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Abstract

Call center agents face chronic emotional labor, and just-in-time
well-being interventions should avoid interrupting active calls. We
present CallSense, a smartwatch-based approach for sensing call
engagement using accelerometer and photoplethysmography sig-
nals without audio or call-log access. We collected four weeks of
in-the-wild data from 19 call center agents and evaluated user-
independent and user-dependent classifiers for distinguishing call
engagement and between-call periods. The best AUROC was 0.764
for unseen users and 0.854 for seen users, with accelerometer sig-
nals accounting for most of the discriminative performance. These
results support the feasibility of call engagement sensing from com-
modity wearables as a privacy-aware basis for well-being support.

CCS Concepts

+ Human-centered computing — Ubiquitous and mobile com-
puting systems and tools.
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1 Introduction

Emotion workers such as call center agents regulate their emotional
expressions according to organizational display rules [15], and
the chronic emotional labor inherent in this role places them at
heightened risk of burnout, anxiety, and depression [21]. To support
their well-being, prior work has explored passive sensing to detect
stress in this population [17, 21]. Stress detection, however, is only
useful when it can be translated into just-in-time (JIT) interventions
that help workers recover or self-regulate [19]. A critical caveat
is that intervention timing itself matters: delivering a prompt at
an inopportune moment can disrupt task execution and impose
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additional cognitive cost rather than relieve it [1]. For call center
agents, this implies that an intervention triggered during a call
engagement (CE) could exacerbate stress, and that only the between-
call (BC) periods offer safe windows for support. Reliable detection
of the CE/BC cycle is therefore a prerequisite for any deployable
JIT intervention in this population.

The most reliable source of CE/BC state is the audio data and
internal call-log systems. Recent work has demonstrated that task-
log features dominate after-call stress detection in call centers [21],
underscoring the operational signal embedded in call records. In
practice, however, call centers operate under strict security policies
that restrict both the repurposing of internal call logs and recorded
audio, even when processed locally on a worker’s device. This calls
for a worker-owned CE sensing system that does not rely on data
sources controlled by an organization.

Prior works have shown that passive physiological signals can
distinguish work and break states of knowledge workers [7, 11,
12, 26]. Schaule et al. [26] used commodity wearables to detect
cognitive load and identify opportune interruption moments in a
controlled office setting, and Di Lascio et al. [12] demonstrated in-
the-wild recognition of breaks and work activities from wrist-worn
physiological signals (EDA, BVP, ACC) along with phone and laptop
usage. Among these, the accelerometer and PPG channels available
on commodity smartwatches make them plausible candidates for
distinguishing CE and BC without external infrastructure.

However, the call center environment differs from the knowledge
worker contexts in which these signals have been validated in two
important ways. First, the temporal granularity of state transitions
is far finer: while knowledge workers engage in continuous work
over hourly timescales, call agents alternate between CE and BC on
a per-minute scale to handle a high rate of incoming calls [16]. The
five-minute feature windows adopted in prior physiological work-
break classification studies [11, 12, 26] are poorly matched to this
rapid alternation. Second, the behavioral granularity between states
is far finer: while knowledge workers often leave the workstation
during breaks, call agents typically remain at the same desk during
BC to stay available for the next call. Call center agents thus repre-
sent a distinct case of interaction-bound service work that remains
comparatively underexplored in wearable sensing research.

To address this gap, we present CallSense, a smartwatch-based
system that senses call engagement to identify safe windows for
well-being support, using only the accelerometer and PPG signals,
without audio or call-log access (Figure 1). We collected four weeks
of in-the-wild data from 19 call center agents at a metropolitan call
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Figure 1: Overview of CallSense. Wearable accelerometer and photoplethysmography signals are used to classify call engagement
(CE) and between-call (BC) states, identifying safe windows for just-in-time intervention in privacy-constrained call center

environments.

center, and analyzed which features are most strongly associated
with the CE/BC distinction.

