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Abstract
The mindset people have about stress is important to be studied be-
cause this core belief, that stress is either enhancing or debilitating,
fundamentally alters a person’s physiological and psychological
responses to stressors. However, this crucial construct is rarely
considered in prior research on momentary stress detection with
wearables, leaving two fundamental questions unanswered: can
wearable data identify an individual’s stress mindset, and can mind-
set be leveraged to build better performing stress detection models?
To investigate that, we conducted an in-lab study (N=23) with wear-
able devices by inducing mental stress in participants. First, we
found that heart rate variability and electrodermal activity fea-
tures carry signatures of stress mindset. Second, machine learning
models can discriminate stress mindset with sensors, achieving
AUCs upto 0.88. Finally, a random forest model trained for stress-
is-enhancing participants outperformed a one-size-fits-all model
(AUC=0.91 vs. 0.78, p < 0.05), for the task of stress detection. Our
findings show that stress mindset leaves a measurable physiolog-
ical footprint and that mindset-aware models open the potential
for more personalized stress detection and interventions. To sup-
port future research, we publicly release the anonymized dataset at
https://social-dynamics.net/stress/mindset
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1 Introduction
Stress is a natural physiological and psychological response to
perceived challenges or threats that vary in intensity and dura-
tion, influencing both mental and physical health [120]. The abil-
ity to automatically detect momentary mental stress is a corner-
stone of modern Affective Computing, promising to enable just-
in-time interventions that support well-being [6, 15, 90, 94, 117].
In both commercial wearables and a vast body of research, stress
is typically inferred from physiological signals captured by wrist
sensors (e.g., electrodermal activity, heart rate, and accelerome-
try) [78, 83, 106, 126]. The standard pipeline involves processing
these signals in sliding windows, engineering predictive features,
and using machine-learning models to classify a user’s state as
“stressed” vs. “not stressed”. Modern pipelines also include deep
learning models such as convolutional neural networks and long
short termmemory networks [69, 122]. Despite significant progress,
this entire paradigm is built on a critical oversimplification. Cur-
rent pipelines largely ignore stable individual psychological dif-
ferences that shape how stressors are appraised and responded to.
Among these is the stress mindset: a person’s core belief about
whether stress is enhancing or debilitating [27]. Prior work in
Human-Computer Interaction (HCI) and Ubiquitous Computing
(Ubicomp) rarely discuss the role of stress mindset in understanding
mental stress better.

Pioneering work by psychologist Alia Crum [27] established that
an individual’s stress mindset is a tractable, malleable belief with
measurable consequences for their physiology, affect, and perfor-
mance. A stress-is-enhancing mindset is associated with appraising
demands as challenges that can be leveraged for growth, whereas
a stress-is-debilitating mindset is associated with threat-oriented
appraisals. Consequently, one’s mindset can fundamentally tilt the
physiological response toward what psychologists term productive
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eustress or harmful distress [39, 103]. While these ideas are well-
developed in psychology, they remain largely unexplored in broader
computing literature, spanning areas such as HCI, UbiComp, and
Affective Computing. Technical work in our community has rig-
orously focused on using novel modalities and examining choices
such as time windows, feature engineering, and leakage-safe evalu-
ation [17, 76, 83, 122, 126], but has rarely bridged this foundational
psychological theory with sensing and modeling choices. This omis-
sion matters: without this crucial psychological context, our models
and interventions risk conflating beneficial and harmful arousal,
ultimately undermining user trust and efficacy of wearable sys-
tems [48].

To close this gap, we conducted an exploratory in-lab study with
23 participants using wearables that captured heart rate (HR), elec-
trodermal activity (EDA), and accelerometer motion (ACC) data,
and investigated whether stress mindset is reflected in sensor fea-
tures. We collected data during alternating periods of induced stress
and relaxation, alongside validated psychological questionnaires, in-
cluding the Stress Mindset Measure [27]. We also explored whether
the knowledge on stress mindset can be used to build better per-
forming stress detectors. In line with the overview provided in
Figure 1, by analyzing this dataset, we formulated three Research
Questions (RQs):

RQ1: Do self-report and wearable features discriminate stress is
enhancing versus debilitating mindsets?
RQ2: How accurately can we infer an individual’s stress mindset
from user-level wearable features?
RQ3: Does including an individual’s stress mindset improve pre-
diction of momentary stress from wearables?

In answering our three RQs, we made three main contributions:

Contribution 1: We conducted a controlled in-lab study with 23
participants to investigate the relationship between stress mindset
and momentary stress (Section 4). Participants wore an Empatica E4
wristband and a Polar H10 chest strap while engaging in two guided
meditation sessions and two stress-inducing tasks: the Sing-a-Song
stress test (socio-evaluative stress) and the Stroop color-word test
(cognitive stress). We pre-processed the dataset at a moving time
window-level (2, 5, 10, 20, 30 seconds) and user-level. Using mar-
ginal logistic models with generalized estimating equations on the
collected sensor data, we show that heart rate and electrodermal
activity features carry information about mindset (Section 5.2).
Importantly, heart rate variability (HRV) low-frequency power ex-
hibits a robust and statistically significant between-person associa-
tion with mindset. There were other features from HR, EDA, and
ACC that showed high significance before multiple-test correction.
These findings establish for the first time that stress mindset is
not merely psychological noise, but leaves a measurable signal in
sensor features of wearables.

Contribution 2: We showed that a user’s stress mindset can be
reliably inferred from physiological data aggregated at the user
level (Section 6.2). Using a robust evaluation setup with cross val-
idation, a regularized logistic-regression model achieved a high
performance with a mean AUC of 0.88 for a binary classification of
enhancing vs. debilitating mindsets. For a more challenging three-
class formulation (low, medium, and high mindset scores), a support

vector classifier reached a mean AUC of 0.81. This performance
was achieved using user-level features derived from short 2s and 5s
windows, demonstrating the feasibility of inferring a user’s stress
mindset directly from data captured by consumer-grade wearables.

