.83 years (SD = 5.91) with
6.17 years of work experience as call agents (SD = 4.41). The city
hall has 2-24 call agents working 8-hour shifts from 8:00 a.m. to
9:00 p.m. during weekdays and 3-4 agents working from 9:00 a.m.
to 6:00 p.m. on weekends. Call topics include requesting informa-
tion (e.g., transportation), complaints about city hall public affairs,
and issues related to administrative tasks.

3.2 Data Collection Apparatus and Procedure

The detailed considerations of the data collection process, including
ethical considerations, are provided in the Appendix A.1.

3.2.1 Sensors. Table 1 summarizes the sensors and their data types,
and Figure 1 shows their placement.

Call log server. Modern call centers employ computerized call-
management systems that automatically route calls and log detailed
interaction data on company servers [98]. The system routes calls
automatically using algorithms tailored to each company’s policy,
recording call information. Call agents use it to find information
about callers, such as their call histories. These call log data pro-
vide rich contextual information about customer interactions and
agent activities, which is crucial for analyzing stress levels. With
company approval, we downloaded a de-identified subset, and call
center managers manually verified that all personally identifiable
information had been removed under IRB oversight. Each record
captures start time, duration, inquiry type (e.g., complaint), the
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Table 1: Summary of sensors

Sensor Device Frequency  Sensing Type Data type Data
Call start time, Call duration,
Servers . .
Call log server Per call Passive sensing ~ Task Inquiry (text), Answer (text),
managed by companies
Agreement, Complaint
Per call Self-reporting Behavioral Eating, Drinking
Galaxy Tab
Tablet . . . Daily health condition, Stress, Arousal,
(A7 Lite 8.7) Per day Self-reporting Daily baseline
Valence, Bedtime, Wake—up time
5.0 Hz Passive sensing ~ Behavioral Desktop activity (x,y, and z)
. bluSensor . . .
Environmental sensor 0.1 Hz Passive sensing ~ Environmental ~ CO,, Humidity, Temperature
(BSPO2ZAIR)
X " X 1 min Passive sensing ~ Behavioral Step counts
Wrist band Fitbit Inspire 2
1 sec Passive sensing ~ Physiological Heart rates

Call log server

<
7
»
2
L

Tablet

‘sl (r

Environmental sensor

™Y

Wrist band

2§ C

< C

Figure 1: Data collection setup

agent’s real-time notes, and—when customers consent via interac-
tive voice response—an audio file.!

Fitbit. Fitbit is widely used to gather daily behavioral and phys-
iological signals for stress detection [83]. Due to their compact
display and extended battery life, they impose minimal participant
burden during month-long in-situ deployments. Also, it provides a
comprehensive set of preprocessed metrics. A limitation, however,
is that heart rate variability (HRV), a pivotal biomarker of stress, is
collected only during sleep. Although alternative wearables such
as the Empatica E4 provide continuous HRV measurements, the
present study employed the Fitbit Inspire 2, prioritizing ease of
use for participants unfamiliar with smartwatches. We retrieved
minute-level step counts and second-level heart-rate (HR) data via
the Fitbit APL the former provided a baseline of physical activity
before customer calls, while the latter captured stress responses
during high-pressure interactions.

Environmental sensor. Environmental factors (e.g., high noise
levels and poor air quality [26, 35]) are well-established workplace

! Audio was excluded from the present analysis because of its limited availability
(related to callers’ consent rejection).

stressors [93]. Noise is especially relevant for call agents; however,
the company’s regulations prohibited the deployment of external
ambient-noise sensors, so noise levels could not be recorded in
our data collection. We instead monitored indoor CO3, which has
been shown to heighten physiological stress responses [92] and is
also linked to verbal communication, because it is acceptable to the
organization. bluSensor (BSP02AIR) was installed on every agent’s
desk to capture CO; along with other environmental conditions
(e.g., temperature and humidity) at 10-second intervals and stream
the data to a tablet. Although call agents share a single room, cu-
bicle partitions can create micro-environmental differences; there-
fore, per-desk sensing improves spatial precision. Temperature and
humidity were retained as complementary features to improve
stress-detection models [95].

Tablet. Galaxy Tab A7 Lite (8.7 in.) tablets were placed next
to each agent’s keyboard to record desk activity via the built-in
tri-axis accelerometer (ACC) at a rate of 5 Hz. Call agents spend
most of their working hours at their assigned desks. Note that
typing to retrieve information and log call outcomes is the most
consistent and relevant behavior at the assigned seat. The ACC
signal chiefly captures typing dynamics as an established stress
marker [38], while still reflecting other micro-movements, such as
reaching for documents or posture shifts. The same tablets were
also administered two self-report protocols.

(1) Daily survey (before work). Call agents rated their baseline
mental state, namely general health, arousal, valence, and
stress, on 5-point Likert scales, as well as prior-night sleep
quality (bedtime and wake-up time). All variables are known
to modulate daily stress [63, 84].

(2) Post-task survey. After every call, they noted food or bev-
erage intake since the last report. They can be behavioral
responses under stress [77], and influential factors to the
physiological responses (e.g., HR [86]). We asked partici-
pants to rate arousal, valence [86], surface acting (emotional
labor strategy to display the required emotion externally),
and deep acting (emotional labor strategy to change internal
feelings into required emotion) [32] on a 5-point Likert scale.
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Customer interaction (CI)

Stress level non-Customer interaction (nCl)

nCl + Cl pair

Start of work

<l T Time
After call survey

Daily survey

Prepare next interaction

How stressed were you
on the last call?

My general health
condition right now is

KERSREAELS)

Now, I am aroused

Figure 2: Daily workflow during data collection: Participants
reported daily baseline before they start work. After each call
(CI), they recorded their perceived stress levels before next
call (nCI). During the nCI, participants engaged in various
coping behaviors to prepare the next call voluntarily.

Note that these four post-task ratings were used solely to ver-
ify label reliability and were not fed into the stress-detection
models.

3.2.2  Perceived Stress after Call. Self-reported stress measurements
are a widely used method for acquiring label data in stress sens-
ing research [85]. To collect ground truth, the participants were
instructed to report their perceived stress levels on a 5-point Likert
scale after each call (“How stressed were you on the last call?”).
It directly addresses the stress from the most recent customer in-
teraction, providing immediate and relevant information on their
emotional states. Task-level self-reporting only after each call aligns
well with the nature of call center work. Prior HCI studies also iden-
tified that such natural task breakpoints present optimal opportuni-
ties for interruption [2]. Unlike previous studies that often avoided
frequent data collection to minimize participant burden [88], acquir-
ing self-reported data after each call did not increase the workload
of call agents, as we corroborated in the pilot study. Furthermore,
given that each customer interaction is a separate event, this fre-
quent reporting aligns naturally with the context of this study and
enables us to capture the nuanced differences in stress responses
following each interaction.

3.2.3  Procedure. Before initiating the main data collection, we
sought feedback from organizations and participants during the
recruitment stage to address potential legal restrictions and ethical
concerns, such as excessive data collection that might compromise
their privacy. Based on this feedback, we limited the data sources
to devices agreed upon for use and data collected only during work
hours. We conducted a one-day pilot study with five call agents,
confirming that the procedure had minimal impact on their work.
After confirming that the designated data collection method would
not influence workers’ work, researchers individually instructed
participants on device usage, obtained consent forms, and collected
demographic information through a pre-survey. Researchers posi-
tioned the sensors uniformly on each desk to maintain consistency
among participants and asked them not to move the devices during
the data collection period. During the data collection, participants
were required to wear Fitbits during work hours and complete daily
and after-call surveys using a tablet application. Figure 2 shows a
daily workflow during the study. Referring to an existing incentive
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framework for data collection [61, 79], we required participants
to meet minimum data collection standards for financial rewards
(500,000 won, $358), along with additional incentives (100,000 won,
$72) for the top two performers. Remote monitoring and system-
atic communication protocols were implemented to ensure data
quality in the absence of on-site researchers. After data collection
concluded, participants were voluntarily involved in an interview.

3.3 Interviews

We conducted semi-structured interviews with 13 participants to
gain a deeper understanding of the collected data and its meaning in
stress detection after data collection. Each interview was conducted
individually in a separate space and lasted approximately one hour,
with a reward of 10,000 KRW ($7.2). The manager arranged a sched-
ule to ensure minimal disruption to their work responsibilities. In
the interview, we asked the causes and responses to stress during
work through the following questions:

(1) What triggers stress during CI?

(2) How do you respond to stressful conversations during CI?

(3) How do you prepare for the next call during nCI when a
previous CI causes stress?

(4) Besides CI, which factor influences your perceived stress
level after a call?

3.4 Data Analysis: Mixed-Methods Approach

We adopted a mixed-methods strategy to answer our research ques-
tion. Quantitatively, we constructed a unified ML pipeline that
standardizes preprocessing, feature engineering, and evaluation to
enable comparisons across feature extraction windowing strategies,
modality composition, and the effect of personalization. Qualita-
tively, we conducted an inductive content analysis of interviews
not only to contextualize behavioral indicators from ML models
in everyday work practices but also to surface mechanisms that
sensors cannot capture. Here, we explain our quantitative pipeline
and qualitative analysis protocol.