2 Methodology
2.1 Data

We collected data over four weeks from 19 call center agents (2 male,
17 female; age M = 38.89, SD = 5.81) employed at a metropolitan
call center in South Korea. Although our sample is female-skewed,
this distribution is consistent with the South Korean call center
workforce, where prior studies report that women make up over
90% of agents [10]. Each participant wore a Samsung Galaxy Watch
7 during their shift, which recorded a triaxial accelerometer signal at
25Hz, a green PPG signal at 25 Hz, and SDK-derived heart rate (HR)!
at 1Hz. In parallel, call start and end timestamps were extracted
from the call center’s internal call logs to label the ground-truth data.
All participants provided informed consent prior to participation,
and this study was approved by the Institutional Review Board.

2.2 Call Engagement Labeling

Using each participant’s call logs, we labeled every second of the
wearable data stream as either a CE or BC segment. A CE segment
was defined by the logged call start and end timestamps, and the
immediately following idle interval was treated as the correspond-
ing BC segment. To remove unreliable segments, we discarded any
segment shorter than 60 s and further removed segments whose
duration exceeded the 95th percentile of that participant’s segment-
duration distribution. After filtering, the final dataset comprised
4,305 CE segments (M = 143.42s, Mdn = 128 s, SD = 64.59 s) and
5,087 BC segments (M = 349.77 s, Mdn =316 s, SD = 185.16s).

3 Experiment

3.1 Data Preprocessing

Within each CE or BC segment, raw sensor data were segmented
into 60 s windows with 50% overlap, discarding trailing windows
under 60s. We then applied gating based on SDK-derived heart
rate, retaining windows with at least 90% valid samples (hrStatus
=1, 40-200 BPM). Missing HR samples were linearly interpolated.
Since CE segments last ~2 minutes on average while BC segments

'HR was computed on-device via PPG signals and the Samsung Health Sensor SDK.

Table 1: Feature set used by the ML classifiers (54 features).

ACC features {x, y, z, magnitude} (28)

Time-domain (7) mean, std, range, slope, mean abso-
lute slope, first-difference mean, first-

difference std

PPG features (26)

Time-domain (2) mean, std

Heart Rate (4) median, min, max, std of HR

Heart Rate Variability (10) NN mean, SDNN, SDSD, RMSSD, NN
count, NN median, NN min, NN max, NN
std, NN coefficient of variation

Pulse Morphology (10) pulse amplitude mean / std, inter-peak

interval mean / std, adjacent-peak

amplitude-difference mean / std, adjacent-

trough amplitude-difference mean / std,

pulse area mean / std

last ~6 minutes, partitioning them into 60 s windows yields 13,488
CE and 52,386 BC windows, an ~1:4 class ratio.

For the ACC signal, we applied a Hampel filter to suppress im-
pulse outliers [22] and a 4th-order Butterworth low-pass filter (cut-
off 3 Hz) [2]. For the PPG signal, the irregularly sampled data were
first interpolated using PCHIP [5], after which a 4th-order Butter-
worth bandpass filter (0.5-4 Hz) [13] was applied. The signal was
then linearly detrended and z-score normalized.

3.2 Feature Extraction

For the machine learning (ML) classifiers with feature-level input,
we extracted 54 handcrafted features per 60 s window across the
two modalities (Table 1). The time-domain and heart rate-related
features were adopted from prior work on physiological-signal-
based work-break detection, stress detection, and talking detec-
tion [3, 12, 21]. In contrast, the DL model directly consumes the
preprocessed ACC (x, y, z, magnitude) and PPG signals as input,
without explicit feature extraction.



CallSense

UbiComp Companion 26, October 11-15, 2026, Shanghai, China.

Table 2: Call Engagement Detection. Best AUROC per modality in bold. Threshold tuned on validation.