Contribution 3: We demonstrated two pathways for model per-
sonalization based on stress mindset (Section 7.2). First, adding
binary stress mindset as a feature to a Random Forest classifier is
neutral-to-beneficial, with the clearest gains of around 2% increase
of mean AUC, at 20s time window, compared to a model that does
not use stress mindset as a feature (Figure 6). However, the results
do not show a statistically significant improvement across any time
window. Second, training separate stress detection models for each
mindset group yields a substantial performance improvement (Fig-
ure 7). The model for the stress-is-enhancing group peaked at an
mean AUC of 0.91 (10s window), outperforming the one-size-fits-
all baseline (mean AUC of 0.83, 30s window). The performance
difference was statistically significant. This shows that personaliza-
tion based on stress mindset is not just theoretically sound, but a
practically effective strategy for enhancing the performance of mo-
mentary stress detection. We also found that the enhancing group’s
model reaches its peak performance at a 10s window, which is
shorter than the optimal windows for both the one-size-fits-all
model and the debilitating group’s model. This departs from the
common recommendation to favor longer windows for wearable
stress detection. Practically, this suggests window length could be
personalized by mindset rather than fixed a priori.

Building on these findings, we outline a research agenda for
mindset-aware stress sensing. Future systems should jointly model
stable psychological traits and wearable biosignals by (1) inferring
stress mindset from wearables and using it to personalize model
and design choices, (2) validating robustness in the wild across
populations, stressors, and devices while studying longitudinal
change, and (3) translating mindset awareness into just-in-time
interventions that distinguish eustress from distress and support
reframing for users with a debilitating mindset. Done well, this shift
can move the field from generic arousal detection to psychologically
grounded personalization, with safeguards that ensure mindset
inference empowers users rather than profiles them.

2 Related Work
This section situates our research at the intersection of two dis-
tinct but complementary fields: the technical domain of wearable-
based stress detection (Section 2.1) and the theoretical domain of
stress psychology (Section 2.2). Finally, we synthesize these areas
to identify a critical research gap that our work aims to address
(Section 2.3).

2.1 Wearable-Based Momentary Stress
Detection

Research in ubiquitous computing and human-computer interac-
tion has long pursued the goal of detecting human stress from
multimodal data captured by wearable devices [31, 51, 88, 101].
This body of work has established a robust pipeline for stress sens-
ing but has primarily concentrated on technical and methodological
challenges, often treating stress as a binary construct: high versus
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Figure 1: A conceptual overview of the study design, linking data collection, experimental protocol, and the analytical pipeline.
(A) Data Collection: The study captured psychological data via self-report questionnaires (Stress Mindset Measure, Perceived
Stress Scale, Ten Item Personality Inventory) and sensor data from two wearable devices: an Empatica E4 wristband and
a Polar H10 chest strap. (B) Study Setup: The in-lab protocol was designed to elicit a range of physiological responses by
alternating between guided meditation sessions for relaxation (M1, M2) and two distinct stress-induction tasks, a socio-
evaluative stressor (S1: Sing-a-Song Test) and a cognitive stressor (S2: Stroop Test). (C) Experimental Setup: First, the collected
dataset was pre-processed to obtain time window level and user-level features. Then, it illustrates how the process data were
used to systematically answer three research questions: (RQ1) identifying the physiological footprints of stress mindset,
(RQ2) inferring a user’s mindset from aggregated sensor features, and (RQ3) leveraging mindset to improve momentary stress
detection using both feature inclusion and mindset-specific models. Sources and related content.

low [94]. Beyond this, commonly used consumer wearable devices
such as Garmin, Fitbit, Apple Watch, and WHOOP also provide mo-
mentary stress detection and interventions [106]. Studies have also
explored stress detection in diverse cohorts and contexts: student

populations [62, 125], work related contexts [3, 5, 51, 84], train-
ing [92], and virtual reality [127]. More recently, researchers have
also discussed the dual role of stress management systems, the aim
is to reduce stress in individuals, even though paradoxically those
systems could cause stress [48].
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2.1.1 AData-CentricQuest for Accuracy. The conventionalmethod-
ology captures physiological signals via commercial or customwear-
able sensors. Devices such as the Empatica E4 wristband measure
Electrodermal Activity (EDA), Blood Volume Pulse (BVP) for deriv-
ing Heart Rate (HR) and Heart Rate Variability (HRV), and Skin Tem-
perature (ST), and are widely used in research settings [35, 82, 83].
Recent work shows that earable devices can support stress assess-
ment with sensing modalities comparable to Empatica [54]. Across
studies, the dominant pipeline moves from signal pre-processing
and filtering to feature extraction and classification. It has been stud-
ied in controlled laboratory settings using standardized stressors
such as the Trier Social Stress Test (TSST) [64] and mental arith-
metic tasks [89, 118], and increasingly in "in-the-wild" deployments
where contextual confounds can degrade performance, elevating
concerns around generalization, robustness, and reproducibility [79,
114, 122, 126]. Much of the literature therefore centers on improv-
ing end-to-end accuracy through increasingly sophisticated fea-
ture design, including sliding-window statistical summaries, signal
decomposition (e.g., separating EDA into tonic and phasic com-
ponents), and automated feature generation [83, 114, 123]. Com-
plementing this, studies frequently benchmark classifiers ranging
from support vector machines and random forests, to deep learn-
ing models [122]. Overall, this data-centric trajectory has driven
steady gains in detecting momentary stress, while highlighting the
fragility of accuracy under real-world variability.

2.1.2 The Personalization Problem as a Statistical Challenge. The
HCI community has long recognized that "one-size-fits-all" stress
detection is impractical given substantial inter-individual differ-
ences in physiological responses [83]. Accordingly, model person-
alization has become a major research direction [65, 80, 105]. Yet
personalization is typically framed as a data-centric, statistical chal-
lenge [44]: methods such as transfer learning, on-device fine-tuning
with user feedback, and self-supervised learning (SSL) adapt models
to each person’s bio-signal distribution [55]. For example, Islam et
al. [55] showed that SSL can learn an individual’s baseline temporal
dynamics from unlabeled data, reducing labeled requirements for
subsequent fine-tuning. While effective at accommodating statisti-
cal variance, these approaches rarely engage with why individuals
differ in the first place. This creates a personalization paradox:
systems aim to be individual-sensitive, but treat the individual as
a statistical black box, adapting to downstream signal patterns
rather than modeling upstream drivers such as stable psychological
traits that shape physiological stress responses. In parallel, much
work operationalizes stress as a monolithic binary state ("stressed"
vs. "not-stressed") inferred from wearable sensors alone [101]. Al-
though some studies incorporate high-level context (e.g., activity)
to improve accuracy [82], internal psychological context, including
how people interpret stressors, remains largely unexplored. In par-
ticular, the role of mindset in shaping stress detection pipelines is
still understudied.

