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Sensing-based stress management systems integrate self-report, physiological, and contextual data to assess users’ perceived
stress and physiological indicators related to stress responses and deliver just-in-time interventions. Prior work has largely
focused on improving detection accuracy or evaluating intervention effectiveness, with relatively limited attention to how
users interpret and make sense of these data in everyday work contexts. Our study addresses this gap by examining how
emotional labor workers construct meaning around alignment and divergence between perceived stress and physiological
responses to stress. We present a four-week in-the-wild study with 19 call center workers, combining mobile and wearable
sensing, a reflection dashboard, and in-depth interviews. Our findings show that participants interpreted stress indicators
through work context, bodily conditions, and prior experiences, and treated divergence as an informative cue rather than
a simple error. They also recognized that perceived and physiological responses to stress could change differently before
and after micro-interventions. Based on these findings, we discuss design implications for sensing-based stress management
systems that support stress data literacy and flexible, context-grounded stress sensemaking in practice.
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1 INTRODUCTION
Managing stress has become central to sustainingmental health in everyday life [79, 121]. Accordingly, researchers
in ubiquitous computing and personal informatics have explored sensing-based stress management systems
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that leverage mobile and wearable technologies [45, 60, 133]. These systems estimate users’ stress states by
capturing diverse physiological and behavioral signals, including heart rate, physical activity, sleep patterns,
location, and device usage [33, 118], and support stress reduction in daily life by delivering just-in-time (JIT)
micro-interventions [96, 103].

In these studies, two primary types of stress indicators have been used to measure stress states. One is perceived
stress, measured through self-reports or experience sampling methods (ESM) [20, 146]. The other is physiological
indicator related to stress responses, often operationalized using biological signals such as heart rate variability
(HRV) [125, 140]. In our work, this physiological indicator was quantified using RMSSD (Root Mean Square of
Successive Differences), a commonly used HRVmetric. We utilize RMSSD as a key physiological signal that reflects
stress-related autonomic activity. Perceived stress reflects individuals’ subjective experiences grounded in their
emotions, cognitions, and appraisals [20, 79], whereas the HRV-based physiological indicator is associated with
bodily responses such as arousal, recovery, and fatigue [69, 140]. Prior work has shown that these indicators can
exhibit divergent patterns depending on individual differences, environments, and contextual factors [15, 40, 91].
This suggests that stress is inherently multifaceted and cannot be fully captured by a single indicator alone.

Despite this understanding of stress as a multifaceted phenomenon, much of the prior work on sensing-based
stress management systems has primarily focused on technical goals, such as improving the performance of stress
detection or prediction models [42, 101, 118] and providing feedback through visualization [127, 153]. While these
efforts have advanced system accuracy and efficiency, they have paid relatively limited attention to how users
actually understand and interpret stress data, or how such interpretations shape their perceptions of their own
stress. A similar emphasis appears in prior studies on stress interventions, which typically assess effectiveness by
comparing stress indicators before and after an intervention [16, 22, 72, 110]. This outcome-oriented perspective,
however, tends to obscure how interventions are experienced differently across individuals, how users make
sense of changes in their own states during the intervention process, and what these interpretations mean for
their broader understanding of stress [88, 141].

These limitations matter because stress is not merely a physiological reaction but also an experience constructed
through individuals’ appraisals, interpretations, and meaning-making processes [79]. Even in the same situation,
one person may experience high levels of stress by interpreting it as a threat, whereas another may experience
it differently by construing it as a challenge. From this perspective, stress data are not inherently meaningful
when presented solely as outcomes or metrics; instead, they become meaningful through interpretation and when
situated within the context of users’ lived experiences [85, 109]. Accordingly, the process through which users
reflect on the causes and effects of their stress based on their data can serve as an important lens into how
individuals understand their stress experiences.

Building on this background, our study investigates how people understand and interpret diverse stress-related
and intervention data collected through sensing-based stress management systems. We focus on call center
environments as an emotional labor workplace where stress is frequent and salient. Due to the repetitive and
emotionally demanding nature of their work, call center workers commonly experience both perceived stress
(e.g., pressure during customer interactions) and physiological stress-related bodily responses captured through
HRV-based indicators (e.g., increased heart rate and decreased heart rate variations), making this a representative
context for studying stress experiences [44, 50, 120, 144]. In addition, the short intervals between calls and the
high density of tasks make it important not only to provide immediate stress relief but also to support workers
in understanding when and why they experience stress, which is critical for sustaining mental well-being and
performance.
In our study, we conducted a four-week in-the-wild study with 19 call center workers at a call center in

South Korea. We collected multiple types of stress-related data through mobile and wearable devices, including
perceived stress, an HRV-based physiological indicator, work context, and stress intervention outcomes. After the
data collection, we provided participants with a dashboard visualizing their stress levels and post-intervention
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changes, and explored how they interpreted this data and constructed meaning around their experiences. For ease
of communication in the user-facing system and interviews, participants encountered the label “physiological
stress,” but in this paper we refer to it as an HRV-based physiological stress indicator. Based on this study, we
formulated two research questions:

• RQ1: In the emotional labor workplace, how do participants integrate and interpret perceived and physio-
logical stress indicators with contextual data to make sense of their stress?

• RQ2: In the emotional labor workplace, how do participants evaluate the provided micro-interventions,
and how do these interventions influence their sensemaking of changes in perceived and physiological
stress indicators?

Our findings indicate that participants perceived the two stress indicators (e.g., perceived and physiological
stress) as representing distinct dimensions. They tended to interpret perceived stress as a subjective emotional
experience, whereas they understood physiological stress in terms of bodily reactions such as discomfort or
tension. However, most participants did not clearly recognize that physiological stress was measured using
RMSSD, an HRV-derived metric based on biological signals. The collected data also revealed divergent patterns
between the two indicators, and changes in perceived stress did not consistently correspond with changes
in physiological stress following interventions. This reflective process appeared to reshape how participants
understood their own stress experiences. Based on these findings, we derive design implications for future stress
management systems. In summary, our work has the following contributions:

• We conducted a four-week in-the-wild study in a call center setting characterized by emotional labor,
systematically examining how people understand and interpret multiple stress indicators (including perceived
and physiological stress), contextual information, and intervention outcomes.

• We propose design implications for future sensing-based stress management systems, including support
for stress data literacy, sensemaking that treats discrepancy as an informative signal, and value-based
intervention and reflection mechanisms that balance measured efficacy, user-perceived value, and feasibility
constraints.

2 BACKGROUND AND RELATED WORK
In this section, we review how stress has been defined and measured, examine prior work that leverages stress
data to support self-reflection and regulation, and discuss studies on emotional laborers (e.g., call center workers),
highlighting opportunities for deploying stress-sensing and intervention technologies.

2.1 Defining, Measuring, and Contextualizing Stress
Stress is not a single construct but an umbrella term that spans subjective appraisal (perceived stress) and bodily
response (physiological stress) [126]. Across psychology, Lazarus and Folkman’s cognitive appraisal theory has
provided a foundational framework for understanding stress as a constructed process, in which individuals’
interpretations of situations shape both subjective experience and subsequent bodily responses [79]. Prior work
has therefore conceptualized stress not as a unitary response but as a multifaceted process in which subjective
appraisal and physiological responses operate at distinct yet interacting levels [15, 55, 147].
Perceived stress is defined as a subjective state grounded in how individuals appraise and make meaning of

a given situation. As such, perceived stress reflects lived experience and is most commonly assessed through
in-situ self-report using a standardized instrument such as the Perceived Stress Scale (PSS) using an Ecological
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Momentary Assessment (EMA) [61, 64, 65]. Researchers have explored the use of behavioral and expressive cues,
such as facial expressions and vocal characteristics, to infer subjective stress states [76, 143].

Physiological stress refers to autonomic and endocrine responses mediated by biological pathways such as the
Sympathetic Adrenal Medullary (SAM) and the Hypothalamic–Pituitary–Adrenal (HPA) axes [55, 77, 123]. It is
understood as conceptually distinct from subjective experience. In the mobile health domain, it is commonly
operationalized using derived physiological features and patterns, most prominently heart rate variability (HRV),
extracted from wearable sensor signals reflecting heart activity (e.g., reduced HRV under stress-related autonomic
arousal) [51, 93, 94, 107, 108, 112]. This approach enables continuous, passive data collection without requiring
active user input and has been widely adopted in commercial wearable devices to represent physiological
stress, where proprietary stress indicators are typically grounded in HRV-based autonomic features; for example,
Garmin’s stress scoring relies largely on HRV [116].

Prior work has treated perceived stress and physiological stress as separate but interacting constructs operating
at different levels, with each indicator following different measurement strategies and interpretive logics. Building
on this distinction, studies have incorporated contextual information such as location, activity, and smartphone
usage patterns to better situate and interpret stress states [23, 70, 73, 78, 92, 101, 132, 149]. Collectively, this line
of work has established a foundation for understanding stress as a multidimensional and context-dependent
phenomenon in everyday settings.

2.2 Relationships between Perceived and Physiological Stress in Emotional Labor Contexts
Psychology and affective science conceptualize perceived and physiological stress as related yet dissociable
processes rather than a single unified construct. Prior work suggests that psychosocial and physiological stressors
engage distinct response patterns, underscoring that lived stress experiences and bodily signals do not necessarily
map one-to-one [9, 55, 74]. Consistent with this view, ambulatory and workday studies have reported that the
correspondence between self-reported stress and cardiovascular measures (e.g., HRV) is often modest and hetero-
geneous in daily life. This variability reflects differences in measurement conditions or individual characteristics,
reinforcing the need to interpret physiological indicators alongside contextual information [36, 90, 105, 142].
In occupational settings, including call centers, work stress is commonly framed through psychosocial job

characteristics (e.g., high demands, low control, low support, effort–reward imbalance, and resource constraints)
that can influence both subjective strain and physiological regulation [5, 66, 131]. Studies in call center settings
have examined links between work-related strain and autonomic indicators, including HRV-related indices, and
have reported associations that can vary by task context and individual differences [31]. Despite this accumulated
evidence highlighting contextual and individual variability, HCI and ubiquitous sensing research in call center
settings has primarily focused on quantifying relationships between indicators, building stress recognition and
prediction models [31, 49], or evaluating intervention efficacy [68]. In these paradigms, one indicator is typically
treated as a “ground truth” for the other.

As a result, while perceived–physiological relationships are well explored at statistical and experimental levels,
prior work offers limited insight into how workers themselves interpret relationships between indicators. To
address this gap, our work shifts the focus from estimating association strength or minimizing prediction error
to examining how workers make sense of divergence between perceived and physiological stress in everyday
practice.We analyze how participants mobilize contextual information, accumulated experiences, and intervention
outcomes to explain stress indicators, and how these interpretations shape subsequent reflection and intervention
preferences.
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2.3 Data-Driven Stress Self-Reflection and Just-in-time (JIT) Intervention
Prior personal informatics research has explored systems that help people self-track personal data [71] and reflect
on their stress by feeding back their data through wearables, mobile apps, and visualization systems [64, 65, 100].
These studies aim to increase self-awareness and support personalized coping strategies through data-driven
feedback.
Prior work makes stress more interpretable by transforming raw signals into digestible representations.

For example, VetherReflect uses weather metaphors to surface mismatches between expectations and sensed
data [145]. LifelogExplorer personalizes lifelog-based monitoring of daily stress [73], and smartwatch-based
mHealth tools [54] provide real-time feedbacks. Other work visualizes affect and physiology during commuter
driving [35] and combines journaling with data feedback [111]. Momentary logging enables in situ reflection [101].
Beyond individuals, collective displays foster team-level awareness [153] and collaborative reinterpretation in
high-stress training [2].

These systems demonstrate that data-driven reflection can make stress visible and can motivate coping. While
prior systems successfully surface stress data to end users, reflection is usually organized around a single target
or an aggregate score. Even when multiple streams exist, interfaces seldom scaffold comparative reasoning (e.g.,
side-by-side juxtaposition, prompts to reconcile divergences between perceived and physiological responses). To
address this gap, effective support should help users determine whether perceived and physiological responses
align or diverge, given imperfect interoceptive awareness; if individuals can recognize their own physiological
changes, they can apply coping strategies more promptly and effectively [40]. Moreover, greater discordance be-
tween perceived and physiological stress has been associated with higher internalizing symptoms and accelerated
symptom growth, while alignment between the two is a characteristic of more resilient trajectories [62, 148]. This
motivates the design that co-presents perceived and physiological stress with contextual factors and explicitly
prompt users to examine (dis)agreement and plausible causes.