3.4.1 Quantitative Analysis: Preprocessing and Feature Engineer-
ing. We first processed all raw streams through a unified pipeline
(Figure 3). The pipeline standardizes how raw data are cleaned,
transformed into features, aligned to labels, and integrated into
analysis-ready datasets, enabling comparisons across later model-
ing conditions. Additional implementation details are reported in
Appendix A.2.

Data cleaning. We removed entries outside official work hours
and screened the dataset for reliability issues at the participant
and record levels. After an initial integrity check, we retained only
participants and days with dependable self-reports and function-
ing devices. We then performed per-modality quality control: call
logs were de-identified and de-duplicated under IRB oversight;
heart-rate (HR) streams were checked for non-wear gaps and kept
as missing when sparse; minute-level step outliers were screened
using an isolation-forest procedure; tablet accelerometer (ACC)
traces with device anomalies were excluded, and the remaining
series were winsorized per participant using median absolute de-
viation; and environmental streams were checked for plausibility
and obvious zeros.
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- - L (all data) ) Cl features Cl features —— Feature Selection ‘
Fitbit @ Heart Rate Drop Nan Value >
Q Isolation Forest . Data Augmentation l
L o) Step counts | B Time-based © 3
. < = L Filtering (step counts) e ‘ Categorical Feature
( [ Temperature | . | minfeatures Preprocessing Training J
Env. Humidity ‘ Winsorization with ! 10 min features I N
L Sensor @ coz | 3MAD (ACC) [ Customer Interaction (CI) @ Label Point { Data integration ‘ L Evaluztion J
( & acc N
Tablet 8% Food intake

Ground Truth

Self-reported
Perceived stress level
(5 Likert-scale)

Reliability Check Binarization

Low stress vs. High stress

J/

Figure 3: Data analysis pipeline. The pipeline includes data collection from multiple sensors, such as environmental (Env.)
sensors and self-reported stress levels, followed by data cleaning, feature extraction using time-based and task-based (i.e.,
task-aligned) windows, and preprocessing. The dataset is split into subsets for feature selection and model training. Selected
features are used for machine learning modeling and evaluation. Data augmentation is applied to address class imbalance.

Table 2: Features according to type of window

Sensors Task-Aligned Window

Time-Based Window

CI duration, nCI duration
Inquiry length, Answer length
Mute”
Call log server
Agreement type*, Complaint type*

Weekday*, Hour of day*

Sum, mean, SD of CI and nCI duration

Sum, mean, SD of inquiry/answer length

Total number of using mute

Total number by agreement and complaint type
Sum of duration by agreement and complaint type

Weekday™*, Hour of day*

Eating®, Drinking”*

Daily health condition, Stress, Arousal, Valence, Sleep time

Tablet

Mean, SD, absolute integral of x, y, z in CI and nCI

Magnitude (CI and nCI)

Total number of eating and drinking
(same as left)

Mean, SD, absolute integral of x, y, z, and magnitude

Environmental sensor

Mean, SD of CO;, humidity, temperature (CI and nCI)

Mean, SD of CO2, humidity, temperature

Mean, SD, sum of step count in nCI

Mean, SD of heart rate (CI and nCI)

Wristband

Mean, SD, sum of step count

Mean, SD of heart rate

Note: The categorical features are marked with *. Refer to Table 7 in Appendix A.2.2 for additional information.

Feature extraction. We implemented two distinct windowing
strategies for feature extraction: task- and time-based windows
(Table 2). (1) task-aligned Window: It aligns with the episodic nature
of customer interactions (CIs) and non-customer interactions (nCIs)
using the natural boundaries of each call or event. This method
enables the extraction of context-specific features that reflect the
inherent variability in the duration and activities of interaction [20].
(2) Time-based Window: It involves fixed-size windows that capture
data from periods of 5 to 30 minutes, every 5 minutes before a
label time point. While this method is conventional and widely
used in studies where the temporal consistency of data collection is
crucial [102], it also incorporates CI and nCI information from the
calls within a given time window. This approach may only partly

capture the episodic nature of emotional labor, as fixed window
sizes may not fully align with the task-specific demands of CI
and nCI. Nonetheless, it remains effective in providing a broader
temporal context for feature extraction, especially when continuous
monitoring is essential. We used the time information from the call
log data as reference points for feature extraction. Definitions of
each feature are in Appendix A.2.2.

Label processing. After-call perceived stress (5-point Likert) was
matched to the immediately preceding call by UTC-timestamp. La-
bels recorded after the start of a subsequent call were discarded. To
filter low-engagement responses, we applied a consistency screen [64]
using the four post-call items (i.e., arousal, valence, surface acting,
deep acting). To mitigate interpersonal differences in the baseline
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of perceived stress level [37], we binarized stress per participant
by thresholding at each person’s mean [50]. We additionally ver-
ified robustness to alternative thresholding strategies (median-,
and quantile-based), observing comparable performance (Appen-
dix A.3).

Integration and one-hot encoding. For each windowing strategy,
we joined features across modalities to their matched labels, re-
moved rows with unresolved missing values, excluded all first-day
data for participants to allow the experiment time to adjust to the
setup and response methodology [51], and produced analysis tables
(one task-based set; multiple time-based sets at different window
lengths).

3.4.2 Quantitative Analysis: Modeling & Evaluation Design.

Nested LOSO Cross-Validation. We used nested leave-one-subject-
out (LOSO) cross-validation to prevent test data leakage and op-
timistic bias. Within the training portion of each outer fold, we
performed an inner LOSO loop that conducted scaling fits (i.e.,
normalization), feature selection, and hyperparameter tuning for
models. The configuration achieving the highest mean inner-LOSO
ROC-AUC was then retrained on the full outer-training set and
evaluated once on the held-out participant. This procedure ensures
strict separation between model selection and final testing.

Normalization. Numeric features were z-normalized using mean
and standard deviation estimated from the training data within
each CV fold, and the resulting transformation was applied to the
held-out participant for test (i.e., the held-out participant’s data
were not used in testing).

Feature selection and data augmentation. LASSO [71] feature
selection was applied only to models that are sensitive to multi-
collinearity. Extra feature selection was not performed for gradient-
boosted decision tree models, which inherently perform feature
selection and regularization as part of their hyperparameter opti-
mization during training. Similarly, DL models were not manually
restricted, as this could limit the model’s ability to learn meaningful
representations from heterogeneous modalities. To address class im-
balance without evaluation bias, we applied SMOTE [15]/SMOTENC
only within training folds and per participant to preserve within
person structure. Feature selection and oversampling were fit on
only training folds to prevent leakage.

Classifiers. Because our features are heterogeneous and tabu-
lar, we compared a compact set of ML classifiers spanning linear,
kernel baselines and tree-based ensembles such as Decision Tree
(DT) [54], Linear Discriminant Analysis (LDA) [9], Support Vector
Machine (SVM) [36], Random Forest (RF) [12], eXtreme Gradient
Boosting (XGBoost) [16] and CatBoost [76] as well as table-oriented
DL models such as Tabnet [6], Tabtransformer [43], and NODE [75].
Detailed model setup (e.g., hyperparameters) appears in the Appen-
dix A.2.6.

Training and evaluation. We used AUC-ROC, PR-AUC, and weighted

F1 as primary metrics and performed non-parametric paired tests
(i.e., Wilcoxon signed-rank test, « = 0.05) for model performance
contrasts. For stability, each evaluation was repeated over 30 times
with fixed random seeds; means and SD per test folds are reported.
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Comparative plan. Guided by our RQ, we designed a controlled
comparison within the unified pipeline Leave-one-subject-out (LOSO)
cross-validation.

(1) Windowing strategies for feature extraction: This aims to
test the baseline performance of the collected dataset for
comparison, determine whether task-aligned approaches
better capture after-call stress than a fixed time window,
and examine how time-window variation affects the model
within a fixed-time window. To answer these questions, we
evaluated all nine models across predefined feature sets as
listed in Table 2 using the unified basic pipeline and analyzed
the model performance. The top-performing model based on
the AUC-ROC score is used for subsequent comparisons, so
that differences reflect the representation (i.e., windowing,
modality, and personalization) rather than model choice.

(2) Data source composition: This aims to identify which data
type (i.e., task, behavioral, environmental, and physiologi-
cal data) contributes most to after-call stress detection and
evaluate the impact of sensing type (i.e., passive sensing
vs. self-reporting). First, we conduct sensor ablation studies
using only passive sensing data. Starting with a baseline con-
figuration containing only task-related functions (i.e., call
logs), we incrementally added environmental, behavioral,
and physiological sensor data to evaluate model performance
comparatively. Then, we assessed the effect of incorporating
two types of self-reported data (i.e., after-call behavioral and
daily baseline data) into each passive sensing configuration.