2.2 The Psychology of Stress: Mindset, Eustress,
and Distress

While broader computing literature (including HCI, Ubicomp, Af-
fective Computing) has focused on the technical detection of phys-
iological arousal, the field of psychology has long understood that

the experience of stress is not solely determined by the presence of a
stressor but by an individual’s interpretation of it. This perspective
provides the theoretical foundation for approaching momentary
stress detection with a more nuanced, psychologically-grounded
understanding.

2.2.1 What is Stress Mindset? Pioneering research by Crum et
al. [27] has formalized this interpretive lens into the concept of
stress mindset. A mindset is defined as a mental frame that selec-
tively organizes information, guiding an individual’s understanding
and response to an experience. Stress mindset exists on a continuum
between two opposing beliefs: Stress-is-EnhancingMindset: The
belief that stress has positive consequences, leading to improved
performance, productivity, health, learning, and growth; and Stress-
is-Debilitating Mindset: The belief that stress is harmful, causing
negative outcomes in these same domains and should therefore be
avoided. Importantly, this mindset is not an appraisal of a single
event but a stable, core belief about the nature of stress itself [58],
and it can be measured using validated instruments like the Stress
Mindset Measure (SMM) [27]. While it is generally stable, it can be
altered with time, similar to how personality traits of individuals
could get altered [26, 57].

2.2.2 Physiological and Behavioral Correlates of Mindset. Stress
mindset is not merely an abstract belief; it has measurable physio-
logical and behavioral consequences. A stress-is-enhancing mindset
is associated with more adaptive physiological responses, includ-
ing more moderate cortisol reactivity and sharper increases in
anabolic ("growth") hormones under stress [26, 27]. It is also linked
to behavioral and cognitive patterns such as a greater desire for
feedback, increased cognitive flexibility, and an attentional bias
toward positive stimuli, particularly when a stressor is appraised
as a challenge [26]. Together, these findings motivate our central
hypothesis: if stress mindset systematically shapes stress responses,
then it should leave detectable signatures in the same wearable
sensor data commonly used for stress sensing.

2.2.3 Connecting Mindset to Eustress and Distress. Stress mindset
offers a mechanistic lens on the long-standing distinction between
"eustress" and "distress" [36]. Eustress is a positive, motivating re-
sponse to challenge that can enhance performance and well-being,
whereas distress is a negative response associated with anxiety
and impaired performance [59]. Although both can involve similar
initial physiological arousal (e.g., cortisol and adrenaline release),
they diverge in experienced valence and downstream outcomes.
Stressmindsetmediates this divergence: a stress-is-enhancingmind-
set biases appraisal toward challenge and thus eustress, while a
stress-is-debilitating mindset biases appraisal toward threat and
thus distress [36, 59, 61]. This framing suggests a hierarchy in which
stable mindset shapes momentary appraisals. If we can infer this
underlying mindset, we may better anticipate a user’s propensity
for distress across situations and design more proactive interven-
tions than those triggered by detecting a single episode. In this
paper, we address this gap by investigating whether wearable sen-
sor data contains signatures that differentiate stress mindsets and
by evaluating the feasibility of inferring an individual’s mindset
from those signals.
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Table 1: Positioning this work in contrast with multiple research themes. Each row clarifies what is measured, over what time
scale, how it is labeled, and what the typical contribution is.

Research
theme

Target construct Temporal granularity Typical labels / instruments What is inferred / key contribution

Momentary
stress [83,
122, 126]

Physiological arousal (eleva-
tions in autonomic activity mea-
sured from the body)

Event-level, within seconds
to minutes (short time win-
dows during or around a
task)

Stress induced with laboratory tasks
such as the Trier Social Stress Test
(TSST), the Stroop color–word task, or
the Sing-a-Song test; in-the-moment
self-reports (ecological momentary as-
sessments)

Determines whether a person is currently “stressed”
versus “not stressed” from wearable signals, and
evaluates accuracy and across-person generaliza-
tion under different modeling choices.

Eustress
vs. dis-
tress [10]

Stress appraisal (whether a spe-
cific stress response is experi-
enced as helpful/challenging eu-
stress or harmful/threatening
distress)

Episode-level, over minutes
to hours (during a single ac-
tivity or period)

Self-reported appraisal collected during
or after the episode; affect scales such as
the Self-Assessment Manikin, Circum-
plexModel, or the Positive and Negative
Affect Schedule

Classifies the valence of a particular stress episode
(challenge/eustress versus threat/distress), going be-
yond arousal to interpret how the stressor is per-
ceived.

Longitudinal
stress [18]

Perceived stress as an ongoing
burden (how stressful life feels
overall)

Days to weeks (trend over
time rather than a single
moment)

Periodic surveys such as the Perceived
Stress Scale (PSS) or daily/weekly di-
aries

Forecasts past/near/future survey-based stress
scores and identifies behavioral patterns associated
with higher or lower perceived stress over time.

This work:
Mindset
about
Stress [27]

Stress mindset, a relatively
stable belief about whether
stress is enhancing or debili-
tating

Stable trait observable
overmonths to years (not
tied to a single episode)

Stress Mindset Measure (SMM) ques-
tionnaire

Shows that stress mindset leaves a measur-
able signature in wearable signals, enables
accurate inference of an individual’s mind-
set, and demonstrates that incorporating this
trait improves momentary stress detection via
mindset-aware models.

2.3 Towards Mindset-Aware Stress Sensing
The above sections point to a disciplinary divide: HCI has deep
expertise in sensing and modeling physiological data, yet often ab-
stracts away the psychological richness of stress, while psychology
offers nuanced theories such as stress mindset but lacks tools for
continuous, objective measurement. Our work sits at this inter-
section and argues that incorporating constructs like mindset is a
natural next step toward truly personalized and meaningful stress
sensing. In doing so, we add nuance to stress tracking and respond
to calls in HCI for more transparent and informative stress mea-
sures [111]. Beyond binary stress detection, Adler et al. [4] inferred
stress resilience in resident physicians using a process-oriented
definition, operationalized through trajectories of mental health
under prolonged stress in line with [47]. Closest to our work is com-
putational modeling of stress appraisal [75]. For example, Awada
et al. [10] classify appraisal outcomes (boredom, eustress, distress)
from wearable data, advancing beyond generic stress labels. How-
ever, such approaches primarily model situational outcomes rather
than the stable trait that shapes them (see Table 1). As discussed
in Section 2.2.3, stress mindset is distinct from whether a partic-
ular stressor is experienced as eustress or distress; we argue that
modeling mindset provides a more foundational and potentially
more generalizable account of individual stress patterns. We there-
fore propose that the next generation of stress technologies should
be mindset-aware. Analogous to systems that adapt to cognitive
workload or attentional focus [93], a mindset-aware system would
adapt to a user’s stress mindset and deliver qualitatively different
support. For users with a debilitating mindset, it may prioritize
reframing strategies; for users with an enhancing mindset, it may
emphasize opportunities for growth. By moving beyond a simple
"you are stressed" notification, mindset-aware sensing can enable

more meaningful and actionable interventions. We view this study
as a foundational step in that direction.