2.4 Emotional Labor and Call Center Workers
Workplaces frequently impose stressors outside an individual’s control (e.g., customer demands, time pressure,
monitoring), creating conditions under which subjective appraisal and bodily response can decouple. In particular,
emotional labor, which regulates inner feelings to display organizationally required emotions (e.g., friendliness,
courtesy), is governed by explicit display rules that promote surface acting and suppression [50]. Such regulation
produces emotional dissonance, the gap between felt and displayed emotions, which is a known contributor to
burnout, depression, and anxiety [44]. In these environments, limited autonomy and heavy workloads further
constrain attentional resources, making interoceptive awareness imperfect and increasing the likelihood that
perceived stress and physiological arousal will misalign [40]. Call center workers exemplify high-risk emotional
laborers: over half report mental health problems and about 45% are at risk, driven by heavy workloads, time
pressure, and surface acting, exacerbated by low autonomy and limited organizational support [138]. These
conditions harm well-being and retention, underscoring the need for effective stress-management support.
Prior work has instrumented emotional labor with multimodal sensing of voice, behavior, and physiology

(e.g., PPG, EDA, EEG) [104], non-invasive workplace tracking [1], and longitudinal emotion datasets [137].
Intervention studies have widely explored micro- and just-in-time microinterventions delivered via wearables or
mobile applications [30, 54, 73, 117]. Automated e-coaching and JITAI receptivity modeling further personalize
support [83, 84]. Biofeedback visualizations and group-reflection systems help workers interpret and act on
stress signals [2, 152, 153]. For agent-facing support, systems modulate customer vocal negativity in real time
or offer response tips [21, 80]. Delivery timing is typically biosignal-triggered or scheduled around anticipated
stressors [30, 117].
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Pilot Study (4 days, 3 participants)

Orientation
In-the-wild


data collection Post-interview

Main Study (4 weeks, 19 participants)
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Self-reflection & 
Post-interview
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Stress data 
reflection

Reporting usability 
issues and difficulties
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and pre-survey

Study introduction

and pre-survey

Addressing usability issues and

narrowing down the types of interventions 

Fig. 1. Overview of the study protocol. A pilot study was conducted to identify usability issues and refine the design of
intervention delivery for better work process integration. After addressing these issues and narrowing down the types of
interventions, a 4-week main study was conducted, including an orientation session, in-the-wild stress data collection, and
stress data self-reflection and post-interviewing.

In call centers, emotional display rules, low autonomy, and high call volume are precisely the conditions under
which perceived and physiological indicators may diverge [44, 50]. For example, suppressed expression can
lower reported stress while autonomic arousal remains elevated, or habituation can blunt autonomic change
despite high perceived strain. At the same time, the transactional, call-by-call structure affords fine-grained
self-tracking (pre/post call, intervention windows) and rich contextual labeling (call type/difficulty, environment).
This combination makes call centers a suitable testbed for examining how workers interpret alignment and
misalignment between perceived and physiological stress, and for identifying what kinds of interface scaffolds
are needed to build dual-indicator literacy in practice.

3 STUDY DESIGN
This section presents the overall study design, covering the study procedure, in-the-wild stress data collection
with emotional workers, and stress data reflection after the data collection.

3.1 Overview of Study Procedure
Figure 1 shows the two-phase study procedure, consisting of a pilot and main study. Both followed the same core
protocol: (1) orientation, (2) in-the-wild data collection, and (3) post-interview. During orientation, participants
were briefed on the study and completed two pre-surveys on work-related stress (KOSS-19 [135], K-BAT [17]).
The pilot study (4 days, 3 participants) ensured that real-world deployment would not disrupt workflow and
helped refine the procedure. The main study (4 weeks, 19 participants) applied the refined protocol from the pilot
study, and post-interviews explored how participants interpreted and reflected on their stress-related data.

All procedures were IRB-approved, and informed consent was obtained. Because many aspects of the pilot and
main studies overlapped, we primarily describe the study design of the main study and describe the refinements
informed by the pilot study where relevant.

3.2 In-the-Wild Stress Data Collection
3.2.1 Participants. We recruited 19 call center workers (17 female, age: M = 38.90, SD = 5.81) from a Metropolitan
City Call Center in South Korea (see Appendix A for demographics and presurvey results). This female-skewed
sample reflects the broader South Korea call center workforce, where prior studies report that over 90% of workers
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Smartwatch (Galaxy Watch 7)

To collect physiological sensor data 
(HR, PPG, skin temperature, ACC)

Sending step event data

Smartphone (Galaxy S21/22)

To receive step event data from 
smartwatch and calculating step count 

To store environmental sensor data 

Sending environmental sensor data

Environmental sensor (bluSensor)

To collect environmental sensor data 
(temperature, humidity, CO2, tVOC)

Tablet (Galaxy Tab A7 Lite)
To provide diverse interventions via 
stress intervention system

To collect self-report data: 


1) pre-shift survey, 

2) post-call survey, 

3) post-intervention survey

4) post-intervention refusal survey

Call log and shift schedule
To collect each call’s start time, end 
time, and agents’ working schedule

Call center server

Fig. 2. Overview of the in-the-wild stress data collection setup. Physiological signals were collected using a smartwatch,
while environmental data were captured using an environmental sensor. A smartphone relayed step and environmental
sensor data, and a tablet application delivered stress interventions and collected self-reports. Call logs and shift schedules
from the call center server were used to contextualize stress data in relation to working conditions.

are women [10, 18, 58]. The average job tenure was 3.58 years (SD = 1.35). Participation was voluntary with
written informed consent, and each participant received $284.39 compensation. The call center operates with
staggered 8-hour shifts that ensure continuous service coverage across weekdays and weekends. Inbound calls
enter a shared queue and are routed to the next available worker, creating social pressure to minimize breaks
because downtime increases colleagues’ workload. Performance evaluations emphasize call volume, and workers
frequently handle complaints and emotionally demanding inquiries, resulting in high work-related stress.

3.2.2 Data Collection Setup. We designed the data collection environment to allow call center workers to perform
regular call-handling tasks while receiving intervention and logging multimodal stress data. In line with prior
in-the-wild stress sensing studies [12, 124, 134], we collected ecologically valid data to later support participant
reflection. Figure 2 shows the deployed sensing configuration. A tablet (Galaxy A7 Lite) ran our stress intervention
application to deliver intervention prompts and capture self-reports (Section 3.2.3 details the stress intervention
system). A smartwatch continuously recorded physiological signals, and an environmental sensor was placed at
each seat. A gateway phone (Galaxy S21 or S22) relayed smartwatch data and stored environmental readings
to ensure reliable data capture during work tasks; details on the collected data and measures are presented in
Section 3.2.5 and implementation details can be found in Section 3.4.

3.2.3 Stress Intervention System. To examine how interventions during real work tasks influence perceived
and physiological stress indicators, we developed a tablet-based system integrated into workers’ call-handling
workflows (Fig. 8). The system delivers brief coping interventions during inter-call periods and collects short
self-reports. To minimize workload interference, we selected eight micro-interventions completable within a few
minutes. Based on prior studies on intervention delivery [48, 52, 53], we designed an initial set of interventions
commonly adopted in occupational stress contexts. These interventions were then tested in the pilot study, and
those that workers found difficult to engage with or ineffective for stress relief were excluded; the main study
used the remaining eight interventions (Table 1). Following Lazarus and Folkman’s stress coping theory [79],
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Table 1. Intervention options evaluated in the study.

Coping Strategy Category Intervention Type Intervention Name

Emotion-
focused

Exercise Stretching Stretching

Mindfulness

Breathing Deep Breathing

Journaling

Gratitude diary I Did Well, Right?

Cheering Words I Need Right Now

Emotional diary Anger-Eating Fairy

Fidgeting Pop Protect Me

Eating Eating snacks Sugar Boost

Problem-focused Reframing Emotion detachment strategy Is It Because of Me?

Workflow

Survey

Interventions

Start Shift

Pre-shift Survey

Sleep Quality

General Health

Emotional State

Perceived Stress

Post-call Survey

Work Context

Emotional State

Perceived Stress

Stressor*

Post-intervention 
Refusal Survey

Reason for Refusal

Post-intervention 
Survey

Satisfaction

Effectiveness

Perceived Stress

Try a Random Intervention

Stretching Breathing Gratitude Diary Cheering Emotional Diary Pop Eating Snacks Emotion Detachment

IdleHandle Call(s) End Shift

Intervention 
Completed

Quit during 
Intervention

: Optional flow

: Workflow states

: Survey items

: Interventions

* :  Answered only if 
perceived stress ≥ 2 

a e

c

b d

Fig. 3. Overview of the daily task of call center workers. (a) At the beginning of the shift, they completed the pre-shift survey.
(b) In the idle state (between the calls), they completed the post-call survey. (c) After the survey, they tried an intervention
randomly recommended by the app. (d) If they completed the intervention, they responded to the post-intervention survey.
(e) If they quit during the intervention, they completed a post-intervention refusal survey.

we categorized interventions as emotion-focused (regulating emotional responses) or problem-focused (modi-
fying the stressor or appraisal). Emotion-focused interventions included stretching [95], guided breathing [39],
micro-journaling (gratitude [24], affirmation [129], emotional labeling [39]), fidgeting for discreet tactile en-
gagement [155], and a quick snack option [151]. The problem-focused intervention was cognitive reframing to
encourage brief emotional detachment [114], which briefly helps call center workers reinterpret uncontrollable
caller behavior and adopt a neutral, task-focused stance before the next call. We initially designed 12 interventions
but removed four after the pilot due to disruption or increased workload. The details of the final intervention sets
are presented in Appendix B.

3.2.4 User Tasks. At the start of each shift, workers completed a pre-shift survey (Fig. 3(a)) assessing their overall
condition before work, including sleep quality [14], general health [118], perceived stress [20], arousal [156],
valence [156], and fatigue [118] on 5-point Likert scales. After finishing a call, they could complete a post-call

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 2, Article 49. Publication date: June 2026.



Understanding Dual-Indicator Stress Sensemaking and Micro-Interventions in an Emotional-Labor Workplace • 49:9

Table 2. Overview of collected data with source, device, and frequency. Steps were aggregated with a 10-minute window,
with the sampling rate of 0.2 Hz. IBI data are collected irregularly, with each measurement providing a batch of interbeat
intervals for the entire segment. Abbreviations: HR = heart rate, IBI = inter-beat interval, PPG = photoplethysmogram, ACC
= accelerometer, tVOC = total volatile organic compounds.

Method Source Device Data Frequency

Passive
sensing

Call log server Call center server Call start time, Call end time, Shift schedule Per call

Wrist band Galaxy Watch 7

HR 1 Hz

IBI -

PPG 25 Hz

Skin temperature 1
60 Hz

ACC 25 Hz

Phone Galaxy S21–22 Steps 0.2Hz

Environmental
sensor

bluSensor
(BSP02AIR)

Temperature, Humidity, CO2, tVOC 0.1 Hz

Self-report Tablet
Galaxy Tab
(A7 Lite)

Pre-shift survey: Sleep quality, General health,
Perceived stress, Arousal, Valence, Fatigue

Per day

Post-call survey: Previous call type, Workload,
Perceived stress, Stressor, Arousal, Valence,
Fatigue, Surface acting

≥ 15 per day

Post-intervention survey: Intervention satisfac-
tion, Stress relief effect, Perceived stress

≥ 9 per day

Post-intervention refusal: Reason for refusal -

survey (Fig. 3(b)) assessing stress levels and capturing the preceding call context: call type (e.g., general inquiry or
complaint), perceived workload, perceived stress, arousal, valence, fatigue, and the extent of surface acting [13].
Stressor details were collected only when perceived stress was 2 or higher, indicating at least some level of stress.
A randomly chosen intervention followed the post-call survey (Fig. 3(d)) to balance exposure across the eight
intervention types and minimize bias. To minimize disruption to their workflow, we supported intervention
skipping by allowing them to choose between two options freely: responding only to the post-call survey for the
call or responding to the post-call survey and completing the intervention. If a call arrived during an intervention,
they could quit and indicate the reason through post-intervention refusal survey (Fig. 3(e)). After an intervention,
they completed a post-intervention survey (Fig. 3(d)) assessing satisfaction, perceived stress relief, and perceived
stress after the intervention. Full survey items are listed in Appendix C.

To balance ecological validity with burden, we set soft per-shift targets of nine post-call surveys and six post-call
surveys paired with an intervention; the application displayed progress toward these targets and cumulative
completions to help workers pace participation.
Interface details and screenshots are in Appendix G.

3.2.5 Collected Data and Measures. We collected self-report and passive sensing data to capture detailed contex-
tual information about call center workers’ stress experiences during calls and interventions (Tables 2 and 8).
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Call log data. We obtained timestamps for all calls and shift schedules to align sensing and self-reports with
call events. Because calls can trigger stress, these records enabled analysis of physiological and perceived changes
around stress-inducing moments. Shift schedules were used to verify that surveys were completed during their
working hours.