(3) Personalization: This study aims to investigate the perfor-
mance of a personalized modeling approach under unified
work conditions and to identify factors contributing to the
differences in after-call stress detection. We train three types
of personalized models with different train and test dataset
partitioning strategies with time-based 5-fold cross-validation.
First, we used only personal data that maintains chronologi-
cal order, progressively increasing the training set. Second,
we combined data from all participants into a single time-
ordered dataset, disregarding participant boundaries and
splits, to utilize the tested user’s past data for training. Lastly,
we used each participant’s data equally partitioned across
folds while preserving chronological order within each par-
ticipant, thereby accounting for data balance across individu-
als. Additionally, we investigate the differences and common-
alities of feature importance in modeling between the gener-
alized model and the personalized model using the Shapley
value from SHapley Additive ex-Planations (SHAP) [57].

3.4.3 Qualitative Content Analysis. To provide deeper insight into
the quantitative findings and find challenges beyond data, we con-
ducted inductive content analysis [17] on the interview data (Sec-
tion 3.3). The process unfolded in two stages of open coding and
collaborative theme development. Initially, the lead analyst induc-
tively coded transcripts and memos. This step involved reviewing
the data line-by-line, identifying initial codes directly from the data.
Particular attention was paid to how CI and nClI transitions shape
the experience of call agents and their stressors and stress responses.
Following the open coding, an additional researcher was involved
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in reviewing the codes and engaging in collaborative theme devel-
opment. Regular meetings were held between the two researchers
to discuss the codes and elevate them into broader themes (e.g.,
prolonged CI as a stressor, personal difference under stressful CI;
preparatory nCI routines). All interviews were audio-recorded and
transcribed; Korean transcripts were coded in the original language,
and translated excerpts are reported verbatim for quotes.

4 Results

We answer our research question by combining modeling evidence
with interview findings. Following post-collection quality checks
(Appendix A.2), we retained 15 from 18 initial participants for anal-
ysis: two agents exhibited near-constant low-stress self-reports (>
97% identical labels over 900 entries) and one self-reported tem-
poral inconsistency in her labels. In addition, we also removed
records outside official working hours. As a result, 7,442 call-level
instances from 15 agents (310 days in total; 67.96% low stress, 32.04%
high stress) using a unified pipeline. Results are organized along
the planned quantitative comparison: (1) windowing (task-aligned
vs. fixed), (2) data-source composition (source-wise ablations and
the effect of adding self-reports), and (3) personalization. We then
present qualitative themes that explain why the models behave and
highlight considerable insights that our data may limit in capturing.

4.1 Performance Comparisons of Task-Aligned
and Time-based Windowing

We applied the unified modeling pipeline to evaluate model per-
formance across nine classifiers and compared feature extraction
strategies (i.e., time-based and task-aligned, Table 3). Tree-based
ensembles (i.e., RF, XGBoost) consistently outperformed other ML
models and tabular-oriented DL models. Notably, the Random For-
est (RF) model achieved the highest performance with an ROC-AUC
0f 0.692 and PR-AUC of 0.518 in the 5-minute window setting. Given
the class imbalance, these PR-AUC scores significantly exceed the
random baseline of 0.32. Across fixed time windows, a clear inverse
trend was observed; performance declined as the window length
increased. For instance, the ROC-AUC of RF dropped from 0.692
(5-min) to 0.605 (30-min), suggesting that shorter windows capture
transient stress markers more effectively. Meanwhile, the 5-minute
window yielded performance comparable to the task-aligned strat-
egy, which aligns well with the fact that the average call duration is
shorter than 5 minutes. Statistical analysis (Wilcoxon signed-rank;
Appendix A.4) confirmed that these two top-performing configura-
tions are statistically indistinguishable across all metrics. PR-curve
in Figure 4 visualizes the model performance to classify the high
stress condition in precision and recall space: the task-aligned curve
closely overlaps with the 5-min window across thresholds, whereas
longer windows shift downward, indicating lower precision at the
same recall under class imbalance.

4.2 Which Data Sources Matter?

We conducted a data source ablation study to identify the most
informative data sources and assess the added value of self-reported
features in model performance. We decided to use one of the best-
performing configurations from Section 4.1 (i.e., RF with task-
aligned features). Since the task log features are naturally aligned
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Figure 4: PR-AUC curve of each windowing strategy.

with the task cycles (CI and nCI), task-aligned windowing was
a more natural choice for evaluating the impact of data sources.
We evaluated a total of 15 feature set combinations spanning task
logs, tablet ACC, HR/steps, environmental streams (COg, temper-
ature, and humidity), and optional self-reports (after-call behav-
ioral item, and daily baseline). The gap between the best config-
uration (i.e., all sources) and the worst (i.e., excluding task logs)
was AROC-AUC = 0.038 (6.15% relative increase, Figure 5; Appen-
dix A.5). Removing task log features resulted in a substantial per-
formance decrease (APR-AUC = 0.047). As shown in the Precision-
Recall curves (Figure 6), the model including task features consis-
tently maintains higher precision across the entire recall range
compared to the no-task baseline, confirming the robustness of task
signals. The addition of self-reported data had negligible effects
across most passive sensing combinations. These patterns align
with interview accounts that stressful customer interactions are
prolonged and complex, thus surfacing in task logs such as call
inquiry length (Section 4.4.2). Note that similar patterns were ob-
served in other models with fixed windowing, such as 5-minute
windowing; we omit the results for the sake of brevity.

4.3 Personalization: Interpersonal Variability

Across the three personalization schemes, performance generally
improved as more personal history added (Figure 7a, 7b).2 Early
folds (Folds 1-3) underperformed or matched the leave-one-subject-
out (LOSO) baseline, whereas later folds outperformed the general
model performance in general. In particular, the hybrid variants
exhibited a pronounced improvement from Fold 4 onward in both
ROC-AUC and PR-AUC (Figure 7), while the purely personalized
model improved up to Fold 4 but showed larger fold-to-fold vari-
ability.

To quantify how much personal history is needed before per-
sonalization tends to outperform the general (LOSO) model, we
define the crossover point as the earliest time-ordered fold at which

2Each test was repeated 30 times with fixed random seeds. Error bars (when present)
denote 95% confidence intervals.
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Table 3: Model performance by windowing strategies (LOSO)
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Time-based

Task-aligned

5-min 10-min 15-min 20-min 25-min

30-min

ROC-AUC mean (STD)

RF 0.685 (0.090) 0.692 (0.082) 0.671 (0.080) 0.642 (0.074) 0.616 (0.074) 0.610 (0.067) 0.605 (0.0638)
XGBoost 0.679 (0.085) 0.686 (0.088) 0.664 (0.083) 0.637 (0.082) 0.625 (0.072) 0.613 (0.078)  0.599 (0.057)
CatBoost 0.661 (0.094) 0.673 (0.085) 0.656 (0.085) 0.627 (0.084) 0.600 (0.086) 0.591 (0.075) 0.594 (0.072)
LDA 0.661 (0.079) 0.663 (0.081) 0.643 (0.078) 0.617 (0.071) 0.599 (0.069) 0.593 (0.066)  0.589 (0.065)
SVM 0.623 (0.104)  0.624 (0.106) 0.612 (0.099) 0.584 (0.099) 0.567 (0.093) 0.560 (0.094)  0.546 (0.092)
DT 0.576 (0.071)  0.601 (0.066) 0.577 (0.068) 0.583 (0.047) 0.536 (0.031) 0.523 (0.039)  0.547 (0.044)
TabNet 0.658 (0.039) 0.676 (0.035) 0.636 (0.030) 0.612 (0.048) 0.587 (0.042) 0.595 (0.025) 0.587 (0.015)
TabTransformer 0.644 (0.038) 0.664 (0.034) 0.645 (0.038) 0.624 (0.039) 0.603 (0.035) 0.609 (0.038)  0.601 (0.035)
NODE 0.640 (0.050)  0.646 (0.040) 0.536 (0.0450) 0.607 (0.049) 0.582 (0.040) 0.586 (0.039)  0.566 (0.034)

Majority Voting

0.500

PR-AUC mean (STD)

RF 0.514 (0.197)  0.518 (0.197) 0.510 (0.190) 0.475 (0.181) 0.433 (0.175) 0.423 (0.164)  0.417 (0.162)
XGBoost 0.516 (0.192)  0.525 (0.192) 0.508 (0.182) 0.477 (0.169) 0.452 (0.172) 0.426 (0.170)  0.421 (0.162)
CatBoost 0.491 (0.191)  0.510 (0.197) 0.494 (0.193) 0.473 (0.182) 0.437 (0.183) 0.423 (0.176)  0.422 (0.172)
LDA 0.514 (0.179)  0.517 (0.180) 0.496 (0.166) 0.465 (0.158) 0.443 (0.163) 0.439 (0.154)  0.432 (0.152)
SVM 0.481 (0.201)  0.475 (0.203) 0.469 (0.198) 0.443 (0.185) 0.418 (0.178) 0.414 (0.172)  0.405 (0.172)
DT 0.399 (0.159)  0.411 (0.170) 0.404 (0.159) 0.394 (0.162) 0.356 (0.151) 0.348 (0.141)  0.368 (0.154)
TabNet 0.486 (0.103)  0.512 (0.096) 0.476 (0.086) 0.449 (0.088) 0.422 (0.092) 0.420 (0.085) 0.412 (0.085)
TabTransformer 0.490 (0.092) 0.517 (0.091) 0.502 (0.089) 0.479 (0.082) 0.443 (0.086) 0.453 (0.078)  0.441 (0.075)
NODE 0.478 (0.099)  0.476 (0.476) 0.643 (0.093) 0.434 (0.090) 0.409 (0.088) 0.416 (0.085) 0.402 (0.078)
Majority Voting 0.320