Research Gap. Prior work has largely overlooked stress mindset
as a driver of the individual differences that data-driven personal-
ization in wearable stress detection seeks to capture. As a result, it
remains unknown whether a stable trait like stress mindset leaves
a discernible footprint in wearable sensor data, and whether such
information can be leveraged to build more nuanced and effec-
tive stress sensing systems. This study is the first to systematically
address this gap (Table 1).

3 User Study
To investigate our research questions, we designed and conducted
a controlled in-lab user study.

3.1 Participants and Recruitment
We recruited 25 participants via convenience sampling from a uni-
versity and a multi-national corporation, using internal mailing
lists. After data quality checks, two participants’ data were excluded
due to sensor signal corruption, resulting in a final sample of N=23
for our analysis. This sample size is consistent with prior similar
studies in HCI and Ubicomp [20, 34, 63, 95]. Table 2 summarizes the
demographics of our final participant group. The sample averaged
32.7 ± 6.0 years of age (range: 23–52). It included 15 males and 8
females and was ethnically diverse, though predominantly Asian
(𝑛 = 14, 61%). Educational attainment was high, with the majority
holding a PhD or equivalent (𝑛 = 17, 74%). Based on the Stress
Mindset Measure, 13 participants (57%) were categorized as having
an enhancing stress mindset, while 10 (43%) were categorized as
having a debilitating mindset, providing a balanced distribution for
our analysis. Moreover, Table 6 in Appendix co-summarizes the
demographics of participants at an individual level.
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Table 2: Participant demographics and scale statistics. Ages
computed as 2025− birth year.

Age
Mean ± SD 32.7 ± 6.0
Range 23–52

Gender identity
Male 15
Female 8

Education level
PhD or equivalent 17
Master’s or equivalent 3
Bachelor’s or equivalent 2
High school 1

Employment
No, I am a student 16
Yes, I am employed 7

Ethnicity
Asian 14
White, Caucasian 6
Another ethnic group 1
Mixed/multiple ethnic groups 1
Not specified 1

Stress mindset
Enhancing (≥ 16) 13
Debilitating (< 16) 10

Table 3: Descriptive statistics (Mean, Standard Deviation,Min,
Max) for the Ten ItemPersonality Inventory (TIPI), Perceived
Stress Scale (PSS), and StressMindsetMeasure (SMM) (𝑁 = 23).

Scale Mean (SD) Min, Max

Ten Item Personality Inventory
Extraversion 3.80 (1.13) 1.50, 5.50
Agreeableness 4.89 (1.08) 3.00, 6.50
Conscientiousness 5.20 (1.21) 2.00, 7.00
Emotional Stability 4.80 (1.40) 2.00, 7.00
Openness 5.41 (0.96) 4.00, 7.00

Perceived Stress Scale
Total Score 15.43 (5.79) 5.00, 31.00

Stress Mindset Measure
Total Score 14.74 (6.76) 2.00, 28.00

3.2 Apparatus and Materials
The study was conducted in a quiet, sound-attenuated room. Par-
ticipants were seated at a desk in front of a 24-inch monitor, which
displayed a customweb-based application that guided them through
the experiment. Physiological datawas collected using two consumer-
grade wearable devices: a Polar H10 chest strap to capture electro-
cardiography (ECG) for robust heart rate and HRV metrics, and an
Empatica E4 wristband worn on the non-dominant wrist to capture
EDA, BVP, skin temperature, and motion data via ACC. The chest
ECG sensor on Polar H10 provides more precise R–R intervals for
heart rate variability analysis, complementing the wristband’s con-
venience, and was used to validate the measurements of the more
noisy wrist wearable. However, after verifying the primary analysis
of this paper was performed with the wrist wearable because that
is the most common setup for studying stress in both research and
consumer-grade wearables from companies such as Apple, Google,
and Garmin.

3.3 Procedure
The study procedure was refined based on a pilot study conducted
with 2 participants to ensure a seamless experience and validate

the timing of each session. Protocol was improved based on their
feedback, before finalizing the larger study.

3.3.1 Pre-StudyQuestionnaires. A couple of days before their sched-
uled session, participants completed a set of online questionnaires.
This was done to minimize fatigue and cognitive load on the day
of the study. Questions asked in this questionnaire are as follows:
• Stress Mindset Measure (SMM): The 8-item SMM, developed
by Crum et al. [27], assesses individuals’ core beliefs regarding
the effects of stress, specifically, whether they view stress as pre-
dominantly enhancing or debilitating. As a pragmatic choice for
most sections, a summed score of 16 (mid-point of the scale) or
greater classifies participants as having a stress-is-enhancing mind-
set, while scores below 16 indicate a stress-is-debilitating mind-
set [61]. This threshold also aligns with the median of SMM scores.
Please see Section 8.3.2 for more information on this. The SMM has
demonstrated good reliability and construct validity in measuring
these beliefs.
• Perceived Stress Scale (PSS): To measure general, baseline stress
levels, we administered the PSS [22], a widely validated and adopted
scale in both psychology and computing research. The Perceived
Stress Scale measures the degree to which individuals appraise
situations in their lives as stressful, specifically focusing on their
perception of unpredictability, uncontrollability, and overload dur-
ing the past month. It assesses subjective stress, that is how people
feel about the general stress in their lives, rather than specific life
events or external stressors.
• Ten-Item Personality Inventory (TIPI): To account for the poten-
tial influence of individual personality differences, we employed
the TIPI [43], a concise instrument designed to assess the Big
Five personality traits: Extroversion, Agreeableness, Conscientious-
ness, Emotional Stability, and Openness to Experience. The TIPI
was selected for its efficiency, making it well-suited for contexts
where time is limited, and for its established validity and acceptable
test–retest reliability as demonstrated both in general psychology
and HCI research
• Demographics and Consent: We collected demographic informa-
tion (age, gender, education) and confirmed that participants had no
prior diagnosis of any major mental health conditions. Participants
provided explicit informed consent for their data to be used in the
study and to be shared publicly in an anonymized format. Finally,
Table 3 provides a summary of responses obtained in pre-study
questionnaires.