Wearable and smartphone sensing data. Participants wore a Galaxy Watch 7 to collect physiological
and behavioral signals. We recorded heart rate (HR), inter-beat intervals (IBI), and photoplethysmogram (PPG),
which are common inputs for stress estimation [87], and derived our physiological stress indicator from IBI (see
Section 3.4 for details). We also collected accelerometer (ACC) data and step counts to provide behavioral context
relevant to stress and mental health [43, 128].
Environmental sensing data. A bluSensor captured environmental conditions related to stress, including

temperature, humidity, CO2 concentration, and air quality (tVOC).
Self-reported data. We administered pre-shift, post-call, post-intervention, and post-intervention refusal surveys.

3.3 Stress Data Reflection
After data collection, we supported participants’ reflection on their stress-related data to help understanding
their experiences. We designed a visualization dashboard, extracted salient stress-related features, and used it
during post-interviews. The following subsections detail our dashboard design, feature extraction, and reflection
procedures.

3.3.1 Data Visualization: The Dual-Indicator Reflection Dashboard. We developed a dual-indicator reflection
dashboard as the primary tool for our post-interview sensemaking probes.

To address our RQs, the dashboard supports intuitive reflection on the complex and often divergent relationships
between stress indicators and context, through two key visualization targets, which became the dashboard’s two
modes:
(1) Stress states integrating perceived, physiological, and contextual data (Fig. 4)
(2) Stress changes before and after intervention delivery (Fig. 5)

A brief primer explains perceived and physiological stress to aid interpretations of each facet of stress (Fig. 4(a)
and Fig. 5(a)). Because presenting this multifaceted data in an interpretable way that effectively surfaced potential
divergences was a core design challenge, we iteratively refined the visualization: three authors built rapid
prototypes, five HCI researchers reviewed visual encodings and task support, and the lead author implemented
the final design.

Exploring multimodal stress states. In the state mode, users first view a calendar summarizing daily stress
trends (Fig. 4(b)), where color saturation reflects average stress score. Selecting a date (e.g., July 25th) reveals a
daily timeline of perceived and physiological stress indicators (Fig. 4(c)): purple bars indicate perceived stress
from surveys, and yellow bars represent normalized RMSSD computed at the same timestamps, black dots mark
call events, and green dashed lines indicate performed interventions. This supports observing how the two stress
states fluctuate over time and identify moments where they align or diverge.

To explore “why” stress occurs, users scroll to a treemap of factors associated with perceived and physiological
stress indicators (Fig. 4(d)). Rectangles represent factors; size and saturation encode association strength, and
hue indicates category (stressor, environment, situation, pre-shift). Stressor category refers to direct triggers of
stress originating from work or peers, reported in the post-call survey. The environment category reflects sensor-
measured workplace conditions. Situation category refers to contextual and physiological factors representing
the participant’s state during stressful events, including call context, affect, and physiological states (e.g., skin
temperature, step count). The pre-shift category captures baseline daily condition from the pre-shift survey.
Hovering reveals a tooltip with the factor name and correlation score, and a fixed-template summary highlights
top associations for each stress type (Appendix F.1).
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What is perceived stress? What is physiological stress?
It refers to how much you perceive yourself as “being under stress”. 
Even in the same situation, one person may experience it as highly 
stressful while another may feel less so. It mainly reflects thoughts, 
emotions, and interpretation of the situation, and it is recorded 
through the survey responses you submit.

The level of physiological arousal your body actually shows - i.e., the 
burden on your body. It is often computed based on changes in heart 
rhythms, electrodermal activity signals, and breathing patterns. Even if 
you do not consciously notice it, your body may still be under stress. 
Here, physiological stress is shown using changes in heart rhythms 
collected by your Galaxy Watch.
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Fig. 4. Overview of data visualization dashboard in state mode. (a) Brief explanation of perceived and physiological stress
indicators. (b) Calendar that summarizes daily stress trends. (c) Clicking on a specific day of a calendar reveals a timeline
of perceived and physiological stress indicators, alongside intervention and call records. (d) Treemap of correlation score
between the two stress types and related factors.
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What is perceived stress? What is physiological stress?
It refers to how much you perceive yourself as “being under stress”. 
Even in the same situation, one person may experience it as highly 
stressful while another may feel less so. It mainly reflects thoughts, 
emotions, and interpretation of the situation, and it is recorded 
through the survey responses you submit.

The level of physiological arousal your body actually shows - i.e., the 
burden on your body. It is often computed based on changes in heart 
rhythms, electrodermal activity signals, and breathing patterns. Even if 
you do not consciously notice it, your body may still be under stress. 
Here, physiological stress is shown using changes in heart rhythms 
collected by your Galaxy Watch.
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Fig. 5. Overview of data visualization dashboard in change mode. (a) Brief explanation of perceived and physiological
stress indicators. (b) Calendar that summarizes stress reduction trends. (c) Clicking on a specific day of a calendar reveals a
timeline of perceived and physiological stress indicators, alongside intervention and call records. Hovering over a dashed line
shows how the intervention changed stress, along with its name. (d) Bar chart showing average stress reduction for each
intervention.
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Exploring stress changes according to intervention delivery. In the change mode, users begin with a
monthly calendar showing whether stress increased, decreased, or no-changed across both weeks and weekdays
(Fig. 5(b)); darker colors indicate greater average stress reduction, and days without data remain white. Selecting
a date (e.g., July 29th) opens a daily timeline showing how stress changed after each intervention, enabling them
to examine “how stress changed” for both perceived and physiological data (Fig. 5(c)). Hovering over a dashed
line shows the direction of change for perceived and physiological stress indicators and the completed activity,
enabling comparison across instances and stress types.
To explore which interventions were helpful, users scroll to a bar chart ranking interventions by observed

stress-reduction effects for each stress type (Fig. 5(d)). Fixed-template summaries highlight key findings to help
users compare outcomes with expectations (Appendix F.2).

3.3.2 Data Preprocessing. We derived stress-related features across psychological, physiological, and contextual
dimensions for visualization and reflection.
Stress Indicators. Perceived stress scores from surveys served as the psychological indicator. We used root

mean square of the successive differences (RMSSD) from inter-beat intervals (IBI) as the physiological indicator,
as RMSSD is a standard short-term heart rate variability (HRV) metric reflecting vagally mediated regulation and
is widely used in wearable-based stress research [29, 125]. Higher RMSSD indicates greater recovery capacity
and reduced stress. While HRV is a widely used indicator of psychological stress [57, 106, 119, 158], it is prone
to confounders in free-living settings. Thus, we interpret RMSSD as an interpretable cue rather than a direct or
clinical proxy of “stress level” [47]. Although log-transformed RMSSD (e.g., lnRMSSD) is often used to reduce
skewness and improve statistical comparability across individuals [34, 136], our goal was not to claim an absolute
or population-level interpretation. Instead, we focused on a relative, within-person representation to facilitate
sensemaking by presenting an interpretable, personalized index alongside the 0–4 Likert scale for perceived stress.
Therefore, we applied per-participant min–max scaling [4, 99] over all valid windows to obtain a relative index in
the range of 0–4:

normalized RMSSD index = 4 ×
(
1 − 𝑅𝑀𝑆𝑆𝐷 −min(𝑅𝑀𝑆𝑆𝐷)

max(𝑅𝑀𝑆𝑆𝐷) −min(𝑅𝑀𝑆𝑆𝐷)

)
A higher index value indicates higher physiological stress indicator (i.e., lower RMSSD).

This linear scaling preserves equal visual steps in the dashboard and is used as a participant-specific, visualization-
oriented index for sensemaking rather than a population-wide measure.
Changes in perceived stress were calculated as the pre-post differences around each intervention. For the

physiological feature, we computed RMSSD in pre- and post-intervention windows and measured change as the
difference between the corresponding normalized RMSSD indicies, yielding a -4 to 4 range.
Data cleansing.We removed missing values, modality-specific outliers, and invalid intervals before feature

computation.
Environmental sensors: readings were normalized per device by subtracting each sensor’s full-period mean,

aggregated into 10-second windows, and windows without timestamps were discarded.
IBI : Invalid-status samples (e.g., non-wear, low accuracy) were excluded; intervals <300 ms or >2000 ms and

3×IQR outliers [59] were removed; windows without valid IBIs were discarded.
HR: Invalid-status samples (e.g., non-wear, low accuracy) and HR<30 bpm or >200 bpm were removed.
Others: skin temperature, step count, and accelerometer magnitude were validated by timestamp only. Survey

responses were joined only when valid timestamps were available across data types.
From 5,699 post-call survey-anchored samples, 15.02% (n=856) were excluded, leaving 4,843 valid samples

(mean=254.89 per person, SD=30.76). Most exclusions were due to missing valid timestamps in at least one
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modality (e.g., loose wristbands yielding only invalid data); when multiple surveys occurred between two calls,
we retained only the first.

Windowing. Post-call surveys were prompted immediately after call completion. Between call end and the
next call start, the gap had a median of 5.6 min (Q1=3.7, Q3=8.3; mean=8.9, SD=12.8; min=17s, max=133.8min),
indicating typically short intervals with occasional long delays (e.g., lunch breaks). Between consecutive post-call
surveys, the gap had a median of 15.7 min (Q1=8.4, Q3=38.4; mean=31.1, SD=38.2; min=0 s, max=325.2 min), with
occasional long gaps due to the daily target (fifteen post-call surveys per shift).

After cleansing, we computed features in windows anchored to each post-call timestamp 𝑡_𝑠 . By default, we used
a 5-minute window ([𝑡𝑠 − 5min, 𝑡𝑠 ]) to capture the immediate post-call period, consistent with short-term HRV
feature extraction and operationalizing early post-stressor recovery [115]. We used fixed-length windows rather
than full call duration because call lengths were highly variable (median=105s; Q1=64s, Q3=172s; mean=136.0s,
SD=111.6s; min=1s, max=28.05min), reducing comparability across calls. All modalities used the 5-minute window
except step count, which used 60 minutes because 5-minute windows yielded near-zero values under back-to-back
calls while a longer window provided meaningful variation.
Given typically short between-call intervals, this window is a practical approximation of post-call state in

our setting. In a small number of cases with long gaps, it may include break-related activity, so we interpret
windowed features as a practical approximation of the post-call state in an in-the-wild workplace setting, rather
than a precise measure of recovery timing for every instance.

Feature extraction. We aggregated sensor features within each window using the mean (and accelerometer
standard deviation) and aligned survey responses by timestamp.
For analysis, we constructed sessions anchored at each post-call survey, containing the pre-intervention

state (survey and concurrent sensor features), the recommended/performed intervention (if any), and the post-
intervention survey. We report the gap between the preceding call and intervention completion (median=2.6min;
Q1=1.8, Q3=3.9; mean=3.2, SD=2.6; min=23s, max=38.4min). The long tail reflects rare postponements in real-
world operations, such as workers taking a brief rest after emotionally taxing calls or delaying completion
during high workload and tightly packed call schedules. Nonetheless, the majority of sessions were completed
promptly, suggesting that delayed cases are outliers rather than the dominant between-call pattern. Notably, this
provides an upper bound on the true call-to-intervention-start gap, since the intervention necessarily started
earlier than its completion time. Accordingly, pre-post physiological changes around interventions may partially
reflect ongoing post-call recovery dynamics in addition to intervention engagement, and we interpret them as
in-the-wild approximations rather than precise causal estimates.

3.3.3 Data Reflection and Post-interview. In the post-interview session, participants engaged in data reflection
tasks by exploring their data via the dashboard for 10-15 minutes. Then they participated in a semi-structured
interview about their observations. We structured this session as a reflection-on-action activity commonly used in
personal informatics to support trace-grounded sensemaking, helping participants articulate interpretations and
reconcile prior expectations with observed patterns [65, 75, 97]. For each mode (state and change), we assigned
two reflection tasks.
Data exploration task in state mode. Participants inspected calendar views to obtain an overview of

weekly/weekday variation in stress states. For a chosen date, they identified aligned or misaligned intervals
between perceived and physiological stress indicators on the timeline and jointly reviewed situation, environment,
stressor, and environment data at those moments to derive candidate factors related to each indicator. During the
interview, participants reported newly recognized patterns and the data points referenced to interpret mismatches
(e.g., felt experience, call type/difficulty, environmental conditions), including factors judged most associated
with each indicator.
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Data exploration task in change mode. Participants used the calendar to observe weekly/weekday vari-
ation in stress reduction. For a selected date, participants inspected whether perceived or physiological stress
indicator increased, decreased, or no-changed after an intervention and explored which intervention types appeared
effective using data-driven rankings and patterns. In the interview, they described their criteria for judging an
intervention’s effectiveness (e.g., duration of the effect and (dis)agreement of pre- and post-intervention changes
across indicators), the intervention they felt was most effective, its (mis)alignment with data-derived rankings,
and any noticed bodily responses.