ACC PPG ACC + PPG
Model Acc% Sens% Spec% AUROC Acc% Sens% Spec% AUROC Acc% Sens% Spec% AUROC
User-independent validation
Random Predictor  67.6 20.8 79.7 0.502 67.6 20.8 79.7 0.502 67.6 20.8 79.7 0.502
XGB 65.6 75.7 62.8 0.752 42.4 81.4 324 0.598 65.6 72.5 63.6 0.738
CNN-BiLSTM 57.7 79.8 51.9 0.697 38.6 82.2 27.5 0.566 62.6 72.0 60.2 0.712
TabPFN 66.9 73.0 65.1 0.754 43.8 81.5 34.1 0.608 68.7 70.7 68.0 0.764
User-dependent validation
Random Predictor  67.8 19.9 78.3 0.491 67.8 19.9 78.3 0.491 67.8 19.9 78.3 0.491
XGB 77.1 67.7 79.0 0.828 47.8 78.5 40.4 0.652 77.1 66.8 79.1 0.812
CNN-BiLSTM 68.5 72.7 67.4 0.773 36.1 85.2 25.2 0.610 70.2 69.0 70.0 0.785
TabPFN 80.0 72.9 81.5 0.854 49.9 79.5 42.7 0.673 78.6 72.9 79.9 0.848
3.3 Models set, using a single pooled threshold for user-independent validation

To establish a chance-level reference, we include a random baseline,
a stratified random predictor that samples labels in proportion to
the training-set class frequencies while ignoring the input. For the
ML model, we use XGBoost (XGB), a gradient-boosted decision-
tree classifier widely applied to tabular physiological features [12].
For the DL model, we use CNN-BiLSTM, a hybrid convolutional-
recurrent backbone commonly used to encode physiological sig-
nals in human-activity and emotion recognition [24]. Each window
passes through a 1D convolutional front-end, a bidirectional LSTM
whose hidden states are mean-pooled into a fixed-length embed-
ding, and a fully connected layer that maps this embedding to the
class logit. To better account for our small and class-imbalanced
dataset, we further adopt TabPFN [18]. TabPFN is a tabular foun-
dation model that performs in-context learning via a transformer
pre-trained on large-scale synthetic tabular tasks, producing well-
calibrated predictions on small datasets without per-task hyperpa-
rameter tuning. For multimodal fusion, we use a classifier ensemble
for XGB, sensor-based late fusion for CNN-BiLSTM, and feature-
level fusion for TabPFN [11].

3.4 Evaluation

Models were evaluated under 5-fold nested cross-validation for
user-independent evaluation [8], and under a chronological 80/20
within-participant split for user-dependent evaluation. Metrics were
computed per fold or per participant and macro-averaged. XGB and
CNN-BiLSTM were tuned with Optuna over an inner GroupKFold
cross-validation. We report accuracy and AUROC as overall perfor-
mance measures, with AUROC as the primary metric given the class
imbalance. Since interrupting an active call and missing a between-
call window carry asymmetric costs, we additionally report sensitiv-
ity and specificity, which expose the two error directions separately.
Sensitivity reflects how often active calls are correctly left uninter-
rupted, and specificity reflects how often between-call windows
available for support are recovered. We selected the threshold on
out-of-fold validation predictions and applied it to the held-out test

and a per-participant threshold for user-dependent validation.

4 Results

We evaluated CallSense under both user-independent and user-
dependent validation to assess feasibility for unseen and seen users.
All learned models exceeded the random baseline, which stayed at
chance level with an AUROC around 0.50, confirming that CallSense
captures a real physiological signal rather than exploiting the class
prior (Table 2). ACC-based models performed best across both
schemes. In user-independent validation, TabPFN on ACC+PPG
reached the highest AUROC of 0.764, with TabPFN on ACC alone
close behind at 0.754. In user-dependent validation, TabPFN on
ACC reached the highest AUROC of 0.854. While PPG-only models
still separated the two states above chance, multimodal fusion re-
mained on par with ACC alone. For TabPFN on ACC, sensitivity
and specificity reached 72.9% and 81.5%, indicating that most ac-
tive calls were correctly left uninterrupted and most between-call
windows available for support were recovered.