3.3.2 In-Lab Protocol. Upon arrival, participants were briefed on
the procedure and fitted with the wearable sensors. To ensure com-
fort and proper placement, researchers of the same gender as the
participant were available to assist. The in-lab session, lasting ap-
proximately one hour, was guided by the on-screen instructions
and consisted of four sequential parts (Figure 1).
• Meditation Session 1 (M1): To establish a physiological baseline,
participants began with a 5-minute guided audio meditation. This
is a common technique used in prior work to induce a state of
relaxation [17, 108].
• Stress Session 1 (S1) — Sing-a-Song Stress Test: To induce socio-
evaluative stress, we employed the Sing-a-Song Stress Test (SSST)
[112], a paradigm designed to elicit mental stress in a controlled
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manner. The SSST serves as a brief, low-cost alternative to more
time and labor-intensive protocols like the Trier Social Stress Test
(TSST) [64], while still reliably inducing social-evaluative stress. In
our implementation, participants were informed that their vocal
performance would be evaluated by the in-person researcher and a
remote two-person panel observing via video conference. In this
procedure, participants are first presented with neutral messages on
the screen and wait in short intervals of one minute. Then, the task
began with a another one-minute timer, during which participants
were asked to choose a song and prepare to sing. Immediately
following this preparation period, they were instructed to sing their
chosen song aloud for 90 seconds. This sudden demand to perform
under social evaluation is designed to elicit self-conscious stress,
triggering measurable physiological responses such as increases in
heart rate and skin conductance.
• Meditation Session 2 (M2): Following the first stressor, a second,
longer 10-minute guided meditation was used as a recovery period.
The extended duration was a direct result of our pilot studies, which
revealed that participants required around 3 minutes to allow their
physiological signals to return to a baseline state after the high-
arousal S1 session.
• Stress Session 2 (S2) — Stroop Color-Word Test: To induce cogni-
tive stress, participants completed a computerized version of the
Stroop Color-Word Test [99, 102]. This classic task induces stress
by creating cognitive interference, where participants must name
the color of the ink a word is printed in while ignoring the word
itself (e.g., saying "blue" for the word "RED" printed in blue ink).
We used a publicly available implementation from PsyToolkit for
this1.

3.3.3 Compensation. Upon completion, participantswere debriefed
and compensated with an approximately $35 USD amazon gift
voucher, a rate well above the local minimum wage. Light refresh-
ments were also provided.

4 Methodology for Data Pre-Processing
Our experimental design is structured to systematically answer our
three research questions. We begin by describing the common data
pre-processing and feature engineering pipeline before detailing
the specific statistical and machine learning methodologies used for
each research question. The overall pipeline is depicted in Figure 1C.

4.1 Dataset Pre-Processing
For each of the 23 participants, raw physiological data was read
directly from the ‘empatica.zip’ archives, which contain separate
files for electrodermal activity, heart rate related information, skin
temperature, and 3-axis accelerometry. A critical first step was
timestamp synchronization. As the Empatica E4 records in UTC,
we applied a X-hour offset to align the sensor data with the local
time of the study, ensuring accurate alignment with the ground
truth event markers.

1Publicly available test can be accessed here: https://www.psytoolkit.org/experiment-
library/experiment_stroop.html

4.2 Time-Window Level Feature Extraction
We processed the synchronized time-series data using the open-
source ‘flirt’ toolkit [35]. This is a library commonly used in signal
processing pipelines for wearable devices with modalities such as
EDA, ACC, and HR [11, 12, 56, 107, 109, 116, 121], and has been
widely used in stress detection tasks [14, 87, 96, 110]. To investigate
the impact of temporal granularity, which has been studied as an
important aspect in stress detection pipelines [85, 100, 113], we
extracted features across multiple sliding window configurations:
2s, 5s, 10s, 20s, and 30s (with corresponding step sizes of 1s, 2s,
5s, 5s, and 10s). This multi-window approach allows us to balance
the need for temporally precise features against the stability re-
quired for robust feature calculation (e.g., for frequency-domain
HRV metrics). For each window, flirt computes a comprehensive set
of time-domain, frequency-domain, and non-linear features across
all sensor modalities. The resulting continuous stream of feature
windows was then segmented using the ground truth timestamps
from our experimental protocol. This process isolated the feature
windows corresponding to each of the four sessions (M1, S1, M2, S2)
for every participant. To minimize artifacts from session transitions,
we trimmed the first and last 30 seconds of data from each session’s
feature set. A detailed summary of extracted features is provided
in Appendix B, Appendix C, and D.

4.3 User-Level Feature Aggregation
To answer RQ1 and RQ2, which concern the stable, trait-like con-
struct of stress mindset, we aggregated the time-window level fea-
tures into a single, static feature profile for each participant. This
is a necessary step because we hypothesize that a user’s mindset
is reflected not in momentary fluctuations, but in their average
physiological patterns and reactivity to stressors. The aggregation
process involved two steps:
• Summarizing by Session Mean: We first calculated the mean of
every feature across all windows within each session (M1, S1, M2,
S2). This condensed the time-series data into a set of represen-
tative signatures for each participant under each condition (e.g.,
‘hrv_lf_S1’, ‘eda_phasic_mean_M2’).
• Creating Contrast Features: To explicitly model physiological
reactivity, we engineered a set of contrast features by calculating
the difference between the aggregated session means, in line with
prior work [33, 68, 86, 119]. These included direct contrasts (e.g., ‘S1
- M1’) and a general contrast comparing the average of the stress
sessions to the average of the relaxation sessions (‘Stress_mean -
Rest_mean’). These delta features are powerful as they normalize
for baseline individual differences.

This pipeline produced a final, 1188 static feature vector for
each of the 23 participants, representing their unique physiological
response profile for subsequent analysis.

5 Do self-report and wearable features
discriminate stress is enhancing versus
debilitating mindsets? (RQ1)

5.1 Methods
To answer our first research question, we began with a descriptive
analysis to visually inspect for initial differences between stress is

https://www.psytoolkit.org/experiment-library/experiment_stroop.html
https://www.psytoolkit.org/experiment-library/experiment_stroop.html
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enhancing and debilitating groups and rule out obvious confounds
like personality or baseline stress levels (Section 5.1.1). Following
this, we conducted a statistical analysis using Generalized Estimat-
ing Equations to formally test for significant associations between
specific physiological features and stress mindset (Section 5.1.2).