Weighted F1 mean (STD)

RF 0.617 (0.168)  0.631 (0.128) 0.608 (0.150) 0.597 (0.149) 0.579 (0.145) 0.574 (0.151)  0.577 (0.152)
XGBoost 0.601 (0.145) 0.610 (0.142) 0.601 (0.160) 0.571 (0.153) 0.578 (0.146) 0.570 (0.147)  0.567 (0.148)
CatBoost 0.596 (0.155)  0.609 (0.147) 0.590 (0.157) 0.574 (0.161) 0.568 (0.148) 0.557 (0.150)  0.553 (0.148)
LDA 0.597 (0.120)  0.586 (0.132) 0.571 (0.146) 0.540 (0.145) 0.531 (0.148) 0.522 (0.14803) 0.516 (0.146)
SVM 0.566 (0.162)  0.571 (0.154) 0.562 (0.154) 0.545 (0.153) 0.537 (0.144) 0.539 (0.148)  0.533 (0.143)
DT 0.579 (0.094) 0.588 (0.071) 0.588 (0.089) 0.592 (0.075) 0.560 (0.076) 0.551 (0.0841) 0.581 (0.0949)
TabNet 0.594 (0.046) 0.589 (0.035) 0.583 (0.038) 0.561 (0.062) 0.509 (0.045) 0.523 (0.049)  0.508 (0.034)
TabTransformer 0.582 (0.049) 0.575 (0.056) 0.530 (0.054) 0.512 (0.082) 0.535 (0.053) 0.508 (0.063)  0.548 (0.067)
NODE 0.584 (0.065) 0.605 (0.055) 0.537 (0.080) 0.543 (0.082) 0.526 (0.076) 0.527 (0.077  0.497 (0.078)
Majority Voting 0.550

performance exceeds the LOSO baseline at the group level. This
crossover occurs at Fold 4. The amount of personal history available
for training corresponded to a mean of 329.6 calls per participant
(median 332; range 92-612). At the participant level, 9 of 15 par-
ticipants outperformed the LOSO baseline in ROC-AUC and 8 of
15 in PR-AUC at Fold 4, while 5 of 15 did not surpass the baseline
on either metric, indicating substantial interpersonal variability.
Notably, call volume alone was not strongly discriminative (median
calls: 300 for participants surpassing the baseline on both ROC
and PR vs. 284 for those surpassing neither), and some participants
never exceeded the baseline even at their best fold. Practically, we
therefore recommend deploying the general (or balanced-hybrid)
model during onboarding and attempting personalization once
roughly ~300-330 personal calls are available, switching only when

participant-specific validation indicates an improvement over the
general baseline.

At the feature level, personalization surfaced heterogeneous
sets rather than a single universal signature (Table 4). Across 15
participants, no feature appeared in every top 10. The composition
in personalization spanned task logs (i.e., inquiry length) as well
as environmental (i.e., ‘SD of humidity’, ‘SD of temperature’, and
‘SD of COz2’). This contrasts with the general model, which relied
more heavily on task-log features and other data collected during
CI (Table 5).
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Figure 5: Ablation results comparing multiple combinations of passive sensing alone to combinations with self-reported
data (A and A+B). Bar plots show ROC-AUC (left) and PR-AUC (right) across sensing subsets: Without Task, Task-only,
Task+Environmental, Task+Environmental+Behavioral, and All Passive Sensing. Lines indicate performance changes when
adding after-call self-reports (A) or adding both after-call and baseline self-reports (A+B).

Table 4: The important features in personalized models

Table 5: The important features in general model

Sensors Features Period  # of ranked
Tablet ACC int of y CI 6
Call log server inquiry length CI 6
bluSensor temperature  SD of temperature CI 6
bluSensor humidity SD of humidity CI 6
Tablet ACC int of z CI 5
Tablet ACC mean of magnitude nCI 5
bluSensor temperature  SD of humidity nCI 5
Tablet ACC int of x CI 4
Call log server complain 1 CI 4
bluSensor CO, mean of CO, nCI 4

4.4 Qualitative Themes: Why These Patterns
Emerge and What Exists Beyond Our
Sensing

These qualitative findings not only contextualize the quantitative
results but also reveal points where model predictions diverge
from workers’ lived experience. In several cases, workers’ accounts
contradict what is captured in logs or sensor streams, highlighting
conceptual blind spots in the modeling pipeline. It also highlights
that self-reporting stress after calls provided emotional awareness,
aiding preparation for next interactions. Below, we present themes
that (1) support why task-aligned representations and task logs work
well in our models, and (2) challenge what these signals can capture
by surfacing sources of divergence such as residual stress during
nClI, opposite behavioral signatures, and unobserved embodied or
contextual stressors.

4.4.1 Task Segmentation: Dividing Customer and Non-Customer
Interactions. Agents described nCI as the moment to reset display

Sensors Features Period
Call log server  complain 1 CI
Tablet ACC int of y CI
Call log server  duration CI
Call log server  agreement 1 CI
Tablet ACC int of z CI
Tablet ACC int of x CI
Tablet ACC int of mean nCI
Call log server  answer length CI
Call log server  inquiry length CI
Call log server  agreement 0 CI

rules and prepare for the next CI. Many engaged in brief routines
during nCI (N = 11)—for example, stepping away, briefly chatting
with colleagues, taking deep breaths, or forceful typing. They also
noted that the outcome of a previous call could affect the next one
(N = 8), particularly noting the experience of insufficient time
to ventilate stress from a previous call (N = 4): (P15) “It was re-
ally tough when there was a short interval between calls.” (P14) “It’s
impossible to ventilate before every call.” These accounts indicate
clear mental and behavioral differences between CI and nCI that
can be reflected in our data (e.g., desk activity and steps during
nCI vs. call-centric logs during CI) and support using task-based
(episode-aligned) windows that follow natural task boundaries (Sec-
tion 4.1). However, these same accounts also caution against treating
nCI as a uniform rest baseline: residual stress and active coping
within nCI may persist into subsequent calls, contributing to tem-
poral variability and potential divergence between sensed signals
and post-call self-reports.
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Figure 6: Precision—-Recall curves comparing two ablation
conditions: passive sensing without task features (yellow
dashed line) versus all passive sensing combined with self-
reported data (A+B; blue solid line). Adding task features
and self-reports improves precision across nearly the entire
recall range, while the passive-only model maintains lower
and more rapidly declining precision.

4.4.2  How Stressful Customer Interactions Surface in Task logs. The
participants reported that stress rose when customer problems re-
mained unresolved or ambiguous (N = 8), when answers had to be
repeated because callers did not understand or accept them (N = 3),
and when conversations demanded more time for empathy beyond
providing a solution (N = 3). The situations involved customers
who did not know their problem or whose communication style
failed to clarify the issue (N = 3) directly: (P4) “Even though it’s
stressful when the customer is unpleasant, it’s even more challenging
when they inquire without knowing their issue. The process of figuring
it out is complicated, and it becomes harder if they are not coopera-
tive.” It is also problematic when customers fail to understand or
accept the proposed solutions (N = 3). (P10) “I answered, but if they
don’t understand and I have to repeat the same content several times
... it becomes stressful.” (P15) “It’s stressful when elderly callers keep
repeating the same content over the phone.” Even when the problem
is clearly identified, customers express emotions unrelated to the
solution or demand empathy, which leads to additional communi-
cation requirements (N = 3): (P8) “After venting to me for about
11 minutes on a call ... They finally said, ‘Talking about it like this
has made me feel a bit better.” I pretended to be happy, but really
feelings hidden behind that smile really hurt.” These conditions
surface in the task logs. Protracted explanation/empathy increases
the length of agent-entered inquiry and response notes (i.e., in-
quiry length and answer length). Consistent with this mapping,
call-centric features from task logs ranked highest in our general
models, and removing task logs produced the largest AUC drop
(Section 4.2). At the same time, call agents’ accounts emphasize
emotional dissonance (e.g., suppressed feelings) that may not scale
monotonically with duration or note length, suggesting a concrete

CHI *26, April 13-17, 2026, Barcelona, Spain

source of dissonance when models rely heavily on structural log
proxies.