5 Discussion

The learned models improved sensitivity and AUROC over the ran-
dom baseline across both validation schemes, indicating that they
captured physiological differences between call engagement and
between-call windows. Their best performance came from the ac-
celerometer modality, identifying accelerometer signals as the most
informative for this distinction. Among the learned models, XGB
and TabPFN performed comparably, whereas CNN-BiLSTM was
less competitive. This discrepancy is likely attributable to dataset
scale, as training a deep model from scratch is challenging with lim-
ited in-the-wild data. TabPFN instead relies on a prior learned from
synthetic data, which is better suited to this regime and yielded
the highest performance. The moderate results from conventional
models, further improved by TabPFN’s prior, suggest that call en-
gagement sensing from worker-owned wearables is feasible and
could strengthen with larger data.
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the highest AUROC of 0.854. The marked operating point corre-
sponds to a sensitivity of 72.9% and a specificity of 81.5%.
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Figure 2: Best model performance under user-dependent val-
idation on the ACC modality.

To identify features most relevant to CE sensing, we analyzed
feature importance of the interpretable tree-based XGB model us-
ing the mean decrease in impurity method [6]. Two accelerometer
features dominated: accelerometer z-axis mean and accelerometer
x-axis absolute slope mean. The higher acc-z mean during CE is con-
sistent with a palm-down wrist posture associated with keyboard
typing [27], whereas the greater acc-x absolute slope during BC
reflects more dynamic forearm movements without this postural
constraint [14]. These patterns match prior in-the-wild observa-
tions of greater movement variability during breaks than work [12].
In contrast, the most important PPG feature, PPG NN mean, an
indirect measure of heart rate, differed only marginally between
CE and BC. This accounts for the weak PPG-only models and the
limited gain from fusion, and aligns with prior wearable studies
where movement- and task-related features dominate over cardiac
signals in real-world conditions [20, 21].

For TabPFN (Figure 2a), a sensitivity of 72.9% and specificity of
81.5% translate directly into intervention costs: about 27% of active
call windows would be interrupted, while about 19% of between-call
windows available for support would be missed (Figure 2b). Since
interrupting a call is the more costly error, a deployed system should

Bonwoo Koo, Junmo Lee, and Uichin Lee

prioritize sensitivity and adopt an operating point that lowers the
mid-call intervention rate, even at the expense of some missed
opportunities. The user-dependent setting requires per-user CE
and BC labels. A brief enrollment phase could supply these from
call logs or ecological momentary assessment (EMA), after which
the system operates label-free. The high AUROC of 0.854 leaves
room to move toward such a sensitivity-oriented operating point
while preserving the ability to separate CE from BC. Tuning this
operating point to the asymmetric cost of mid-call interruption is
thus a concrete step toward reliably identifying safe windows for
intervention in call center settings.

6 Limitations and Future Work

The clearest limitation of our system is the marginal contribution of
PPG. Unlike in stress detection or talking detection, where cardiac
features can be discriminative on their own, CE sensing is a broader
problem. Agents are not necessarily stressed during every call, nor
relaxed between calls, so cardiac signals alone cannot mark the
CE/BC boundary. Prior mobile sensing work has used respiration
to detect conversation [4]. Respiration can also be derived from
PPG [9], which could capture information the accelerometer does
not. Future work can explore respiration-related PPG features to
better detect CE periods.

Another limitation is dataset scale and scope. Our sample is
small and drawn from a single call center in one country, which
may limit both the robustness of the learned models and their gen-
eralization. Larger, multi-site data would allow a firmer assessment,
and wearable foundation models pretrained on physiological sig-
nals [23, 25, 28] can offer a complementary path. Such models could
inject modality-specific prior knowledge that a small in-the-wild
dataset cannot provide on its own.

7 Conclusion

We presented CallSense, a smartwatch-based call engagement sens-
ing system that uses only accelerometer and PPG signals, without
audio or call-log access. Using four weeks of in-the-wild data from
19 call center agents, TabPFN reached an AUROC of 0.764 for un-
seen users and 0.854 for seen users. Postural accelerometer signals
emerged as the dominant indicators of CE, whereas PPG-derived
cardiac signals differed only marginally. These results demonstrate
the feasibility of call engagement sensing from worker-owned wear-
ables. By identifying safe windows for support without accessing
audio or call logs, CallSense offers a privacy-aware, sensing-based
approach to provide the prerequisites for well-being interventions
aimed at emotion workers.
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