5.1.1 Descriptive Analysis. First, we examined how stress mind-
sets differ for participants’ personality traits. Using provide TIPI
questionnaire answers, we derived personality trait scores for each
participant, along the traits Extroversion, Agreeableness, Conscien-
tiousness, Emotional Stability and Openness. Then, we separated
participants with stress is enhancing and debilitating mindsets into
two groups, and plotted their personality trait scores along the two
axis in the radar plot provided in Figure 2. Then, we used the PSS
questionnaire and derived the baseline stress level of participants
and binned them into low, moderate, and high using scores calcu-
lated based on [2, 7, 66]2. Then, we again separated the participants
into stress is enhancing and debilitating groups, and plot the distri-
bution of participants for different baseline PSS scores, as a bar plot
in Figure 3. Finally, using the feature extraction process mentioned
above, we obtained multiple datasets corresponding to different
time windows. While it is not possible to show all data distribu-
tions across different features, in Figure 4, we provide sensor signal
distributions for four features, stratified by stress mindset.

5.1.2 Statistical Analysis. In the descriptive analysis above, we ob-
served that for certain sensor features, the distributions of sensor
values for the two stress mindsets could be slightly different. We
then quantified how different these sensor-data distributions are.
Specifically, we analyzed each session’s data to test whether physi-
ological features derived from heart activity, electrodermal activity,
and accelerometry were associated with a binary stress mindset
label: Enhancing vs. Debilitating. Hence, to statistically quantify
the difference in sensor distributions between the two mindset
groups, we utilized Generalized Estimating Equations (GEE) [67]
with an exchangeable working correlation [45]. This approach is
specifically designed for repeated measures, allowing us to account
for the dependencies inherent in multiple time windows collected
from the same participant. We utilized a within/between decompo-
sition method to separate transient fluctuations from stable traits.
Since stress mindset is a constant attribute for each individual, our
analysis focused on the between-person effects, testing whether
a participant’s average physiological response was significantly
associated with an Enhancing or Debilitating mindset. We report
these associations as Odds Ratios (OR) and applied the Benjamini-
Hochberg correction to control for false discovery rates arising
from multiple hypothesis testing. While models were fitted for all
sessions, we report results primarily for the Sing-a-Song stress
task (S1), which yielded the most discriminating features. For the
complete mathematical formulation regarding the GEE model and
variance decomposition, please refer to Appendix E.

5.2 Results
Figures 2 and 3 establish that stress mindset is a distinct psycho-
logical construct, independent of both Big Five personality traits
and baseline perceived stress. As shown in Figure 2, the personality

2These bands are conventional, not diagnostic, and are provided to aid interpretation.

profiles of the Enhancing (N=13) and Debilitating (N=10) groups
are broadly similar. While the Debilitating group trends higher on
Openness (+0.45 on a 1-7 scale) and the Enhancing group is slightly
higher on Conscientiousness (+0.31), these differences are small
to moderate, not statistically significant, and the profiles largely
overlap. In practice, this could mean that even a detailed personality
profile is not a reliable shortcut for inferring how an individual will
interpret stress; a system cannot simply use a personality test to
personalize its stress interventions. Later in Table 5, we indeed test
this by using personality traits to infer stress mindset, as a baseline.
Similarly, Figure 3 shows no statistically significant difference in the
distribution of baseline PSS scores between the two mindset groups.
Practically, this suggests that a person’s core belief about stress
is separate from their current level of perceived stress. A system
cannot assume that a user with high chronic stress automatically
has a debilitating mindset, or vice versa. Together, these findings
underscore the unique value of measuring stress mindset directly.
They confirm, in line with prior work [21, 25, 81], that mindset is
not redundant with other common psychological measures, justi-
fying the need for the novel physiological sensing approach we
explore in this paper.

Our statistical analysis, detailed in Table 4 reveals that stress
mindset leaves a discernible physiological footprint during the
socio-evaluative stress task. The clearest signal emerged fromHeart
Rate Variability (HRV), where Low Frequency (LF) power exhibited
a robust and statistically significant association with a debilitating
mindset (FDR 𝑞 = 0.033). While the interpretation of HRV LF is
physiologically complex, reflecting modulations from both sympa-
thetic and parasympathetic branches [38, 49], this result points to a
systematic difference in autonomic regulation. It suggests that a de-
bilitating mindset is associated with a distinct, and potentially less
efficient, pattern of autonomic modulation when facing a stressor.
Beyond HRV, we observed suggestive patterns in Electrodermal Ac-
tivity (EDA), though these did not withstand strict FDR correction.
Several EDA tonic statistics (e.g., mean, sum) showed a positive
association with an enhancing mindset (unadjusted 𝑝 ≈ 0.04). Prac-
tically, this hints that an enhancing mindset is not characterized by
a lack of arousal, but rather by a state of engaged, alert readiness.
Visualizations of some of these feature distributions are provided in
Figure 4. Overall, these findings provide the first evidence that the
stable psychological trait of stress mindset is reflected in measur-
able wearable bio-signals, motivating our next step: determining if
these signals allow for machine learning-based inference.

6 How accurately can we infer an individual’s
stress mindset from user-level wearable
features? (RQ2)

6.1 Methods
In RQ2, we ask whether physiological signals are strong and con-
sistent enough to infer stress mindset from wearable data at the
user level. For each participant, we derived feature vectors from HR,
EDA, and related streams across four blocks (two stress-elicitation:
S1, S2; two neutral/mindset: M1, M2), and also construct an ALL rep-
resentation that concatenates baseline and reactivity information
into a single feature vector. Sensor data are summarized in short,
overlapping windows and then aggregated with robust statistics,
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Figure 2: Radar plot of Big Five personality traits derived using
TIPI questionnaire, stratified by the stress mindset.

Figure 3: Bar plot different levels of Perceived Stress Scale
(PSS) stratified by the stress mindset. Categories for perceived
stress scale were derived based on widely accepted thresholds:
Low: 0–13, Moderate: 14–26, High: 27–40. The percentage of
participants within enhancing and debilitating groups, for low,
medium, and high levels too are shown on top of the bars.