3.3.4 Analysis. We excluded P15 and P16 from all analyses due to survey response quality issues (survey
straight-lining); results therefore report N=17 (P01–P14, P17–P19).

We conducted an inductive thematic analysis [11] of interview data to understand participants’ perceptions of
their stress data. Korean speech-to-text service1 transcribed the recorded interviews. Three authors independently
open-coded the first nine interviews, then discussed and consolidated themes into an initial codebook. Using this
initial codebook, we coded the remaining interviews and finalized the codebook through team discussion.

For quantitative analysis, we computed within-person Spearman correlations (𝜌) between each stress indicator
(perceived, physiological) and contextual features spanning stressor, environment, situation, and pre-shift categories,
controlling false discovery rate with Benjamini–Hochberg (BH–FDR) at 𝑞 < .05. We also correlated (Spearman)
satisfaction with perceived effectiveness, and satisfaction with realized reductions in perceived and physiological
stress indicators across completed intervention sessions within person (BH–FDR per participant, 𝑞 < .05). To
assess correspondence between perceived and physiological reductions, we computed within-person Spearman
correlations between the two reduction measures across sessions (BH–FDR, 𝑞 < .05).

3.4 Implementation
We developed an end-to-end system for sensing, data transport, intervention delivery, and post-hoc visualization.
Using the Samsung Health Sensor SDK [28], Galaxy Watch 7 continuously sampled onboard sensors and buffered
data in 10-minute batches, transferred to a paired phone via Bluetooth Low Energy (BLE). HR and IBI were
obtained as device-provided outputs via the SDK (derived on-device from PPG), rather than recomputed from
raw PPG, following prior work using device-provided HR/IBI [19, 67, 157]. The phone time-stamped wearable
data, collected step counts through the Samsung Health Data SDK [27] 2, and received environmental readings
from bluSensor. A tablet app (TypeScript, React Native) delivered interventions and surveys, uploading data
independently. Both devices used data-enabled USIMs; 10-minute batches were uploaded with a retry-enabled
queue for reliability. All streams (wearable, mobile, environmental, intervention, and survey data) were stored in
Supabase (PostgreSQL) with linked participant and device IDs.

For visualization-assisted interviews, we implemented a web dashboard in TypeScript and React.js. To support
reproducibility, we release the source code of the dashboard and visualization pipeline (excluding the sensing/data-
collection) with a subset of de-identified processed data and input-schema documentation. The repository is
available at: https://github.com/Jeonghyun109/stress-data-dashboard.

4 RESULTS
In this section, we present our findings from the interviews, highlighting the sensemaking patterns participants
interpret in an emotional labor workplace setting. We organize results to answer our research questions. We first
explore how participants interpret perceived and physiological stress indicators with contextual data (RQ1). We

1https://clovanote.naver.com
2We retrieved step counts on the phone via the Samsung Health Data SDK [27] because Samsung Health aggregates step data in the phone’s
Samsung Health data store, providing a single consistent step stream for analysis.
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then examine how participants evaluate micro-interventions and make sense of the subsequent, often divergent,
stress changes (RQ2).

4.1 Understanding of Perceived and Physiological Stress Indicators with Contextual Data (RQ1)
4.1.1 Initial Perception of Perceived and Physiological Stress Indicators. Before dashboard exploration, we asked
how participants differentiated perceived and physiological stress indicators. Participants described both under
stress but experienced in distinct dimensions. Thirteen participants described perceived stress as a subjectively
perceived or mentally experienced form of stress: “Perceived stress is just the stress I feel in my mind, something I
sense in my head.” (P09) Fifteen participants understood physiological stress indicator as bodily manifestations of
internal physiological reactions, citing symptoms such as headaches (n=4), increased heart rate (n=4), muscle
tension (n=2), chest tightness (n=2), indigestion (n=1), warmth/heat sensation (n=1), and shortness of breath
(n=1). For example, P01 stated, “When my body reacts, like grabbing the back of my neck or feeling heat rise, that
feels like physiological stress.” However, most were unaware that physiological stress indicator could be measured
through biosignals (e.g., pulse/heart rate) despite the written explanation of indicators on the user interface; only
three mentioned such signals. As P04 noted, “When people get nervous, their heart beats faster. I think it’s checked
through heart rate, just like when your heart races not only from stress but also when someone you like is in front of
you.”
In summary, participants framed perceived stress as subjective emotion and physiological stress indicator as

bodily sensation, but largely lacked awareness of stress measurement via physiological signals.

4.1.2 Contextualizing Perceived and Physiological Stress Indicators. Interestingly, participants’ interpretations of
the data did not align with the aforementioned correlation analysis or the correlation patterns in the dashboard.
Instead, they reconstructed their understanding of data based on personal experiences and intuitions, articulating
subjective interpretations of their stress. While exploring the treemap on the dashboard, participants identified
factors they believed were most closely related to perceived and physiological stress indicators. Eleven participants
primarily pointed to self-reported stressor items such as communication issues with customers and rude customers
as major causes of perceived stress. P10 explained, “When communication with customers doesn’t go well, it’s
exhausting, and since I have to maintain politeness, I end up suppressing my emotions, which itself becomes stressful.”
Similarly, three participants cited complaint calls and workload as recurring challenges that demanded emotional
regulation, thereby amplifying perceived stress. P13 remarked, “Complaint calls cause the most stress. . . those are
the hardest because I have to start by hiding my emotions.”
Regarding HRV-based indicator of physiological stress, participants mentioned similar stressors. Eleven

participants identified communication issues with customers, rude customers, and time pressure as key triggers,
explaining that they elicited immediate bodily reactions. P07 said, “When I hear profanity during a call, my heart
races and my hands tremble.” Compared to the cases of perceived stress, interestingly, five participants pointed
to fatigue as a core factor contributing to physiological stress indicator, attributing heightened stress levels to
accumulated exhaustion. P11 stated, “Since I’m at the menopausal age, I often can’t sleep well, so when I come to
work tired, that situation likely increased my physiological stress.” Notably, these interpretations did not align with
the actual correlation analysis results (Figure 11).
Overall, these participants reinterpreted the data through the lens of their lived experiences, identifying

everyday fatigue, emotional regulation efforts, and customer interactions as primary contributors to physiological
stress indicator. Most participants did not mention environmental data when interpreting their perceived or
physiological stress indicators, largely due to their limited understanding of such indicators. As P02 noted, “I’m
not really sure about the environmental data, and it’s hard to tell how much it actually reflects stress.” However,
some participants began to recognize potential links between physiological stress indicator and environmental
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factors: “Since physiological stress reflects changes in my body, I think stressors and environmental factors might
have had a big influence. Looking back now, the temperature data really stands out to me!” (P04).
In summary, rather than passively accepting data-driven results, participants sought to make sense of their

stress by reconciling the data with their personal experiences, intuitions, and levels of understanding, thus
constructing their own interpretations of perceived and physiological stress indicators.

4.1.3 Interpreting Discrepancies between Perceived and Physiological Stress Indicators. Participants compared
perceived and physiological stress indicators side by side on the dashboard tomake sense of their stress experiences.
Eight participants tended to trust objectively measured indicators, such as physiological stress indicator, even
when the data differed from their subjective judgment. P02 noted, “Perceived stress reflects my subjective judgment,
while physiological stress reflects bodily responses with subjective elements. So I think physiological stress is accurate.”
In contrast, four participants interpreted the discrepancy based on situational factors, such as P07 explained,
“When I had COVID-19, I was coughing so much that I couldn’t handle calls properly. The calls themselves were easy,
but since my body was exhausted, I think my physiological stress appeared higher.” Two participants attributed
their higher perceived stress compared to physiological stress indicator to emotional suppression and accumulated
tension. P06 described, “As I keep doing work, stress builds up, and when emotions are suppressed like that, I get
upset over even small things. So my perceived stress feels much higher.”
After recognizing the discrepancy, participants differed in which indicator they considered a more accurate

reflection of their stress. Similar to earlier findings, seven participants regarded physiological stress indicator as
more trustworthy. Four of them believed that bodily sensations are more accurate than subjective feelings. P17
said, “First of all, I feel that the physical stress my body sensed seems more accurate. It literally tracks my bodily
reactions, and since those reactions are used to indicate stress, it even picks up moments when I wasn’t consciously
aware that I was feeling stressed.” The remaining three participants found the physiological stress indicator
trends consistent with their daily stress experiences, thus deeming it more reliable: “The [contextual] pattern of
physiological stress was almost what I expected. When I usually feel stressed during work, I could see those moments
reflected in slightly higher physiological stress values, which matched my expectations.” (P09) Conversely, five
participants felt that perceived stress better captured their actual condition since it was directly experienced and
consciously assessed. P05 remarked, “Perceived stress aligns with what I think, but physiological stress made me
realize that it could be high even when I don’t feel it that way.” Furthermore, several participants viewed the two
indicators not as separate but as complementary. P10 explained, “I feel stress when both the cognitive and bodily
parts act together. It’s hard to think of them as independent.” Similarly, P09 added, “When perceived stress is high, I
believe the body also reacts, so I don’t see them as unrelated.”
Thus, participants did not perceive the discrepancy between perceived and physiological stress indicators as

merely a measurement issue. Rather, they used these differences as opportunities to reflect on their cognitive and
bodily responses, reinterpreting and making sense of their overall stress experiences through the comparison of
both indicators, along with contextual factors.

4.2 Preference of Intervention and Understanding of Post-intervention Changes (RQ2)
4.2.1 Intervention Preference and Effectiveness. We first examined participants’ preferences and perceived ef-
fectiveness for the eight stress-relief interventions. Participants demonstrated diverse preferences for each
intervention, and their reasons varied across individuals (see Table 3). The most preferred interventions were
Stretching, Protect Myself, and Breathing (each n=14), followed by Sugar Recharge (n=13), Anger Fairy (n=10), I Did
Well, Right? (n=9),Words I Want to Hear Now (n=9), and Is It Because of Me Now? (n=7).

Figure 6 illustrates the distributions of satisfaction, perceived effectiveness, and actual reduction rates in both
perceived stress and HRV-based physiological indicator for each intervention. Satisfaction and perceived effective-
ness generally ranged from moderate to high levels (3-4 points), though variation existed across interventions. In
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Table 3. Reasons for preferring and not preferring each interventions. 𝑁 indicates the number of participants who preferred
the intervention.

Intervention (𝑁 ) Preference reasons Dislike reasons

Stretching (14) Refreshing, Following instructions is helpful Lack of time, Lack of space, Feeling self-conscious
(noticed by others)

Protect Me (14) Relieve anger, Stress releases through fidgeting
(like a game), Refreshing

Cannot relate to the idea of a character protecting
me

Deep Breathing (14) Refreshing, Calms the mind, Allows time to prepare
for the next call

Lack of time, Difficult to follow instructions as di-
rected

Sugar Boost (13) Eating snacks relieves stress Health issue or is not preferred, Effect is not imme-
diate

Anger-Eating Fairy (10) Emotional dumping ground, Can calmly reflect on
and organize the stressful situation

Makes one reflect on stress, Cannot think up a word

I Did Well, Right? (9) Can reflect on one’s own feelings, Self-reassurance,
Receives comfort

Don’t want to recall stressful situation, Cannot
think up a word as time passes, Lack of time

Words I Need Right Now (9) Can reflect on one’s own feelings, Enjoy the feeling
of being talked to

Vague feeling, Cannot think up a word to say as
time passes

Is It Because of Me? (7) Separate emotion from work which helps to hold
it in

Cannot relate as the content does not apply to their
situation

contrast, actual stress reduction rates showed substantial individual differences for both stress types, and in some
cases, stress even increased (negative values). The median reduction rate of perceived stress was approximately
10–20% across most interventions, with large interindividual variability. The physiological feature (RMSSD)
exhibited even greater variability, ranging from -50% to +100%.
To further explore the relationships among intervention satisfaction, perceived effectiveness, and actual re-

duction in perceived and physiological stress indicators, we conducted correlation analyses (Table 4). Across
all participants, satisfaction and perceived effectiveness showed a strong positive correlation, indicating that
participants consistently regarded satisfying interventions as effective. However, correlations between satisfaction
and actual perceived stress reduction varied among individuals. For instance, P09 exhibited a strong positive
correlation (r=0.937, q<.01), suggesting that satisfying interventions effectively reduced perceived stress for
this participant, whereas mostly others showed weak to moderate positive correlations that were not statisti-
cally significant. Similarly, correlations between satisfaction and changes in the physiological indicator varied
substantially across participants and were not significant.