4.4.3 Individual Differences: Stillness vs. Fidgeting and Diverse Prepa-
ration. Several call agents described reduced movement during
stressful interactions (N = 7), while others reported active coping
(N = 5). Inactive response was linked to intense focus or a sense
of powerlessness. Note that when they feel powerless, they give
up actions to find solutions and choose to endure the situation (N
= 5): (P1) “I slump and zone out because there is nothing I can do
in the middle of the call.” (P10) “I start to give up if it feels hope-
less, even if I first try to type and resolve it quickly.” Active coping
during CI included sighing (N = 2), forceful gestures or swearing
under the desk (N = 1), and drinking water (N = 1). Individual
differences were also salient in the after-call interval (nCI), which
agents framed as time to reset and prepare for the next CI. While
waiting for the next call, some talked with colleagues around their
seats immediately after a call to relieve stress (N = 2), others sat
alone, taking deep breaths (N = 2), typing rapidly and forcefully
(N = 2), or consuming sweet snacks or cold beverages (N = 2).
Notably, many reported having to leave their offices (N = 7), de-
scribing this action as a response to emotions that were too difficult
to manage or when stress was overwhelming (N = 4). (P7) “Get-
ting up from my seat usually means I'm really stressed, and I need
to step out even before I log the content of the finished call.” These
person-specific behaviors imply opposite signatures in the same
modality, which helps explain why personalized models surfaced
different top features by participant and drew on a broader mix of
sources than the general model (Section 4.3). This semantic am-
biguity provides a qualitative explanation for why a single global
mapping underperforms some individuals. The same modality such
as capturing physical movements during CI can encode opposite
stress responses across agents, producing predictable error modes
without per-person calibration.

4.4.4 Beyond Customer Interaction: External Factors Shaping After-
Call Stressors. Beyond interaction content, after-call stress was
shaped by individual traits (e.g., active temperament, low tolerance
for repetition; N = 5) and day-level conditions such as poor sleep
or throat pain (N = 5). Some female agents reported greater sensi-
tivity during their menstrual period (N = 4). Environmental noise
was also mentioned, but the specific triggers differed (N = 3). For
example, among those who noted auditory environmental impacts
(N = 3), the reasons differed: one mentioned the loud voices of
colleagues handling aggressive complaints, another cited chatter
from nearby colleagues, and a third pointed to the echoing of their
own consulting voice in an overly quiet environment, or sounds re-
vealing their activities, such as opening cans. Some modifiers were
partially represented in our streams (daily baseline self-reports;
desk-level COy, temperature, and humidity), whereas others (e.g.,
menstrual cycle and fine-grained acoustic context) were not directly
measured. These unmeasured or partially measured factors plausi-
bly shift within-person baselines over time, offering a qualitative
account of intrapersonal drift such as daily performance variability.

4.4.5 Benefits of Task-Oriented Stress Self-Reporting. While auto-
mated detection was our primary focus, participants also reported
ancillary benefits of the call-aligned self-reports that we used as
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Figure 7: Performance validation across 5 folds. The proposed Hybrid model (solid line) shows consistent improvement over

baselines in both (a) ROC-AUC and (b) PR-AUC metrics.

labels (N = 12). Some participants reported that rating stress after
each call increased their in-the-moment awareness (N = 5), and
others noted that it helped them emotionally prepare for the next
interaction (N = 3). Because the prompts coincided with natural
task boundaries, agents did not perceive additional workload. These
observations account usefulness of semi-automated self-tracking
that blends automated sensing with lightweight self-reports [19].
Participants’ descriptions also suggest that repeated call-aligned
self-reporting can function as a mild intervention (increasing aware-
ness and supporting reset), which may gradually shift rating criteria
over time. Such label dynamics can contribute to apparent model
label dissonance.

5 Discussion

5.1 Task Logs as Primary Signals and the Value
of Task-Aligned Segmentation

Our findings position task logs as primary sensing signals for after-
call stress in emotional labor. In SHAP summaries and ablations of
the general models, features derived from the task logs themselves
consistently dominated. Interviews explain that stressful customer
interactions were often prolonged, involved repeated explanations,
or demanded empathy, all of which extend calls and increase strain.
Thus, features such as inquiry length capture the volume and speci-
ficity of customer requests; both operationalize situational cues
that heighten emotional-labor demands [32, 33]. A further bene-
fit of log-based signals is their semantic legibility to workers and
practitioners. Features such as call duration, holds, or repeated
explanations map onto recognizable work events, making model
outputs easier to interpret, contest, and act on. This readability
helps organizational managers (e.g., human resources) understand
meaningful workflows (e.g., call-specific reflections and trigger
identification), enabling the organization to implement meaningful
responses to manage worker health across the organization [49].

This allows for more intuitive and negotiable inferences compared
to complex data requiring sensitive and meaningful inferences.
Beyond the sensed signal, task-aligned features outperformed
longer fixed windows and remained competitive with short ones.
Emotional-labor theory accounts for this advantage: transitions into
CI act as situational cues that trigger regulation demands, whereas
nClI supports preparation and recovery [32]. As such, segmentation
of CI and nClI is not a preprocessing detail but a modeling choice
that better matches the lived experience of emotional labor, which
is inherently episodic, while existing stress-sensing research often
did not explicitly segment. This episode-based framing also offers a
natural unit of intervention [65]. CI marks moments where support
must be minimally disruptive, whereas nCI provides actionable
breakpoints for recovery-facing micro-interventions and reflec-
tion. We note, however, that emotional strain can vary dynamically
within an episode [30], motivating future work on finer-grained,
within-call sensing when it unlocks qualitatively new support.

5.2 Sensing for Emotional Labor: Mapping
Modalities to a Demand, Regulation,
Recovery Cycle

Our findings allow us to revisit how to conceptualize sensing stress
in the context of “emotional labor” Building on emotional-labor
theory [32], we argue that emotional labor unfolds episodically
through interaction demand (i.e., situational cues), regulation effort
(i.e., acting strategies enacted during interaction), and recovery (i.e.,
between-episode restoration) in our CI/nCI segmentation (i.e., CI
captures regulation under demand, whereas nCI captures prepa-
ration and recovery). This framing helps interpret why task logs
perform so strongly. In our setting, after-call stress is tightly coupled
to interaction demand that is already reflected in operational traces.
Consistent with prior workplace HCI work treating work-specific
digital traces as de facto sensors [42, 55, 72, 101], our results extend
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this line to emotional labor by sensorizing call task logs. More-
over, it offers semantic legibility for sense-making such as mapping
features (e.g., duration, holds, or repeated explanations) onto recog-
nizable work events, supporting interpretability, contestation, and
action [80].

At the same time, the added values of multimodal sensing should
be argued in terms of actionability and meaning, which go beyond
merely improving AUC. Multimodal signals can enable finer tem-
poral resolution (e.g., within-call escalation) and measure aspects
of regulation and recovery that logs cannot observe, which can be
critical for personalization and recovery-aware support [61, 66, 73].
Consequently, we argue against a binary choice between logs and
sensors in favor of progressive sensing. It starts with low-intrusion,
log-based sensing to address demand-driven strain, and adds modal-
ities selectively only when they unlock qualitatively new support
(e.g., recovery-aware microbreaks) or improve worker-facing in-
terpretability and agency. Because additional sensors also intro-
duce friction, privacy risk, and function creep in quantified work-
places [3, 21, 49, 81], deployments should prioritize worker control
over what is inferred and shared, and favor privacy-preserving,
negotiated uses over managerial surveillance.

5.3 Individual, Team, and Organizational Loops
from Sensing to Intervention

We situate these applications in workplace digital wellbeing re-
search that supports self-regulation and reflection while preserving
user agency [34, 42]. Because workplace sensing can also enable
worker monitoring, we design these loops around data minimization,
worker control, and purpose limitation (see Section 5.4) [3, 21, 81].

Individual loop (worker-facing). Predictions can support just-
in-time (JIT) micro-interventions at natural breakpoints (e.g., im-
mediately after demanding calls), such as paced breathing, brief
grounding prompts, or short recovery routines [28, 34, 42, 65]. Be-
yond on-the-spot support, model outputs can function as personal
informatics (PI), helping workers review stress trajectories and
identify personal triggers over time [47]. Coupling predictions with
explainable Al can further surface interpretable cues (e.g., prolonged
duration, repeated explanations, voice changes) that contributed
to high stress, supporting worker sense-making and exploration of
coping strategies [46]. To mitigate imperfect model performance
while keeping burden low, a semi-automated approach that blends
passive sensing with lightweight, call-aligned self-reports can pro-
vide semantic calibration and improve acceptance [19, 56, 69].

Team/workflow loop (coordination-facing). In call-by-call
workflows, stress sensing can inform team-level load balancing
and buffering (e.g., inserting short recovery windows after high-
demand calls, recommending optional cooldown periods, or sug-
gesting voluntary routing preferences such as “no call assignment
for 15 minutes”). Importantly, these coordination supports need not
reveal a worker’s raw inferred stress state; instead, they can operate
via negotiated, worker-controlled signals (e.g., “needs a short break”),
reducing surveillance risk while still enabling practical scheduling
and routing adjustments.

Organizational loop (policy/resource-facing). Aggregated,
privacy-preserving analytics can help identify systemic stressors
(e.g., understaffed periods, call types that routinely drive strain,
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or training gaps) and motivate organizational interventions such
as staffing adjustments, targeted training, or access to debrief re-
sources. Crucially, these uses require governance safeguards and
purpose limitation to prevent repurposing stress inference for per-
formance evaluation or disciplinary monitoring (see Section 5.4).
These organizational uses should prioritize system-level improve-
ments over individual attribution, and avoid individual-level man-
agerial dashboards.