Figure 4: Four figures providing the distribution of sensor features for stress is enhancing and debilitating mindsets during S1
session. Since timelines for participants were different for the session, participant timelines were normalized to the mean time
taken by participants. Top two figures show two EDA features whereas the bottom two figures show two HR features.
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Table 4: Between-person associations with stress mindset (Session 1). Odds ratios (OR) > 1 indicate higher odds of an Enhancing
mindset. Columns: OR = odds ratio for a one-unit increase in the feature (if predictors were standardized, interpret as per 1 SD);
CI low/high = Wald 95% confidence limits; 𝑧 = Wald 𝑧 statistic; 𝑝 = two-sided 𝑝-value; 𝑞 = Benjamini–Hochberg FDR-adjusted
𝑝 across tests in this table; Sig. = significance flag where * denotes 𝑞 < 0.05. GEE (logit, exchangeable) with within/between
decomposition; interpretation focuses on the between-person term. NNI corresponds to Normal-to-Normal Intervals.

Feature OR CI low CI high 𝑧 𝑝 𝑞 Sig.

Electrodermal Activity (EDA)

EDA Tonic Minimum 3.07694 1.02859 9.20441 2.010 0.0444 0.29
EDA Tonic 5th Percentile 3.08159 1.02786 9.23880 2.009 0.0445 0.29
EDA Tonic Sum 3.14965 1.01588 9.76523 1.987 0.0469 0.29
EDA Tonic Mean 3.14965 1.01588 9.76523 1.987 0.0469 0.29
EDA Tonic RMS 3.15386 1.01510 9.79885 1.986 0.0470 0.29

Heart Rate (HR)

HRV Low Frequency Power 0.00125 0.000037 0.04164 -3.736 0.000187 0.0325 *
HRV standard deviation of NN intervals 0.11113 0.02636 0.46843 -2.993 0.00276 0.156
HRV Standard Deviation 0.10601 0.02416 0.46507 -2.975 0.00293 0.156
HRV NNI between successive R-waves 0.09637 0.01921 0.48355 -2.843 0.00447 0.156
HRV Peak to Peak Intervals 0.09637 0.01921 0.48355 -2.843 0.00447 0.156

Accelerometer (ACC)

ACC X 95–5 Percentile Range 0.03951 0.00359 0.43514 -2.640 0.00830 0.179
ACC X Standard Deviation 0.04849 0.00496 0.47366 -2.603 0.00925 0.179
ACC X Interquartile Range 0.03243 0.00231 0.45550 -2.543 0.0110 0.189
ACC Magnitude 95–5 Percentile Range 0.09048 0.01292 0.63370 -2.419 0.0155 0.225
ACC X Sign Flips 0.00106 2.79e−06 0.40243 -2.260 0.0238 0.29

alongside within-subject contrast features (for example, stress–rest
differences), yielding one high-dimensional feature vector per par-
ticipant and session that is suitable for user-level modeling. We
assign user-level labels from the Stress Mindset Measure (0–32)
using both a binary split at 16 (low vs. high mindset, matching
the canonical debilitating vs. enhancing framing) and a three-class
formulation based on score terciles (low vs. mid. vs. high mind-
set) to probe whether the “middle” group is intrinsically harder
to separate. While stress mindset is commonly interpreted with
the binary setup, we explored the three-class setup for compre-
hensiveness, because prior work in mental health have explored
two and three class formulations for different constructs [77]. To
avoid information leakage, all pre-processing steps (feature filter-
ing, median imputation, and z-scoring) are fit only on the training
data within each cross-validation fold and then applied to the cor-
responding test data. We compare four standard classifiers (logistic
regression, SVM, random forest, XGBoost) using grouped 5-fold
cross-validation with participants as groups, and report macro AUC
(binary) and macro one-vs-rest AUC (three-class) as mean ± stan-
dard deviation across folds to capture variability over repeated
train–test splits, in line with standard practice. The results are pre-
sented in Table 5. The best-performing configuration is an ALL, 5
s window logistic regression model, whose cross-fold coefficients
we later analyze to identify the most mindset-informative physio-
logical features, shown in Figure 5. Full feature definitions, model
settings, and additional metrics are provided in the Appendix F.

6.2 Results
A few consistent patterns emerge from Table 5. First, linear mod-
els are surprisingly strong in the binary setting. LR achieves the
top two-class performance in most rows, peaking at when using
all sessions (ALL) using 5s window with an AUC of 0.88 ± 0.15,
and remaining competitive across other windows (e.g., ALL, 2s:
0.82 ± 0.11; ALL, 30s: 0.77 ± 0.20). This suggests that, after user-
level aggregation, stress mindset is largely linearly separable in
the engineered HR, EDA, and ACC feature space. In low-𝑁 set-
tings, linear margins with regularization often outperform flexible
learners that overfit noise, aligning with prior findings in physio-
logical computing that simple linear models are strong baselines
for cross-subject generalization [104]. Second, three-class inference
is harder but margin-based SVC excelled in specific contexts. AUCs
are generally lower than two-class AUCs, as expected. Nonetheless,
SVC attains 0.81 ± 0.11 when using S1 session data at 2s time win-
dow, the highest three-class performance in the table, and reaches
0.70 ± 0.25 for ALL, 5s. This indicates that when class structure is
three-class, a margin-maximizing nonlinear boundary can delin-
eate terciles better than a purely linear boundary in LR. That SVC
leads in S1 (but not consistently in S2/M-blocks) may reflect that S1
session, with sing-a-song stress test, captures clearer and sharper
autonomic responses with cleaner signal-to-noise for three-class
separation, as compared using including M1, M2, or S2 data. Fur-
ther, short windows (2s–5s) are often optimal for stress mindset
inference. The best binary AUCs occur at 2s-5s windows. Longer
windows (20s–30s) frequently dilute transient responses and can
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Table 5: Model performance (AUC) for stress mindset inference across sessions and time windows. Two-class (left) and Three-
class (right) results presented. Values are mean±SD over grouped CV folds where groups = participant. Color in purple and
magenta indicate the best model per row for the respective two or three class setting, respectively. Underlined are the best
models across all session and window combinations, for two and three class settings.