The discrepancy between perceived effectiveness and actual stress reduction was also reflected in interviews.
P07 noted, “I thought breathing would help, but it actually didn’t, and on the other hand, interventions that required
me to write something felt stressful but turned out fine in the data.” Fourteen participants mentioned that when
intervention outcomes differed from their expectations, they were prompted to reassess their prior beliefs or
judgments. For example, P08 recalled, “I was surprised that a solution I thought was good increased my stress. Seeing
the data made me realize it might have been more about the call itself than the intervention.” Some participants also
discovered previously overlooked effects through the data, particularly noticing benefits from interventions they
had initially perceived as less effective. P12 reflected, “I didn’t feel much of a difference, but my physiological stress
actually decreased. It seems like ‘Words I Want to Hear Now’ was more effective than I thought.”
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(a) (b)

(c) (d)

Fig. 6. Distribution of intervention evaluations and outcomes. (a) intervention satisfaction (5-point Likert scale), (b) perceived
effectiveness (5-point Likert scale), (c) the reduction rate of a perceived stress indicator (%), and (d) the reduction rate of a
physiological stress indicator (%). For the stress reduction rate, positive values indicate a decrease in stress, and negative
values indicate an increase.

4.2.2 Interpreting Discrepancies between Changes in Perceived and Physiological Stress Indicators. In addition to the
mismatch between satisfaction and intervention effects, no consistent relationship was observed between changes
in perceived and physiological stress indicator. Participant-wise correlation analyses revealed no statistically
significant associations between the two stress reduction rates for any participant (see Table 5). This finding
suggests that the same intervention may influence perceived stress and physiological stress indicator in distinct
ways.

Figure 7 compares the reduction rates of perceived stress and physiological stress indicator for four participants
(P04, P09, P14, P18) across interventions. For P04, perceived stress decreased by approximately 20% after engaging
with I Did Well, Right?, while the physiological stress indicator increased by 90%. P09 exhibited generally similar
changes across both stress types, but in Protect Myself, perceived stress decreased while a physiological stress
indicator slightly increased. P14 showed pronounced discrepancies, with perceived stress increasing in Is It
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Table 4. Per-participant Spearman’s correlation between intervention satisfaction and other measures related to interventions.
Asterisks indicate significance levels after FDR correction for each metric: * q <0.05, ** q <0.01, *** q <0.001.

PID
Correlation

Perceived effectiveness Perceived reduction Physiological reduction

P01 0.945*** 0.525 0.195
P02 1*** 0.279 -0.031
P03 0.989*** -0.03 0.028
P04 0.811* 0.611 -0.028
P05 1*** 0.554 0.515
P06 1*** 0.676 0.399
P07 0.991*** 0.361 0.299
P08 0.989*** 0.59 0.576
P09 0.977*** 0.937** 0.856
P10 0.988*** 0.476 0.648
P11 0.975*** 0.494 0.101
P12 0.968*** 0.668 -0.522
P13 0.86** 0.357 0.414
P14 0.787* 0.375 -0.233
P17 0.969*** 0.874 0.745
P18 0.957*** 0.687 0.153
P19 0.941*** 0.463 0.034

Table 5. Per-participant Spearman’s correlation between the reduction of perceived and physiological stress indicators.

PID Correlation PID Correlation PID Correlation

P01 0.038 P07 0.124 P13 0.058
P02 -0.092 P08 -0.111 P14 -0.148
P03 0.058 P09 0.152 P17 0.301
P04 -0.194 P10 0.081 P18 0.112
P05 0.066 P11 0.053 P19 0.084
P06 0.095 P12 -0.025

Because of Me Now? and Stretching, whereas the physiological stress indicator either decreased or increased in
the opposite direction. P18’s reduction rates of the physiological stress indicator were generally higher than
perceived stress reductions, yet in Sugar Recharge, the physiological stress indicator increased while perceived
stress decreased. These examples illustrate that even within an individual, perceived stress and physiological
stress indicator can respond differently depending on the intervention.
After using the dashboard, a majority of participants (n=12) reported newly recognizing that a decrease in

perceived stress does not necessarily accompany a decrease in a physiological stress indicator. Participants did
not regard this inconsistency as a mere measurement error but instead sought to interpret it in relation to their
personal context, habits, or bodily characteristics, rather than assuming that the interventions directly modulated
their physiological signals. Five participants attributed the discrepancy to their lifestyle or behavioral factors.
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(a) (b)

(c) (d)

Fig. 7. Per-intervention stress-reduction rates (%) for four participants: (a) P04, (b) P09, (c) P14, and (d) P18. For each
intervention, paired bars show the reduction of perceived and physiological stress indicators relative to the pre-intervention
baseline; positive values indicate decreases in a stress indicator and negative values indicate increases after the intervention.
Perceived Reduction indicates the perceived stress reduction rate and Physio. Reduction indicates the reduction rate of a
physiological stress indicator.

For instance, P03, who experienced a decrease in perceived stress but an increase in the physiological stress
indicator, linked the pattern to physical activity: “The perceived stress reduction from stretching was the highest,
around 20.8%, but here [physiological stress] it shows –28.2%, completely opposite results. Maybe it’s related to exercise
intensity or heart rate; I stretched quite actively.” Three participants focused on the temporal gap between cognitive
and physiological recovery. P04 explained, “The data show perceived stress going down but physiological stress
going up. Maybe my mood improved while stretching, but the stress embedded in my body, like dizziness, headaches
from complaint calls, or chest tightness, didn’t subside immediately.” Likewise, P05 commented that physiological
recovery might not be immediate under prolonged stress: “I think breathing or stretching helped me mentally, but
when stress has been accumulating for a while, physiological stress levels don’t go down right away.”

Therefore, participants did not interpret discrepancies between changes in perceived stress and physiological
stress indicators as errors. Rather, they contextualized these differences within their behaviors, conditions, and
recovery pace, constructing personalized explanations that integrated both perceived and bodily dimensions of
stress experience.
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5 DISCUSSION
Our study explored how emotional laborers who frequently experience stress [138] understand and interpret stress
indicators, contextual data, and stress changes following interventions. Through four weeks of data collection
and in-depth interviews, we analyzed how participants perceived and made sense of these data. Participants
interpreted moments of alignment and misalignment between the two indicators, as well as post-intervention
changes, by drawing on their personal experiences and contextual environment, with related data. These findings
distinguish our work from prior studies that have primarily focused on improving stress-modeling [42, 118]
or evaluating intervention effectiveness [16, 22]. We foreground how people actually understand and interpret
complex stress and intervention data in everyday contexts. In the following, we discuss these findings in depth
and present several implications for future sensing-based stress management systems.

5.1 Supporting Stress Data Literacy in Call Center Context
In our study, despite providing a dashboard with explanatory information, some participants had difficulties in
developing clear mental models for interpreting their stress-related data. For example, they tended to interpret
physiological stress indicator primarily in terms of subjective sensations such as ‘fatigue’, rather than in relation
to HRV signals and underlying physiological processes. Even with basic explanations of multiple indicators,
participants often struggled to relate these data to their concrete stress experiences and work contexts, reflecting
limitations in their overall stress data literacy.
Importantly, data literacy is not acquired through one-time information delivery, but is gradually developed

through an iterative process of connecting their data with everyday experience and reflecting on it over time [150].
For non-expert users who are unfamiliar with data, this process often requires continuous interpretive scaffolding
to support the connection between diverse data sources and their everyday work and personal experiences [63].
However, in high-intensity and emotionally demanding environments such as call centers [138], participants have
limited opportunities to engage in sustained reflection. Under these conditions, conventional reflection-support
approaches that assume prolonged interaction are unlikely to align with users’ actual work practices.

In response to these constraints, supporting reflection-in-action [122] through brief, in-situ reflective practices
embedded in everyday work may offer a more practical alternative [7]. For example, systems can leverage AI-based
guidance to provide lightweight and situationally relevant support. Recent studies have proposed approaches that
use large language models to scaffold users’ interpretation of sensor data through structured explanations and
contextualized feedback [19, 86, 154]. In call center contexts, such guidance is better implemented through short,
structured prompts delivered at low-burden moments, such as between calls or after work, rather than through
open-ended conversations [25, 100]. By encouraging users to relate their work experiences to stress-related
signals, these reflection-in-action practices can gradually strengthen users’ interpretive capabilities, even under
constrained time and cognitive capacity.

5.2 Understanding Discrepancy between Perceived and Physiological Stress Indicators
Participants experienced situations in which perceived stress and physiological stress indicators showed discrep-
ancy, or in which the two indicators exhibited different patterns of change following an intervention. Participants
interpreted discrepancies in relation to their own bodily conditions, experiences, and work contexts. Some
participants explained the mismatches by referring to factors such as emotional suppression, accumulated fa-
tigue, work-related burdens, and lifestyle habits. Even when the same intervention affected the two indicators
differently, participants tended to interpret these outcomes not as failures of the intervention, but as temporary
relief, delayed recovery, or individual differences. Through this process, they came to use both indicators as
complementary sources of information for understanding their cognitive and bodily states. These findings suggest
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that discrepancies between perceived and physiological stress indicators are difficult to explain through a single
cause or definitive interpretation.

These discrepancies can be interpreted in light of prior studies reporting differences between stress reactivity
and recovery [41, 81]. Previous studies have shown that physiological responses to stressors tend to emerge
relatively quickly, whereas recovery may take longer and exhibit individual differences [6]. As a result, physio-
logical indicators measured at a specific point in time may not fully reflect individuals’ psychological states due
to variations in recovery speed [81]. Conversely, individuals may cognitively perceive themselves as stressed
while exhibiting relatively weak or indistinct bodily responses.

This temporal mismatch is particularly relevant in the context of micro-interventions, which, while brief in
duration, are often sufficient to elicit partial physiological recovery. In our study, the HRV-based physiological
stress indicator after intervention may capture early recovery processes rather than complete recovery since
we use short-term HRV features over a 5-minute window anchored to each post-intervention. Within this time
frame, physiological signals can reasonably reflect initial down-regulation following a stressful call, yet may not
fully capture longer-term recovery trajectories that unfold over extended periods. We posit that the degree and
timing of such recovery could vary substantially across individuals, reflecting differences in baseline autonomic
regulation, accumulated fatigue, and ongoing work demands. Moreover, participants were embedded in work
contexts characterized by repeated and closely spaced stressors, such that physiological regulation often unfolded
within overlapping cycles of stress and recovery rather than discrete, isolated episodes. Under these conditions,
physiological measures computed in short post-call or post-intervention windows may capture a mixture of
partial recovery and residual activation from prior calls, even when individuals subjectively perceive relief or
improvement following an intervention.
Taken together, discrepancies between perceived and physiological stress indicators in our findings should

not be interpreted as failures of measurement or intervention. Rather, they reflect the temporal, individual, and
contextual complexity of stress regulation in everyday work settings, thus underscoring the value of supporting
within-person sensemaking through multiple, complementary indicators rather than relying on a single, absolute
measure of stress.

5.3 Misalignment between Measure-Derived Efficacy and User-Perceived Value
One of our findings is the misalignment between the measure-derived efficacy of interventions (changes in per-
ceived and physiological stress indicators) and user-perceived value (e.g., satisfaction and perceived effectiveness).
For instance, in the case of the breathing intervention, despite minimal reduction in the physiological stress
indicator in the data, one participant (P07) stated that the ability to forget the frustrating emotion and focus on
oneself was the greatest reward. This highlights a tension in stress management systems; optimizing measured
efficacy risks low acceptance when users are engaged with non-preferred options, while prioritizing preference
may favor enjoyable interventions with limited measurable impact.
To address this dilemma, we can utilize the concept of value-based intervention, which emphasizes aligning

system goals with users’ intrinsic priorities and tolerability. In healthcare, value-based approaches respect patients’
lived experiences rather than focusing solely on measurable outcomes [139]. Adapting this to our context, we
define user-perceived value as the benefits users prioritize and are willing to act on in the moment (e.g., emotional
relief, satisfaction, and tolerability). Accordingly, systems should not seek a single optimal intervention, but
instead frame intervention recommendation as a multi-objective decision problem that considers measure-derived
efficacy, user-perceived value, and feasibility constraints together [56, 113]. For example, a system can present
a small set of Pareto-efficient options and briefly explain their trade-offs, thereby reducing users’ reliance on
satisfaction-only heuristics when making choices. This approach is consistent with our findings showing that
workplace conditions, such as time pressure and limited privacy, decisively shape what users can tolerate and
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value in the moment. In this context, feasibility should be treated as an important design consideration [98],
motivating the need for low-burden micro-interventions that can be completed within brief and unpredictable
gaps between tasks [3, 8].