5.4 Ethical Usage of Stress Detection at
Workplaces

Although workplace stress detection systems offer significant em-
ployee benefits as reported in prior studies [11, 28, 42, 60, 66], it is
essential to carefully consider the ethical implications of quantified
workplaces, particularly regarding privacy and surveillance, as pas-
sive sensing technologies continue to advance [22]. As confirmed
in our findings, workplace stress detection heavily relies on work
activity data (e.g., call logs); its continuous collection may cause
workers to feel constantly monitored and pressured to manage
their emotions, even to the sensors [81], resulting in additional
stress. Such tensions can undermine the primary goal of promoting
individual well-being, as workers still worry about potential misuse
by organizational stakeholders [21].

However, recent studies have proposed possible solutions, em-
phasizing the importance of human-centered design, careful consid-
eration of worker impacts, and system tailoring to mitigate potential
harm [21]. Building on these approaches, we argue that stress de-
tection models can be ethically utilized in the workplace if they
are carefully designed, and considerations for ethical usage should
be made in the development of future workplace stress detection
models. First, systems that support the operation of such models
must be designed with clear definitions regarding the scope of data
collection, stored data management policies, access controls, and
the transparency and explainability of trained models. To ethically
establish these definitions, a user-centered design approach that
actively involves participants throughout the entire design process
must be employed [91]. Second, strong institutional and legal stan-
dards for ethical usage (e.g., securing user consent and defining
clear system goals) must be established and enforced. For exam-
ple, organizational policies and applicable regulatory frameworks
should restrict stress inference to wellbeing-supportive purposes
and prohibit use for performance evaluation or disciplinary moni-
toring. Lastly, a practical safeguard is to separate outputs by level.
Individual-level inferences should remain worker-facing (e.g., per-
sonal informatics and worker-controlled signals), while organiza-
tional insights should be limited to privacy-preserving aggregates
that target demand-side fixes (e.g., staffing or training) rather than
evaluating individuals. Such purpose limitation reduces incentives
for surveillance and helps preserve worker autonomy [91]. Ulti-
mately, developing stress-sensing systems with consideration for
ethical implications can ensure the privacy and autonomy of work-
ers, empowering them without introducing additional layers of
workplace surveillance [91], thereby enhancing their mental well-
being.



CHI *26, April 13-17, 2026, Barcelona, Spain

6 Limitations

While our study offers significant insights into building an after-call
stress detection model for call agents by collecting real-world mul-
timodal sensor data, several limitations exist regarding our sensing
choices and contextual constraints. First, our sensing choices were
heavily influenced by the operational realities of a real-world call
center. As detailed in Appendix A.1 (Table 6), we encountered strict
regulatory restrictions on data types and significant privacy con-
cerns regarding customer consent. Consequently, we intentionally
excluded audio, video recordings of calls, and personal mobile data
usage, despite their potential richness for emotion analysis, to prior-
itize agent privacy and comply with institutional security policies.
Future research could explore privacy-preserving audio analysis
techniques or simulated environments where such constraints are
minimized, although this may come at the cost of ecological valid-
ity. Second, our findings should be interpreted within the specific
cultural and gendered context of the study site, a predominantly
female call center environment [18] characterized by strict emo-
tional display rules requiring the suppression of negative emo-
tions [99]. Such high-intensity emotional labor and organizational
norms likely influence physiological stress patterns differently than
in other contexts. For instance, the strictness of supervisory en-
forcement of display rules is linked to specific patterns of emotional
exhaustion [94], while cultural values can moderate the physiolog-
ical costs of emotional suppression [14]. Therefore, as suggested
by recent cross-cultural sensing research [62], further validation
is required to determine the transferability of our findings to call
centers with different demographic compositions and emotional
labor expectations. Finally, relying on self-reported stress levels
via Ecological Momentary Assessment (EMA) introduces poten-
tial response bias. Although we implemented rigorous filtering
to exclude insincere responses (e.g., straight-lining), future work
should adopt systematic procedures to address the biases inherent
in self-reports [74] and consider incorporating expert ratings or
operational metrics as complementary ground truth.

7 Conclusion

This study extends prior research on automated stress detection for
knowledge workers to emotion workers by presenting a method
for detecting stress using real-world data. Overall, this study under-
scores the significance of considering the distinct work environment
of emotion workers, particularly in terms of their susceptibility to
stress. Specifically, we discovered that task-related features from
call logs as a new sensor modality are crucial for model performance,
and customer interaction features play a significant role in stress
detection in general. Task-aligned windowing proved effective, as
setting longer windows often degraded performance by spanning
multiple calls, whereas shorter windows provided more accurate,
context-specific stress detection. Additionally, we observed signifi-
cant individual differences in personalized models, enhancing the
effectiveness of tailored interventions for emotion workers. While
the current work has limited generalizability, future research should
expand to explore a large-scale, multinational dataset with voice
data for a more comprehensive analysis. Note that we advocate
for deploying stress detection tools (e.g., just-in-time intervention,
semi-automated self-tracking) that prioritize improving employee
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well-being without contributing to invasive surveillance practices.
Ongoing research should refine these tools to ensure they are ethi-
cally sound and practical for real-world applications.
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A Appendix
A.1 Challenges During Data Collection

While call center agents’ tasks are repetitive, the variability in cus-
tomer needs and issues makes them highly dynamic. We collected
data in actual settings rather than controlled environments to re-
flect these real-world conditions. Table 6 summarizes the steps,
challenges, considerations, and actions taken during this process.
This summary highlights the rationale behind optimizing our data
collection decisions for real-world conditions in call centers and
provides practical insights for future researchers.

A.2 Modeling Process for Quantitative Analysis

A.2.1 Data Cleaning. As a first step, we excluded three invalid
participants based on post hoc investigations conducted after data
collection. The two participants were identified as potentially pro-
viding insincere self-reported labels during the initial screening
phase. Specifically, one participant labeled “little stress” (value 2) in
more than 97.3% of 997 responses, and another labeled “no stress”
(value 1) in more than 97.1% of 1,097 responses. While such distri-
butions may reflect individual differences in real-world self-reports,
they also raise concerns about response sincerity, particularly given
the emotionally demanding work environment where call agents
often interact with irate customers. After consultation with their
managers, we determined that these participants’ highly skewed
response patterns were likely atypical and excluded them from fur-
ther analysis. We also excluded one participant due to self-reported
concerns regarding the temporal consistency of her own data, in-
dicating perceived fluctuations in emotional state and uncertainty
about the reliability of her responses over time. Second, we re-
moved all data entries that occurred outside each participant’s
official working hours. As a result, we used the remaining data
from 15 call agents (14 female, one male), spanning 330 days, 13,925
call logs, and 13,190 self-reported labels. We then conducted data
quality checks on each sensor modality.

Data from the call log server. Two call center managers manually
reviewed the call log data before sharing it. For initial data cleaning,
the managers filtered the data approved by the organization (e.g.,
call start time, call duration) and excluded any personally identi-
fiable information from the call agents’ written summaries of the
interactions, which consist of a pair of questions and answers. Then,
researchers checked the dataset and removed duplicate records, ir-
relevant entries (e.g., records with a duration of 0), and call logs
after obtaining participants’ consent to use them. After these steps,
a call log dataset (13,735 entries) was ready for analysis.

Data from Fitbit. To ensure device operation, we first verified the
continuity of step count data, which is automatically recorded at
one-minute intervals when the device is functioning (Fitbit Devel-
oper Guide). The results confirmed consistent operation throughout
the study period. We then cleaned the HR and step data. Missing HR
values, often due to non-wear or device misplacement [100], were
retained as nulls given their low proportion (<3%). For step data, we
removed entries where HR was also missing (3.78%) and identified
outliers using an isolation forest algorithm [4]. Less than 0.2% of
step entries were flagged and removed. We additionally verified
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that no step counts exceeded typical walking speed thresholds (115
steps/min) [68].

Data from the Tablet ACC and environmental sensors. We ex-
cluded 19 days when the ACC predominantly showed zeros or
multiple entries with identical timestamps due to temporary data
collection anomalies. Subsequently, on the ACC data, we imple-
mented winsorization for each individual based on the three me-
dian absolute deviations (MAD) to address outliers. Specifically,
we set the lower and upper bounds at Median -3*MAD and Me-
dian +3*MAD, respectively. Any values beyond these bounds were
adjusted to the nearest boundary value. For environmental data
(i.e., COy, temperature, and humidity), we excluded entries that
showed zeros (18 days). The environmental data were used without
additional processes.

A.2.2  Feature Extraction. We implemented two distinct window-
ing strategies for feature extraction: task- and time-based windows
(Table 2). Table 7 describes the meaning of each feature.

A.2.3 Label Preprocessing. We first validated the self-reported
stress labels. Matching call-termination times in call logs to self-
reported stress labels produced 11,622 pairs; any label recorded
after the next call began was discarded. To identify potentially in-
sincere responses, we performed additional reliability checks on
labels using other after-call survey questionnaires [64]. An addi-
tional screen removed 1,769 responses with identical ratings across
all four after-call items (arousal, valence, surface acting, deep act-
ing), yielding 9,853 reliable labels. Then, the 5-point Likert scale
responses were binarized per participant to mitigate the influence
of the interpersonal difference on stress labels [37]. Responses be-
low the personal average were classified as ‘low stress, and those
above were classified as ‘high stress’ [50].