While value-sensitive design [37, 38] is important at the intervention stage, it is equally critical in reflection to
reduce the misalignment over time. We propose value-based reflection as a learning loop that continuously links
and adjusts user-perceived value with measure-derived efficacy. Specifically, the system can (i) summarize which
intervention users selected under a given context and what they considered valuable in that moment, (ii) present
these choices alongside subsequent trajectories of perceived and physiological stress indicators, and (iii) surface
recurring mismatch patterns (e.g., “high relief but limited recovery”). In this process, measure-derived efficacy
functions not as a criterion to evaluate or invalidate users’ choices, but as a calibration signal that incrementally
adjusts future recommendations. Through this reflection-driven calibration loop, systems can respect what users
value in the moment while progressively personalizing intervention recommendations toward options that better
align with longer-term stress recovery.

5.4 Limitations and Future Work
Our study has several limitations. First, although HRV has been widely used as an indicator for estimating
physiological stress in prior stress and health research [46, 57, 106, 119, 158], there are limitations in interpreting
HRV as a direct representation of participants’ physiological stress. In in-the-wild settings, HRV can be influenced
by various confounding factors such as physical activity, posture, respiration, caffeine, illness, and sensor artifacts,
which may prevent it from fully capturing physiological stress [47, 130]. Although we applied careful data
cleansing procedures to reduce the impact of such confounders, physiological stress can still be influenced by
other factors. For example, activity-related signals such as subtle wrist-motion changes (e.g., fidgeting) may
co-occur with stress for some individuals [26]. Prior work suggests that stress can manifest through subtle
behaviors in workplace settings (e.g., keystroke dynamics) [32, 82, 89]. However, we could not disentangle
stress-related behaviors from measurement confounds.
Building on this limitation, future research could incorporate additional signals, such as physical responses

(e.g., headache, bodily tension, and fidgeting), as well as other physiological or contextual data, to better reflect
physiological stress. In addition, the interface should avoid presenting physiological indicators in overly definitive
ways and instead adopt representations that make uncertainty explicit. For example, labeling such values as
“estimates” or “reference indicator” may help users treat them as interpretive cues rather than as ground truths.

Second, data-driven reflection was conducted after the four-week data collection period, which may have
made it difficult for participants to accurately recall their stress experiences and the underlying causes at the
time. This corresponds to reflection-on-action, which refers to retrospective reflection that takes place after an
activity has occurred [122]. When the timing of reflection is temporally distant from the lived experience, as in
our study, participants may face limitations in reconstructing and interpreting their stress experiences. Future
work should therefore be designed to provide more frequent and timely opportunities for reflection in everyday
life. For example, providing brief summary feedback at moments temporally close to the experience, such as
immediately after the end of the workday or following a break, may help users connect their data with their lived
experiences in context and engage in more situated reflection.
Another limitation is that the intervention set was refined after the pilot primarily based on usability and

workflow fit. For example, the “Hydration Break” was removed because pilot participants found it less helpful or
practical in the tightly constrained between-call context, potentially excluding interventions with physiological
benefits. Future work should more clearly separate usability-driven refinement from efficacy evaluation.
Additionally, because interventions were executed between calls, pre-post physiological changes around

interventions may be partially confounded by ongoing post-call recovery rather than reflecting intervention
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effects alone. Future work should model recovery to decouple intervention effects from call-related physiological
residuals.
Finally, this study focused on stress within the specific call center workplace setting and the sensemaking

processes of workers within that context. However, the implications of sensemaking with physiological data
extend to other high-stress domains beyond emotional labor. Future research should investigate whether similar
patterns of discrepancy appear in professions characterized by extreme physiological stress, such as soldiers in
training or delivery workers under time constraints. For instance, in physically demanding jobs (e.g., delivery,
construction), physiological spikes might be misinterpreted as physical exertion rather than stress, presenting a
different challenge for stress tracking systems compared to the sedentary setting of call centers. Extending this
research to a broader set of target populations will provide a better understanding of how different categories of
work stressors, such as emotional and physical demands, impact users’ interpretation of bio-data.

6 CONCLUSION
This work investigated how emotional laborers make sense of dual stress indicators (perceived and physiological
stress) in a call center setting. In a four-week in-the-wild deployment with a reflection dashboard and interviews,
participants compared both indicators alongside contextual factors. Participants grounded their interpretations in
lived experience, often referencing call context and fatigue. When indicators diverged, many treated mismatches
as informative, with several trusting the physiological indicator over subjective judgment; however, limited
literacy about biosignals and environmental measures constrained interpretation depth. Intervention satisfaction
aligned with perceived effectiveness but it did not reliably predict measured stress reduction: reduction rates
exhibited substantial individual variability, and perceived and physiological changes often diverged for the same
intervention even within participants. Participants attributed divergence to behavior, lifestyle, and recovery lags
rather than dismissing it as noise. From these findings, we suggest systems should visualize divergence and
potential recovery lags, scaffold physiological data literacy so biosignals are interpreted as uncertain cues rather
than definitive ground truth, and personalize interventions via multi-objective trade-offs among efficacy, value,
and feasibility.
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A Demographic Information

Table 6. Overview of participants’ demographic characteristics and pre-survey responses.

PID Gender Age Years of Experience Pilot PID Gender Age Years of Experience Pilot

P01 F 38 ≥ 2 years Y P11 F 34 ≥ 2 years N
P02 F 43 ≥ 5 years Y P12 F 50 ≥ 5 years N
P03 F 35 ≥ 5 years Y P13 F 50 ≥ 5 years N
P04 M 37 ≥ 3 years N P14 F 31 ≥ 5 years N
P05 F 38 ≥ 3 years N P15 F 42 ≥ 3 years N
P06 F 38 ≥ 1 year N P16 F 44 ≥ 5 years N
P07 M 42 ≥ 3 years N P17 F 31 ≥ 3 years N
P08 F 34 ≥ 5 years N P18 F 44 ≥ 3 years N
P09 F 42 ≥ 5 years N P19 F 33 ≥ 2 years N
P10 F 33 ≥ 3 years N

Table 7. Participants’ results on pre-survey. Score values are mean ± standard deviation across participants (n=19). KOSS-
19 (Korean Occupational Stress Scale) is a job stress questionnaire (emotion labor-related), and K-BAT (Korean Burnout
Assessment Tool) is a Korean version of the job burnout assessment scale.

Survey type Category Score Max score

KOSS-19

Physical environment 4.21±1.18 10

Job demands 5.37±1.16 15

Job autonomy 5.00±1.05 10

Relationship conflict 6.47±1.12 10

Job insecurity 5.05±1.08 10

Organizational system 11.47±1.54 20

Unfair compensation 5.84±0.83 10

Work-life balance 5.52±0.70 10

K-BAT

Exhaustion 24.63±4.80 40

Mental distance 11.11±2.82 20

Impaired cognitive control 11.84±2.91 25

Impaired emotional control 12.63±3.15 25

In the pre-survey (see Table 7), participants showed moderate levels of stress across most categories, with
lower stress in job demands and less burden from impaired cognitive control. However, they reported higher
stress in relationship conflict and greater burden from exhaustion.
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B Intervention Details
• Stretching: Participants were given three types of stretching exercises: shoulder and hip, rounded shoulder
and back, and lower back and shoulder. Participants selected one type and followed video instructions. The
entire procedure took less than five minutes.

• Deep Breathing: Participants were instructed to breathe in for 4 seconds, hold their breath for 7 seconds,
and breathe out for 8 seconds. This procedure was repeated three times.

• I Did Well, Right?: Participants wrote at least one thing they did well in the previous call, including even
minor accomplishments.

• Words I Need Right Now: Participants were asked to write short words or phrases they would like to
hear at the moment, such as words of comfort or determination.

• Anger-Eating Fairy: Participants were asked to write about frustrating moments they experienced during
the previous call. Then, an animation played in which a character consumed (or “ate up”) the written text.

• Protect Me: Participants tapped on the screen to create a shield over a character, which expanded with
each tap. They were required to tap 30 times to complete the intervention.

• Sugar Boost: Participants were asked to eat some sweets.
• Is It Because of Me?: Participants answered three questions, each accompanied by three suggested
responses. Afterward, they were shown a predetermined answer script for each question, described in
Appendix B.1.

B.1 Script of “Is It Because of Me?” Intervention

Q1. Some words come and go, but some linger in your heart. Are you feeling that way now?
• Options: Yes, kind of / I’m not sure / I’m okay
• Answer: Whatever you’re feeling is okay. Emotions often stay quietly inside us longer than we think,
and sometimes they just rise to the surface unexpectedly.

Q2. Do you think they really meant those words? Perhaps they said it not because they dislike you, but because
they were frustrated with the situation. What do you think?
• Options: It felt like they meant it to me / It seemed because of the situation / I’m not sure
• Answer: Whatever you’re feeling is okay. Emotions often stay quietly inside us longer than we think,
and sometimes they just rise to the surface unexpectedly.

Q3. Do you feel like you need to keep holding on to this feeling? What would you like to do with it right now?
• Options: I want to let it go for a while / I’ll hold on to it a bit longer / I’m not sure
• Answer: That’s okay. Whatever you choose is okay. Just remember—this feeling is not your fault. If you
can let it go, that’s a way of protecting yourself.
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C Survey Items

Table 8. Summary of collected Pre-shift survey items.

Survey Category Question Answers

Sleep quality How would you rate the overall qual-
ity of your sleep last night? Very poor (1) - Very good (5)

General health How would you rate your overall
health at this moment? Very poor (1) - Very good (5)

Pre-shift Perceived stress How stressed do you feel right now? Not at all (1) - Very much (5)

Arousal How would you describe your cur-
rent emotional state? Very calm (1) - Very energetic (5)

Valence How would you describe your cur-
rent emotional state? Very negative (1) - Very positive (5)

Fatigue How fatigued do you feel right now? Not at all (1) - Very much (5)

Table 9. Summary of collected Post-call survey items.

Survey Category Question Answers

Previous call type Please select the type of the previous
call you handled. General inquiry / Complaint

Workload Do you feel that your current work-
load is too low or too high? Very low (1) - Very high (5)

Perceived stress How stressed did you feel during the
previous call? Not at all (1) - Very much (5)

Post-call Stressor
Please select all factors that caused
you stress. (Multiple selections al-
lowed)

Felt that my abilities were insufficient / Difficulty in under-
standing the tasks / Pressure from performance evaluation
/ Dissatisfaction with work procedures / Communication
issues with customers / Rude customers / Time pressure /
Noise from surrounding people / Conflicts or issues with
colleagues / Other

Arousal During the previous call, how would
you describe your emotional state? Very calm (1) - Very energetic (5)

Valence During the previous call, how would
you describe your emotional state? Very negative (1) - Very positive (5)

Fatigue How fatigued did you feel during the
previous call? Not at all (1) - Very much (5)

Surface acting
During the previous call, to what ex-
tent did you try to hide your true
emotions?

Not at all (1) - Very much (5)
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Table 10. Summary of collected Post-intervention survey items.

Survey Category Question Answers

Intervention satis-
faction

How satisfied were you with the in-
tervention you completed? Not at all (1) - Very much (5)

Post-
intervention

Perceived effec-
tiveness

To what extent did you feel that
this intervention helped relieve your
stress?

Not at all (1) - Very much (5)

Perceived stress How stressed do you feel right now
after completing the intervention? Not at all (1) - Very much (5)

Table 11. Summary of collected Post-intervention refusal survey items.

Survey Category Question Answers

Post-
intervention
refusal

Reason for Refusal
Please select all reasons for declining
the intervention. (Multiple selections
allowed)

Felt that the activity would not be helpful / Did not feel like
doing it at the moment / Too much work or other tasks to
attend to / Concerned about others’ opinions / Felt okay as
I am right now / Other

D Data Monitoring
During the data collection period, participants’ data were monitored in real time. We conducted daily server-side
monitoring and weekly call-center monitoring throughout data collection.

For daily checks, we reviewed app usage days, per-day and cumulative response counts versus target, and input
integrity (option misuse, free-text anomalies such as meaningless entries and blanks) to monitor self-reported
data. Also, we reviewed passive-sensing summary statistics (record counts, mean, and standard deviation per
sensor). We identified non-wear episodes, including charging, and used these indicators to screen for insufficient
sampling (e.g., network transmission failures) and incorrect wearing of the watch.
For weekly checks, we visited the call center to retrieve locally stored data. We used timeline plots to align

self-report timestamps with call logs and passive sensing. Also, we inspected data-quality metrics (missing rate,
anomaly rate, and score based on Signal Quality Index (SQI) proposed by Orphanidou et al. [102]) to localize and
diagnose problematic intervals.
We contacted participants via a study-specific mobile messaging channel3 for brief reminders and technical

support, such as reminders to ensure proper watch wear. Participants with poor data yield or low ESM responses
were asked to follow an escalation protocol: 1) a gentle reminder about proper wearing, charging, or Bluetooth
Low Energy (BLE) synchronization, 2) stepwise troubleshooting regarding app relaunch, watch reboot, and
permission checks, 3) remote or on-site assistance if needed, and 4) extension of the collection window when
appropriate.
For six participants whose data quality was suboptimal or who had provided an insufficient number of

Experience Sampling Method (ESM) responses, an additional data collection period was carried out from August
18 to August 22.

3KakaoTalk Channel is the official business account feature of KakaoTalk, enabling 1:1 chat and broadcast messages to subscribers; we
operated a study-specific Channel for reminders and technical support only.
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E Intervention Satisfaction and Effectiveness

Table 12. Participants’ perception of each intervention and effect on stress. Satisfaction and perceived effectiveness are
answered on a 5-point Likert scale. Values are mean ± standard deviation across participants (n=17).

Intervention Satisfaction
Perceived

effectiveness
Stress reduction (%)

Perceived Physiological
Stretching 3.62 ± 0.73 3.4 ± 0.67 16.82 ± 20.81 16.3 ± 36.32
Deep Breathing 3.87 ± 0.59 3.74 ± 0.51 14.04 ± 23.74 4.59 ± 17.32
I Did Well, Right? 3.22 ± 0.77 3.14 ± 0.67 14.28 ± 14.39 2.54 ± 42.18
Words I Need Right Now 3.37 ± 0.75 3.22 ± 0.73 14.6 ± 16.36 10.89 ± 32.95
Anger-Eating Fairy 3.47 ± 0.87 3.35 ± 0.79 16.06 ± 19.75 16.3 ± 23.67
Protect Me 3.7 ± 0.7 3.56 ± 0.68 17.49 ± 16.4 8.33 ± 21.61
Sugar Boost 3.5 ± 0.67 3.28 ± 0.64 15.65 ± 17.92 10.73 ± 21.13
Is it Because of Me? 2.83 ± 0.81 2.75 ± 0.77 8.33 ± 18.82 -0.21 ± 20.75

F Summary Template for Data Visualization

F.1 Treemap in State Mode
The top 𝑁 factors correlated with stress were identified, with 𝑁 varying by category. The contents inside
square brackets were adapted according to the stress type and data collected from participants: Your [per-
ceived|physiological] stress showed the strongest associations with [3-4 factors]. Within stressor category, the top
correlates were [2-3 stressors]. In environment category, [1-2 environment factors] had the highest association. In
situation category, [2-3 situation factors] were most related. In pre-shift category, [1-2 pre-shift factors] showed the
strongest associations.
If some factors exhibited a correlation in the opposite direction from the general direction of correlation

with stress, the following template was added. Interestingly, for some factors, they tended to increase([All fac-
tors that should show negative correlation]) or decrease([All factors that should show positive correlation]) as
[perceived|physiological] stress increases.

F.2 Barchart in Change Mode
The top two to three interventions showing the greatest stress reduction were identified, along with the corre-
sponding amount of reduction. If any interventions were associated with increased stress, one to two interventions
with the largest stress increase were also presented, together with their increase rates. The contents inside the
square brackets were adapted according to the stress type and data collected from participants: Your [per-
ceived|physiological] stress decreased the most with [2-3 interventions]. In contrast [1-2 interventions] was associated
with higher [perceived|physiological] stress.
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G Interface of the Tablet Application

Intevention App

Post-Call Survey Only (5/9 required)

Post-Call Survey & Intervention (4/6 required)

You have completed today’s pre-shift survey.

Dear agent, thank you for taking the time to participate 

in our study.



So far, you have 24 of 27 post-call survey completions and 
15 of 18 post-call survey with intervention completions.



Please tap the button below to answer the survey and 

try a stress-relief solution!

(a)

Sleep Quality

General Health

Arousal

Perceived Stress

Pre-shift Survey

How would you rate the overall quality of 

your sleep last night?

Very poor Very goodGoodPoor Neutral

Very poor Very goodGoodPoor Neutral

Very calm Very 
energetic

EnergeticCalm Neutral

Not at all Very muchQuit a bitSlightly Moderately

How would you rate your overall health at this moment?

How stressed do you feel right now?

How would you describe your current emotional state?

Submit

Please answer the survey below to briefly check in on your 
condition and emotional state today.



Please respond honestly based on how you feel right now.

(b)

Submit

Previous Call Type

Arousal

Perceived Stress

Workload

Please select the type of the previous call you handled.

General inquiry

Complaint

Do you feel that your current workload is too low or too high?

During the previous call, how would you describe 

your emotional state?

How stressed did you feel during the previous call?

Please answer the survey below about the call you just handled 
and your emotional state.



This survey repeats several times a day.

Please respond honestly based on how you feel right now.

Post-call Survey

Submit

Very low Very highHighLow Moderate

Not at all Very muchQuit a bitSlightly Moderately

Very calm Very 
energetic

EnergeticCalm Neutral

(c)

Quit

Call your protector to set a shield.

Tap me, I’ll protect you!

Protect Me

(d)

Intervention Satisfaction

Perceived Stress

Perceived Effectiveness

How satisfied were you with the intervention you completed?

To what extent did you feel that this intervention 

helped relieve your stress?

How stressed do you feel right now 

after completing the intervention?

Please evaluate the intervention you just finished.

Post-intervention Survey

Submit

Not at all Very muchQuit a bitSlightly Moderately

Not at all Very muchQuit a bitSlightly Moderately

Not at all Very muchQuit a bitSlightly Moderately

(e)

Reason for Refusal

Please select all reasons for declining the intervention.

(Multiple selections allowed)

Felt that the activity would not be helpful

Other:

Did not feel like doing it at the moment

Too much work or other tasks to attend to

Concerned about others’ opinions

Felt okay as I am right now

Post-intervention refusal
Survey

Submit

Please enter the reason for refusal.

(f)

Fig. 8. Screenshots of the tablet application: (a) introduction page, (b) pre-shift survey, (c) post-call survey, (d) intervention
(example: “Protect Me”), (e) post-intervention survey, and (f) post-intervention refusal survey.

Agents could access the pre-shift survey (Fig. 8(b)) using the first button shown in Fig. 8(a). They could complete
the post-call survey (Fig. 8(c)) using either the second or the third button in Fig. 8(a). When the third button was
used, a random intervention was recommended following the post-call survey (Fig. 8(d)). If participants terminated
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the intervention using the “Quit” button (Fig. 8(d)), they were prompted to complete the post-intervention refusal
survey (Fig. 8(f)). Otherwise, they proceeded to the post-intervention survey (Fig. 8(e)).
The progress toward the target number of post-call surveys and interventions could be viewed in Fig. 8(a),

displayed on the corresponding buttons.

H Interview Protocol

H.1 Pilot Study
Before the interview,we informed the participants as following:We’ll now begin an interview about the experiment
you participated in over the past four days. If there are any questions you’d prefer not to answer, please feel free
to decline. Before we begin, the audio recording of this interview will be started now.

I. Overall Experience
(1) How was your overall experience participating in the experiment?
(2) Was there anything particularly inconvenient or difficult during the experiment?

II. Device Usage
(1) Did you have any problems using the tablet, smartphone, or smartwatch?

(i) Did any of the devices (especially the watch) run out of battery during the experiment?
(2) Was there anything uncomfortable about wearing or charging the watch? (e.g., feeling the watch was

distracting, the watch getting warm, etc.)
III. App Interface and Task Performance
(1) Was the provided intervention app intuitive to use? (Was there anything confusing?)
(a) Please tell us if there were any inconveniences while using the app.

(2) Was completing 5–10 solution tasks per day realistically manageable while working?
IV. Survey Comprehension
(1) Were the survey questions easy to understand?
(2) Were there any questions that were confusing or difficult to answer?

V. Intervention Content and Effectiveness
(1) Which interventions were helpful, if they exist?
(2) Regardless of their effectiveness, were there any interventions you particularly liked or found enjoyable?
(3) Conversely, were there any interventions that were hard to engage with or that you felt weren’t helpful?

VI. Suggestions for Improvement
(1) The main experiment will begin next Monday. Do you have any suggestions for improvement?
(2) Please share any ideas on improving data collection or the experimental process, as well as the interven-

tions and app features
(3) (If the participant previously reported an error and they didn’t mention about it) You mentioned an error

occurred before. Could you describe the situation in as much detail as you remember?

H.2 Main Study
H.2.1 Warm-up. While there was no strict protocol for the introduction, participants were informed that their
participation was voluntary, that they could skip any questions they did not wish to answer, and that the interview
would be audio-recorded.

I. Overall Data Collection
(1) During the experiment, what positive aspects did you find about responding to the tablet app surveys,

performing interventions, or wearing the smartwatch? Why?
(2) During the experiment, what aspects did you find difficult or inconvenient about responding to the tablet

app surveys, performing interventions, or wearing the smartwatch? Why?
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II. Mental Model on Perceived Stress and Physiological Stress
(1) In your own words, how do you understand the difference between perceived stress and physiological

stress?
(2) While participating in this experiment, did you understand how the smartwatch measured your stress?

(e.g., heart rate, heart rate variability)
III. Experience with Interventions
(1) Among the randomly recommended interventions, which ones did you prefer and which ones did you

not? Please explain the reasons for your preferences.
(2) (If the participant answers “because it was quick to complete”) Besides being quick to complete, were

there any other reasons that you liked about the intervention?
(3) For example,
(a) Were there any interventions that you initially didn’t expect to be helpful but turned out to be beneficial

once you tried them?
(b) Among the interventions, which ones were easy to perform during work hours, and which ones were

difficult to perform?

H.2.2 Data Exploration on State Mode. The participants explored the visualization dashboard in State Mode for
10 to 15 minutes. They performed below 3 tasks to explore stress states and related factors. Because it may be
difficult to explore all data, we allowed them to freely focus on the sections they find most interesting.

T1. Using the calendar view, observe how your stress levels have changed by week and by day of the week.
T2. In the timeline view, select a date you wish to explore and examine your cognitive and physiological stress

states together with contextual data such as situation, environment, and causes.
T3. Explore the contextual data (stressor, environment, situation, pre-shift) related to your perceived and

physiological stress. Using the data, reflect on what kinds of factors seem to be related to your stress.

After the exploration, we asked them questions based on the following interview protocol. During the interview,
participants were allowed to freely look at the dashboard.

I. Overall Experience
(1) Did viewing your stress data through the dashboard help you better understand your own stress? Please

feel free to explain why or why not.
(2) While using the dashboard today, did you discover any new patterns or insights about your stress that

you hadn’t been aware of before? Or, did your way of understanding your own stress change compared
to how you usually perceive it?

II. Perception of Perceived vs. Physiological Stress
(1) Perceived stress and physiological stress represent two different aspects of your stress, captured from

different data sources. As you viewed your perceived stress records alongside your physiological stress
data, what stood out to you?

(a) For example, if your perceived stress appeared high but physiological stress was low, what additional
data did you look at to judge whether you were truly under stress? (e.g., your subjective feelings, the
nature of the calls, environmental factors, etc.)

(2) When the two stress types differed, what data did you refer to in order to interpret the situation?
(a) For example, there may have been cases where you felt fine mentally, but your physiological stress

appeared high, or times when perceived stress was high but physiological stress was low. How did you
interpret those differences? Which parts of the data did you focus on to make sense of them?

III. Exploring Factors Affecting Stress States
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(1) While viewing the dashboard, which factors did you feel were most closely related to your perceived
stress? Why?

(2) While viewing the dashboard, which factors did you feel were most closely related to your physiological
stress? Why?

(3) If the factors associated with perceived and physiological stress appeared different or similar, how did
you interpret those results?

(a) For example, perceived stress might seem more related to call difficulty, while physiological stress
might seem more connected to lack of sleep. When such differences appeared between the two types
of stress, how did you make sense of them?

H.2.3 Data Exploration on Change Mode. The participants explored the visualization dashboard in Change Mode
for 10 to 15 minutes. They performed below 3 tasks to explore stress changes due to interventions and type of
interventions that affected stress level. Because it may be difficult to explore all data, we allowed them to freely
focus on the sections they find most interesting.

T1. Using the calendar view, observe how your stress levels changed by week and day of the week following
the introduction of interventions.

T2. Select a date you wish to explore, and in the timeline view, examine whether your perceived and physio-
logical stress levels increased or decreased after performing the interventions.

T3. Explore which types of interventions were associated with changes in your perceived and physiological
stress levels.