A.2.4  Dataset Integration. After data cleaning and label encoding,
we integrated multimodal features (e.g., accelerometer, Fitbit, envi-
ronmental sensor) with corresponding stress labels. We constructed
seven feature sets—one task-based and six time-based (with varying
window sizes)—based on the extracted features. We removed all
first-day data for participants to allow the experiment time to adjust
to the setup and response methodology [51]. After filtering for any
missing values from the integrated dataset, a total of 7,442 valid
entries were retained for analysis. The final data distribution across
15 participants covered 310 days (mean = 20.67, SD = 2.58), with
66.10% labeled as ‘low stress’ and 33.90% as ‘high stress.

A.2.5 Normalization and Categorical Feature Preprocessing. To im-
prove generalizability and reduce participant-specific bias, numeri-
cal features were z-score normalized. Missing values were removed
before normalization. Categorical features were either one-hot en-
coded or used directly, depending on the model’s input require-
ments (e.g., CatBoost). All preprocessing steps were applied sepa-
rately to the training and evaluation sets.

A.2.6 Model Training and Evaluation.

Feature selection. Feature selection (i.e., LASSO [71]) was applied
only to ML models that are sensitive to redundant or correlated
input features. We optimized the L1 regularization parameter o
through a grid-search approach, selecting the value that maximized
the area under the ROC curve (AUC-ROC). ¢ was chosen from 50
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Table 6: Detailed procedure of data collection
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Stage

Activities

Challenges

Considerations

Action Taken

Organization
On-boarding

Collaborating with the or-
ganization’s representa-
tive (manager) to design
data collection method

1) Restrictions on data types
and sensors imposed by regu-
lations

2) Limitations on integrating
tools with call center operat-
ing systems

3) Concerns about potential
impact of data collection on
work performance

1) Identification of allowable
data types and sensors within
institutional guidelines

2) Security regulations for set-
ting up a network to collect
data

3) Designing self-report data
collection methods with mini-
mal disruption

1) Review of institutional policies
to determine permissible data types
and sensors

2) Designing and implementing a
data collection procedure with sep-
arate devices

3) Selection of concise survey ques-
tions followed by a pilot study to
evaluate its impact on performance

Participant Hosting informational 1) Privacy concerns related to 1) Reassessment of mobile 1) Limitation on mobile data collec-
Recruitment sessions to explain the mobile data collection data collection tion and usage
data collection process 2) Concerns about long-term  2) Considering participant  2)Evaluation of smartwatch devices
and gather feedback from  use of unfamiliar wearable de-  comfort to decide smartwatch  and adoption of Fitbit for its conve-
potential participants vices 3) Discussing ways to alleviate  nience
3) Concerns about workload non-participants’ concerns  3) Dispelling the concerns by shar-
transfer to non-participants with the manager ing the results of a pilot study
Consent Obtaining consent from 1) Complexity of securing con- 1) Legal validity to collect user 1) Conducted legal review on the
Procedure participating call agents  sent from phone consultation  consent of customer necessity of consent
and each customer at ev-  customers 2) Methods to compromise cus- ~ 2) Development of a concise and
ery call tomer convenience legally compliant consent statement
3) Addressing expected ac- 3) Modification of the system to in-
tions on additional consent corporate the consent to confirm
processes (i.e., decline to listen  their consent immediately after the
to user consent) call connection and categorizing
their responses into consent, non-
consent, and no selection
Data Keeping engagement mo- 1) Lack of on-site support staff 1) Remote data collection and 1) Hiring a remote monitoring staff
Collection tivated and monitoring for data collection monitoring system for daily oversight
2) Monitoring and error han-  2) Establishment of error re- 2) Implementation of a two-step
dling during data collectio sponse protocols error resolution process: self-
3) Maintaining participant mo-  3) Creation of an environment  adjustment by participants, visiting
tivation that fosters participant motiva-  equipment replacement
tion 3) Provision of team-wide en-
couragement (e.g., snacks for all
workers)
Table 7: Feature definition and category for task-based window
Name Definition Category explanation

Customer interaction (CI)

duration

Non-customer
tion (nCI) duration

interac-

Duration of call recorded on server

Duration between calls calculated based on each call start -
time (In case of the first call in a day, duration between time

to record baseline survey and the start time of call)

Inquiry and Answer Number of characters in records documented by call agents -
length on server (In case of space, counting as one character)
Mute for CI Time difference between length of recorded audio file and 0: not used, 1: used
call duration time on the server (In case of call agent using
mute button, server stopped record)
Agreement type for CI The type of customer consent obtained for providing call 0: disagreement, 1: agreement, 2: else

voice recording information before the call

<

Complaint type for CI Type of content manually evaluated by the call agents as the

internal criteria

compliment, 1: complaint, 2: else

Eating Consumption of food between the end of the previous call 1: eat, 0: not eat
and the end of the current call
Drinking Consumption of drink between the end of the previous call 1: drink, 0: not drink
and the end of the current call
Weekday Day of the week, the data was collected : Monday, 2: Tuesday, 3: Wednesday, 4: Thursday,
: Friday, 6: Saturday, 7: Sunday
Category of hour Time slot during the day when the data was collected : before 8:00 a.m, 1: 8:00 a.m.-10:00 a.m.,

10:00 a.m.-12:00 p.m., 3: 12:00 p.m.-2:00 p.m.,
: 2:00 p.m.-4:00 p.m., 5: 4:00 p.m.-6:00 p.m.,
6:00 p.m.-9:00 p.m.

R NO G
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Table 8: Change of threshold (<) by the cut

pnum  mean 50% (median) 40%

1 1.576 (1) 1 1
2 2.265 (2) 2 2
3 1.430 (1) 1 1
4 1.243 (1) 1 1
5 1.571 (1) 1 1
6 1.173 (1) 1 1
7 2.628 (2) 2 2
8 3.200 (2) 3 2
9 1.768 (1) 1 1
10 1516 (1) 1 1
11 1.891(1) 2 2
12 2235(2) 2 1
13 1150 (1) 1 1
14 1.438(1) 1 1
15 1.967 (1) 1 1

values, logarithmically spaced between 10~ and 10!, and the model
was trained with a maximum of 1000 iterations. All processing was
performed in Python using the scikit-learn library. Extra feature
selection was not performed for gradient-boosted decision tree
models, which inherently perform feature selection and regulariza-
tion as part of their hyperparameter optimization during training.
Similarly, DL models were not manually restricted, as this could
limit the model’s ability to learn meaningful representations from
heterogeneous modalities.

Oversampling. Depending on the model and feature format, we
used either SMOTE [15] or SMOTENC before model training, ap-
plied separately to each participant’s data to preserve intra-individual
structure. SMOTE and SMOTENC generate synthetic samples by in-
terpolating between the k-nearest neighbors (k = 5 separately). All
procedures were implemented using the imbalanced-learn package
in Python.

Models for training and evaluation. We utilized six ML models:
Decision Tree (DT) [54], Linear Discriminant Analysis (LDA) [9],
Support Vector Machine (SVM) [36], Random Forest (RF) [12], eX-
treme Gradient Boosting (XGBoost) [16] and CatBoost [76]; and
three DL models: Tabnet [6], Tabtransformer [43], and NODE [75].
For the ML models, we used the scikit-learn library and XGBoost
package in Python. For the XGBoost, we used the default values
(i.e., learning rate of 0.1 and a max depth of 3). We set the number
of base estimators for three ensemble models (i.e., RF and XGBoost)
to 100 [102], and the minimum sample split for tree-based mod-
els (i.e.,, DT and RF) to 50. For the CatBoost, we used the default
values (i.e., learning rate of 0.03, iteration = 1000, and depth = 6).
The hyperparameters of all DL models were tuned via Hyperopt. A
batch size of 512 was adopted for DL models based on experimental
results using Tabnet.
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Training and evaluation. Training data were shuffled before each
epoch, and batch normalization was omitted to avoid mixing sam-
ples from different participants within a batch. The max evalua-
tion for hyperparameter tuning was limited to 20 per model, and
the configuration yielding the highest validation AUC-ROC was
selected. Also, we employed majority voting as a baseline to vali-
date model performance, as this was our initial attempt to build a
model. To evaluate the trained model’s performance, we used the
leave-one-subject-out (LOSO) cross-validation method [23, 86] as
a default evaluation method. Model performance was measured
using AUC-ROC and weighted F1-score, both of which are robust to
class imbalance. The Wilcoxon signed-rank test (@ = 0.05) was used
to assess statistical significance between paired results. Each test
dataset is tested 30 times with a fixed random seed for each turn,
and we report the results by calculating the average performance.

A.3 Evaluation on the Robustness of Label
Binarization Strategies

We used each participant’s mean value as a threshold for binariza-
tion of label to mitigate interpersonal difference. While dichotomiz-
ing using mean value is the common methods for affect sensing [50],
it can reduce information and introduce threshold artifacts [5, 58].
To assess robustness, we repeated the exact same training and

evaluation pipeline under multiple participant-specific thresholds.
Threshold definitions. For each participant i, we computed

a participant-specific threshold T; from their 1-5 post-call stress
ratings using (a) the mean, (b) the median (50th percentile), and
(c) a quantile-based cut (40th percentile). We then defined the bi-
nary label as y?" = 1if y > T; (high stress), and 0 otherwise for
(a)~(c).? Table 8 summarizes how the resulting thresholds vary
across participants under each strategy.