After the exploration, we asked them questions based on the following interview protocol. Again, during the
interview, participants were allowed to freely look at the dashboard.

I. Perception of Changes in Perceived and Physiological Stress After Interventions
(1) As you reviewed the changes in your perceived stress and physiological stress together, what did you

notice?
(a) For example, there may have been times when your physiological stress decreased but your perceived

stress increased. How did you interpret such differences, and what do you think caused them?
(2) When the changes in the two stress types appeared differently, what criteria did you use to decide whether

your stress had truly increased or decreased?
(a) For example, What additional data did you refer to in judging whether your stress was actually relieved?

(e.g., your subjective feelings, the nature of the calls, environmental factors, etc.)
II. Exploring Interventions Influencing Stress Change
(1) Among the various interventions, which ones did you feel were particularly effective in reducing your

stress? Did your personal perception align with what was shown in the data rankings?
(a) For example, you may have thought that stretching was the most effective intervention, but the data

indicated that having a sugary snack was the most effective.
(2) After performing a stress-relief activity, have you ever physically felt a change not only in your perceived

stress but also in your bodily responses? Please describe the situation in detail.
(a) For example, before performing the intervention, you might have felt your heart pounding with anger,

but after doing a randomly recommended breathing exercise, you felt your heartbeat calm down. Have
you experienced such change in your physiological response?

H.2.4 Closing. At the end, we ask the participants if there is any data or functionality that should be added to
the stress management system like the one used in the experiment to help understand their stress.
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Table 13. Category-level distribution of correlation magnitudes for perceived and physiological stress indicators. We summa-
rize the distribution of |𝜌 | by contextual category (Stressor, Pre-shift, Situation, Environment), reporting median |𝜌 |, IQR of |𝜌 |,
and the fraction of correlations exceeding |𝜌 |≥0.30. This provides a compact overview of which categories most systematically
relate to each stress indicator.

Category Perceived Stress Indicator Physiological Stress Indicator

Median |𝜌 | |𝜌 |_IQR %( |𝜌 | ≥ 0.30 ) Median |𝜌 | |𝜌 |_IQR %( |𝜌 | ≥ 0.30 )

Stressor 0.183143 0.272444 0.352941 0.047252 0.064261 0
Pre-shift 0.067109 0.070259 0.01 0.080737 0.092762 0.02
Situation 0.270918 0.560856 0.485207 0.058637 0.10146 0.029586
Environment 0.076612 0.066074 0 0.073588 0.096232 0.014706

Table 14. Feature-level summary of within-participant Spearman correlationswith perceived and physiological stress indicator.
For each feature, we report the median correlation across participants with interquartile range (IQR), the sign-agreement
rate (SA; proportion of participants sharing the majority sign), and the proportion of participants with moderate-to-strong
associations (|𝜌 |≥0.30), enabling identification of consistent between-participant patterns beyond visually dense heatmaps.

Category Feature Perceived Stress Indicator Physiological Stress Indicator Δmedian
Median 𝜌 IQR SA %(|𝜌 |≥0.30) Median 𝜌 IQR SA %(|𝜌 |≥0.30)

Stressor

lack_ability 0.10 [0.05, 0.13] 0.83 0.000 -0.00 [-0.07, 0.02] 0.58 0.00 0.10
difficult_work 0.19 [0.12, 0.31] 0.93 0.286 0.03 [-0.02, 0.04] 0.64 0.00 0.16
eval_pressure 0.05 [0.03, 0.07] 1.00 0.000 0.05 [0.03, 0.09] 1.00 0.00 -0.01
work_bad 0.22 [0.11, 0.31] 0.86 0.357 0.02 [-0.02, 0.07] 0.57 0.00 0.19
hard_communication 0.48 [0.27, 0.54] 1.00 0.706 -0.05 [-0.10, -0.01] 0.82 0.00 0.52
rude_customer 0.32 [0.14, 0.40] 1.00 0.500 -0.01 [-0.07, 0.02] 0.50 0.00 0.33
time_pressure 0.18 [0.06, 0.19] 1.00 0.231 0.04 [-0.01, 0.10] 0.62 0.00 0.14
noise 0.09 [0.06, 0.16] 1.00 0.000 0.02 [-0.01, 0.07] 0.60 0.00 0.07
peer_conflict 0.08 [0.06, 0.08] 1.00 0.000 -0.07 [-0.09, -0.01] 0.67 0.00 0.15
other 0.37 [0.11, 0.57] 0.88 0.625 0.02 [-0.03, 0.06] 0.63 0.00 0.35

Pre-shift

daily_stress 0.06 [0.04, 0.10] 0.76 0.000 -0.05 [-0.11, 0.06] 0.65 0.00 0.11
daily_arousal 0.02 [-0.02, 0.07] 0.67 0.000 -0.03 [-0.07, 0.00] 0.73 0.00 0.05
daily_valence -0.04 [-0.09, 0.03] 0.65 0.000 0.05 [-0.04, 0.09] 0.65 0.00 -0.09
daily_tiredness 0.01 [-0.04, 0.07] 0.59 0.059 0.00 [-0.14, 0.12] 0.59 0.00 0.00
daily_general_health 0.03 [-0.01, 0.10] 0.71 0.000 0.01 [-0.12, 0.02] 0.53 0.06 0.03
daily_sleep_quality 0.04 [-0.03, 0.10] 0.59 0.000 -0.02 [-0.10, 0.05] 0.59 0.06 0.06

Situation

acc_mean -0.07 [-0.15, -0.01] 0.76 0.000 0.02 [-0.04, 0.08] 0.53 0.00 -0.09
acc_std 0.10 [-0.06, 0.12] 0.65 0.000 0.26 [0.17, 0.29] 1.00 0.24 -0.17
workload 0.32 [0.10, 0.50] 0.94 0.500 0.03 [-0.05, 0.08] 0.56 0.00 0.29
arousal 0.55 [0.03, 0.74] 0.76 0.647 0.01 [-0.04, 0.02] 0.53 0.00 0.54
valence -0.70 [-0.77, -0.60] 0.94 0.941 0.03 [-0.01, 0.07] 0.65 0.00 -0.72
fatigue 0.82 [0.77, 0.87] 1.00 1.000 0.00 [-0.06, 0.05] 0.53 0.00 0.81
surface_acting 0.78 [0.65, 0.87] 1.00 1.000 -0.02 [-0.08, 0.04] 0.53 0.00 0.81
call_type_angry 0.35 [0.30, 0.43] 1.00 0.765 -0.02 [-0.05, -0.00] 0.76 0.00 0.38
steps -0.02 [-0.08, 0.02] 0.71 0.000 0.02 [-0.01, 0.08] 0.71 0.00 -0.04
skintemp 0.02 [0.01, 0.14] 0.82 0.000 -0.15 [-0.20, -0.11] 0.94 0.06 0.17

Environment

humidity_mean -0.00 [-0.07, 0.06] 0.59 0.000 -0.01 [-0.05, 0.06] 0.59 0.00 0.01
co2_mean -0.06 [-0.10, -0.01] 0.76 0.000 0.02 [-0.03, 0.05] 0.65 0.06 -0.08
tvoc_mean -0.07 [-0.16, -0.04] 0.76 0.000 0.01 [-0.14, 0.06] 0.53 0.00 -0.07
temperature_mean 0.08 [-0.02, 0.10] 0.65 0.000 -0.01 [-0.13, 0.04] 0.53 0.00 0.09

I Correlation between Stress Indicators and Contextual Data
We report category-level distributions of correlation magnitudes, feature-level summary statistics across partici-
pants, and frequency-based summaries of the most prominent correlations per participant.
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Table 15. Highest-frequency contextual features among the top-K absolute correlations per participant. For each participant,
we select the top-K features ranked by |𝜌 | (K=5) separately for perceived and physiological indicators, and count how often
each feature appears across participants (with counts of positive vs. negative associations). This frequency-based view
highlights cross-participant regularities.

Category Feature Perceived Stress Indicator Physiological Stress Indicator

Top-K Count Pos Neg Top-K Ratio Top-K Count Pos Neg Top-K Ratio

Stressor

difficult_work 1 1 0 0.058824 0 0 0 0
work_bad 0 0 0 0 1 1 0 0.058824
hard_communication 10 10 0 0.588235 2 0 2 0.117647
rude_customer 1 1 0 0.058824 2 0 2 0.117647
time_pressure 0 0 0 0 1 1 0 0.058824
other 7 7 0 0.411765 1 1 0 0.058824

Pre-shift

daily_stress 1 1 0 0.058824 6 2 4 0.352941
daily_arousal 0 0 0 0 1 0 1 0.058824
daily_valence 0 0 0 0 3 2 1 0.176471
daily_tiredness 1 1 0 0.058824 8 3 5 0.470588
daily_general_health 0 0 0 0 4 0 4 0.235294
daily_sleep_quality 0 0 0 0 3 1 2 0.176471

Situation

acc_mean 0 0 0 0 5 4 1 0.294118
acc_std 0 0 0 0 14 14 0 0.823529
workload 5 5 0 0.294118 3 0 3 0.176471
arousal 10 9 1 0.588235 0 0 0 0
valence 15 0 15 0.882353 2 2 0 0.117647
fatigue 16 16 0 0.941176 0 0 0 0
surface_acting 15 15 0 0.882353 1 0 1 0.058824
call_type_angry 3 3 0 0.176471 0 0 0 0
steps 0 0 0 0 1 1 0 0.058824
skintemp 0 0 0 0 10 0 10 0.588235

Environment

humidity_mean 0 0 0 0 2 2 0 0.117647
co2_mean 0 0 0 0 2 1 1 0.117647
tvoc_mean 0 0 0 0 7 2 5 0.411765
temperature_mean 0 0 0 0 6 3 3 0.352941

Table 13 summarizes correlation magnitudes by contextual category. Overall, perceived stress shows stronger
alignment with Situation and Stressor features, whereas the physiological stress indicator exhibits smaller magni-
tudes across categories. Table 14 highlights which features show strong and directionally consistent associations
across participants (median 𝜌 [IQR], sign agreement, and the fraction with |𝜌 |≥0.30). This summary helps iden-
tify features that generalize across participants versus those that are heterogeneous. Table 15 complements
Table 14 by listing the highest-frequency features among each participant’s top-K absolute correlations, making
cross-participant regularities immediately visible.

Finally, the category-specific heatmaps visualize participant-level correlation patterns in full detail and provide
a reference for the summarized trends above.

Fig. 9-10 presents the Spearman correlation coefficients between features belonging to four categories of context
data (stressor, environment, situation, and pre-shift) and each stress indicator for individual participants (these
results are also displayed in the dashboard, Fig. 4.(d)). For perceived stress, features in the situation and stressor
categories, obtained from self-reports, generally exhibited higher correlations. In particular, emotional arousal,
fatigue, surface acting, and complaint calls showed strong positive correlations for many participants, whereas
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Fig. 9. Spearman correlation heatmaps across participants (x-axis; IDs) and features (y-axis) for stressor data

emotional valence revealed a negative correlation (see purple box in Figure 11). Stressor-related features such as
communication issues, rude customers, and time pressure also demonstrated weak to moderate positive correlations
(see red boxes in Figure 9). Correlations for the physiological stress indicator were smaller in magnitude and
more dispersed. Among relatively consistent patterns, the activity-related feature acc_std exhibited positive
correlations across multiple participants (see green box in Figure 11). Given the desk-based workflow, step counts
in 5-minute windows were near-zero (median=0; Q1=0, Q3=0; mean=0.03, SD=0.86; min=0, max=60), suggesting
limited locomotion. However, acc_std can still capture fine-grained wrist motion (e.g., typing/mouse use, posture
adjustments), and HRV estimates may remain sensitive to such motion. Therefore, we interpret the association
with acc_std as a potential confound for HRV interpretation, rather than evidence that the physiological indicator
purely reflects physical movement. Skin temperature and indoor temperature showed weak negative correlations
in some cases (see blue boxes in Figure 11), while environmental factors (e.g., CO2 concentration, air quality)
exhibited mixed directions across participants, showing no consistent trends (see Figure 12).
In summary, the perceived stress indicator was strongly modulated by emotional and social stimuli such as

call situations, whereas the physiological stress indicator exhibited a multidimensional pattern influenced by a
complex interplay of environmental factors and physiological responses to stressors.
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Fig. 10. Spearman correlation heatmaps across participants (x-axis; IDs) and features (y-axis) for pre-shift data
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Fig. 11. Spearman correlation heatmaps across participants (x-axis; IDs) and features (y-axis) for situation data
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Fig. 12. Spearman correlation heatmaps across participants (x-axis; IDs) and features (y-axis) for environmental data
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