Evaluation protocol and metrics. For each thresholding strat-
egy, we re-train and evaluate the exact same pipeline using two fea-
ture extraction strategies (i.e., task-alinged, and 5-min time-based)
and two ML models (i.e., RandomForest, and XGBoost). We report
ROC-AUC, PR-AUC, weighted F1, and class-wise precision/recall
averaged across LOSO folds (mean + SD).

Results. While adjusting the thresholds led to trade-offs in spe-
cific metrics such as Recall, the overall discriminative power of
the model (ROC-AUC) remained stable without significant fluctua-
tions (Table 9). Numerical fluctuations were observed in Recall_1
and Weighted F1-score, the Wilcoxon signed-rank test indicated
no statistically significant difference, suggesting that the model’s
performance remains consistent across different thresholds.

A.4 Statistical Analysis on Windowing
Strategies

Using a task-aligned and 5-min time-based feature resulted in a
similar performance. A statistical analysis (Table 10) revealed no
statistically significant differences between the two.

A.5 Ablation Study to Compare Importance of
Data Type
Table 11 includes the results of every case in the ablation study.

3Because ratings are discrete (1-5), quantile-based cut points can collapse to the same
integer threshold for some participants.


https://scikit-learn.org/stable/
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https://xgboost.readthedocs.io/en/stable/python/index.html
https://github.com/hyperopt/hyperopt
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Table 9:

Lee et al.

Model performance by label encoding strategies

Task-aligned_RF

ROC-AUC

PR-AUC Weighted F1-score  precision_0 recall_0 precision_1 recall_1

mean
50 % (median)
40 %

0.68506 (0.09027)
0.70736* (0.07775)
0.69658 (0.08679)

0.51373 (0.19675)  0.61707 (0.16809)  0.75510 (0.15870) 0.73214 (0.24079) 0.51269 (0.23043) 0.49256 (0.21868)
0.49635 (0.18747)  0.69958 (0.07206)  0.78018* (0.09345) 0.82154* (0.10734) 0.50901 (0.19627) 0.42233" (0.16649)
0.51482 (0.20379)  0.68828 (0.07724)  0.75284 (0.13353)  0.79996 (0.1123)  0.51445 (0.2076) 0.44633 (0.16025)

Task-aligned_XGBoost

ROC-AUC

PR-AUC Weighted F1-score  precision_0 recall_0 precision_1 recall_1

mean
50 % (median)
40 %

0.67902 (0.08934)
0.69940* (0.08101)
0.69212 (0.07880)

0.51580 (0.06940)  0.60100 (0.14500)  0.74247 (0.25287) 0.73243 (0.18299) 0.53455 (0.24142) 0.46543 (0.16355)
0.49821 (0.18694)  0.67321 (0.08340)  0.77333 (0.10406) 0.82153* (0.13927) 0.52671 (0.22099) 0.39343 (0.21546)
0.52372 (0.18901)  0.66867 (0.08169)  0.74173 (0.13691) 0.80539 (0.15108) 0.54075 (0.23904) 0.41157 (0.17996)

5-min time-based_RF

ROC-AUC

PR-AUC Weighted F1-score  precision_0 recall 0 precision_1 recall 1

mean
50 % (median)
40 %

0.69172 (0.08168)
0.70510 (0.07973)
0.69679 (0.08281)

0.51800 (0.19736)  0.63077 (0.12823)  0.75666" (0.15175) 0.72651* (0.20712) 0.51309 (0.22256) 0.51769" (0.21045)
0.49706 (0.18333)  0.69488 (0.07191)  0.78302 (0.09596) 0.80394 (0.11455) 0.50147 (0.20500) 0.45434 (0.14781)
0.51726 (0.20209)  0.68557 (0.07696)  0.75516 (0.13431) 0.78708 (0.12846) 0.52014 (0.21459) 0.46938" (0.1468)

5-min time-based_XGBoost

ROC-AUC

PR-AUC Weighted F1-score  precision_0 recall_0 precision_1 recall_1

mean
50 % (median)
40 %

0.68637 (0.08805)
0.70565(0.08255)
0.70191 (0.07856)

0.52488 (0.19205)  0.61003 (0.14233)  0.73843 (0.15584) 0.74725 (0.20522) 0.50392 (0.22642) 0.46384 (0.23572)
0.50950 (0.18028)  0.67185 (0.08185)  0.77168 (0.10731) 0.81818" (0.13053) 0.51678 (0.21512) 0.40720 (0.2051)
0.52923 (0.18582)  0.65937 (0.07646)  0.74492 (0.13760) 0.78930 (0.14612) 0.52117 (0.22562) 0.43444 (0.19208)

Note: Values are reported as Mean (Standard Deviation). * Indicates a statistically significant difference compared to the ‘mean’ method at the p < 0.05
level. Statistical significance was determined using a two-sided Wilcoxon signed-rank test on paired samples.

Table 10: Comparison of RandomForest clasification performance between task and 5-min methods (Wilcoxon Signed-Rank

Test)

Metric Task Mean 5-min Mean p-value Result

AUC 0.6851 0.6917 0.1876 n.s.

PR AUC Score 0.5137 0.5180 0.4543 n.s.

Weighted F1-score 0.6171 0.6308 0.8040 ns.

Note: n.s. denotes not significant (p > 0.05).

Table 11: Ablation study (task-aligned window, RF)
Passive sensing Self-reported  ROC-AUC PR-AUC Weighted F1-score  precision_0 recall_0 precision_1 recall_1
All - 0.68896 (0.08557) 0.51926 (0.19560)  0.62486 (0.15904)  0.75041 (0.15545) 0.73650 (0.22674) 0.51386 (0.21792) 0.49957 (0.2233)
Task - 0.69763 (0.07883) 0.53085 (0.53085)  0.66447 (0.09605)  0.75203 (0.15189) 0.76962 (0.09930) 0.51265 (0.21265) 0.50218 (0.13676)
Task + Env. - 0.68080 (0.09011) 0.51617 (0.20126)  0.65165 (0.11531)  0.73844 (0.14912) 0.78009 (0.11408) 0.50519 (0.22181) 0.44122 (0.14398)

Task + Env. + Behavioral -

Without task -

0.69005 (0.08494) 0.52283 (0.19194)  0.63011 (0.15401)  0.75182 (0.15406) 0.73793 (0.21770) 0.51277 (0.21125) 0.50254 (0.21469)

0.66186 (0.07948) 0.48158 (0.19090)  0.60900 (0.15757)  0.72488 (0.15757) 0.68680 (0.23345) 0.47719 (0.24055) 0.46986 (0.15793)

All A 0.68940 (0.08521) 0.52029 (0.19590)  0.62625 (0.15810)  0.74929 (0.15530) 0.73811 (0.22620) 0.51458 (0.21654) 0.49726 (0.22070)
Task A 0.69594 (0.07855) 0.52902 (0.18622)  0.66392 (0.09804)  0.77183 (0.09762) 0.74295 (0.08671) 0.51239 (0.21129) 0.49756 (0.13471)
Task + Env. A 0.67956 (0.09210) 0.51574 (0.20194)  0.65216 (0.11649)  0.73867 (0.14946) 0.78028 (0.11248) 0.50345 (0.22071) 0.44068 (0.14596)
Task + Env. + Behavioral A 0.69005 (0.08514) 0.52167 (0.19237)  0.62823 (0.15660)  0.75260 (0.15392) 0.73666 (0.22152) 0.51246 (0.21149) 0.50122 (0.21648)
Without task A 0.65639 (0.08189) 0.47255 (0.19021)  0.61030 (0.14678)  0.73072 (0.15166) 0.71532 (0.22701) 0.47521 (0.18802) 0.46953 (0.23440)
All A+B 0.68945 (0.08573) 0.51890 (0.19477)  0.62224 (0.15451)  0.75181 (0.15466) 0.73203 (0.22723) 0.51024 (0.21494) 0.50122 (0.22092)
Task A+B 0.69061 (0.07915) 0.52316 (0.18846)  0.64627 (0.11062)  0.74363 (0.15156) 0.76807 (0.12892) 0.51006 (0.21847) 0.47399 (0.12892)
Task + Env. A+B 0.68004 (0.09129) 0.51440 (0.19922)  0.64621 (0.12081)  0.77298 (0.14923) 0.73373 (0.13507) 0.50842 (0.21788) 0.45129 (0.14904)

Task + Env. + Behavioral A +B
Without task A+B

0.68737 (0.08581) 0.51680 (0.19318)  0.62170 (0.15987)  0.75054 (0.15333) 0.72970 (0.23162) 0.50878 (0.21273) 0.50139 (0.21942)

0.65474 (0.08295) 0.47089 (0.19056)  0.59926 (0.15511)  0.72782 (0.15779) 0.70435 (0.24732) 0.46799 (0.19281) 0.47617 (0.24677)

Note: A in self-reported data means self-reported after-call data (i.e., food intake), and B does self-reported daily baseline (e.g., arousal before work).
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