Two-Class (AUC) Three-Class (AUC)

Session Window LR SVC RF XGB LR SVC RF XGB

Baseline1 .50 ± .00 .50 ± .00 .50 ± .00 .50 ± .00 .50 ± .00 .50 ± .00 .50 ± .00 .50 ± .00
Baseline2: Personality .33 ± .27 .56 ± .13 .35 ± .27 .41 ± .31 .65 ± .08 .57 ± .09 .47 ± .16 .55 ± .05

ALL 2 s .82 ± .11 .47 ± .12 .27 ± .17 .53 ± .24 .52 ± .07 .60 ± .17 .50 ± .14 .55 ± .05
5 s .88 ± .15 .63 ± .31 .32 ± .24 .38 ± .35 .63 ± .07 .70 ± .25 .51 ± .20 .66 ± .09
10 s .82 ± .26 .41 ± .17 .47 ± .29 .45 ± .28 .70 ± .16 .49 ± .16 .55 ± .26 .68 ± .09
20 s .70 ± .19 .50 ± .11 .55 ± .27 .23 ± .25 .56 ± .09 .63 ± .09 .44 ± .20 .53 ± .12
30 s .77 ± .20 .17 ± .21 .70 ± .16 .47 ± .40 .50 ± .00 .63 ± .08 .52 ± .16 .46 ± .15

S1 2 s .73 ± .17 .33 ± .11 .67 ± .24 .70 ± .19 .66 ± .18 .81 ± .11 .58 ± .06 .66 ± .11
5 s .73 ± .17 .38 ± .18 .72 ± .31 .67 ± .24 .69 ± .14 .56 ± .15 .57 ± .21 .65 ± .15
10 s .62 ± .29 .43 ± .17 .55 ± .31 .42 ± .21 .71 ± .15 .52 ± .27 .55 ± .10 .62 ± .14
20 s .50 ± .37 .43 ± .36 .35 ± .27 .27 ± .31 .71 ± .15 .35 ± .09 .48 ± .14 .57 ± .11
30 s .67 ± .42 .47 ± .31 .62 ± .29 .35 ± .23 .48 ± .16 .44 ± .28 .42 ± .13 .45 ± .11

S2 2 s .72 ± .16 .38 ± .23 .47 ± .32 .53 ± .24 .63 ± .11 .59 ± .08 .56 ± .16 .60 ± .11
5 s .62 ± .33 .63 ± .19 .50 ± .26 .57 ± .34 .63 ± .12 .61 ± .07 .56 ± .11 .53 ± .09
10 s .60 ± .34 .28 ± .30 .27 ± .13 .43 ± .36 .60 ± .11 .62 ± .17 .65 ± .09 .59 ± .12
20 s .58 ± .27 .28 ± .27 .50 ± .33 .50 ± .37 .66 ± .14 .69 ± .06 .61 ± .10 .60 ± .13
30 s .75 ± .32 .40 ± .34 .70 ± .40 .50 ± .33 .68 ± .07 .67 ± .12 .62 ± .18 .65 ± .16

M1 2 s .65 ± .23 .33 ± .35 .58 ± .34 .53 ± .40 .44 ± .12 .59 ± .12 .28 ± .12 .50 ± .07
5 s .70 ± .27 .60 ± .31 .70 ± .27 .75 ± .22 .69 ± .01 .61 ± .14 .46 ± .12 .60 ± .08
10 s .77 ± .20 .37 ± .40 .77 ± .17 .60 ± .08 .57 ± .13 .52 ± .09 .51 ± .12 .65 ± .17
20 s .73 ± .23 .52 ± .41 .63 ± .31 .57 ± .08 .60 ± .08 .67 ± .12 .52 ± .03 .40 ± .14
30 s .77 ± .20 .40 ± .34 .73 ± .23 .43 ± .34 .61 ± .08 .55 ± .07 .49 ± .12 .45 ± .07

M2 2 s .63 ± .22 .38 ± .23 .53 ± .32 .42 ± .33 .53 ± .14 .61 ± .05 .51 ± .13 .67 ± .19
5 s .48 ± .31 .65 ± .26 .60 ± .27 .53 ± .32 .48 ± .03 .46 ± .14 .47 ± .11 .51 ± .12
10 s .47 ± .19 .16 ± .15 .67 ± .24 .40 ± .34 .39 ± .16 .44 ± .08 .41 ± .17 .63 ± .25
20 s .53 ± .29 .28 ± .23 .50 ± .33 .47 ± .34 .38 ± .10 .48 ± .17 .29 ± .12 .51 ± .11
30 s .67 ± .24 .43 ± .18 .55 ± .27 .63 ± .34 .44 ± .05 .58 ± .16 .25 ± .07 .41 ± .11

blur condition-specific dynamics. Interestingly, it is worth noting
that most previous stress detection studies [32, 37, 50, 63, 82], sug-
gests using larger windows of around 20-30s or above.

The feature analysis in Figure 5 reveals that stress mindset leaves
a distinct multimodal footprint. We found that an enhancing mind-
set is associated with regulated autonomic responses (via HRV
contrast features) and sustained engagement (via phasic EDA), con-
sistent with the theory that adaptive appraisals mobilize energy ef-
ficiently [30, 40]. Conversely, a debilitating mindset is characterized
by irregular body movement (accelerometer features), potentially
reflecting behavioral restlessness or agitation [8, 74]. The cross-
fold stability of these features confirms that these are not random
fluctuations, but consistent physiological signatures of how indi-
viduals internalize stress. For more details on this, please refer to
the Appendix G.

7 Does including an individual’s stress mindset
improve prediction of momentary stress from
wearables? (RQ3)

7.1 Methods
For RQ3, we examine whether knowing a person’s stress mindset
improves momentary stress detection from wearable sensors, a

core task in prior stress inference work [82, 83, 122, 126]. Using
the same windowed HR, EDA, and ACC features from our stress
pipeline, we compare two ways of incorporating mindset. First,
we treat mindset as a static covariate by adding the scalar stress
mindset score to the sensor feature space and asking whether this
questionnaire-derived prior improves within-window stress dis-
crimination. Second, we train separate “mindset-specific” models
by splitting participants into enhancing versus debilitating groups
and fitting dedicated stress detectors for each group, alongside a
one-size-fits-all baseline. In both settings, we use a Random Forest
classifier, selected after preliminary comparisons with XGBoost,
multilayer perceptrons, and support vector machines, as RFs are
strong tabular time-series baselines [53, 70, 77]. To simulate de-
ployment on unseen users and avoid subject leakage, we adopt
a nested StratifiedGroupKFold design with grouped 5-fold outer
and 3-fold inner cross-validation, stratifying by the binary stress
label and grouping by user. The inner loop performs randomized
hyperparameter search, and the best model is evaluated on the
held-out outer-test users. We report per-user macro AUC to cap-
ture both overall discrimination and cross-user consistency, and
we repeat the entire outer cross-validation procedure across multi-
ple random seeds. Final performance is therefore summarized as
mean ± standard deviation across all folds, reflecting variability



CHI ’26, April 13–17, 2026, Barcelona, Spain Meegahapola et al.

Figure 5: Top 20 standardized logistic-regression coefficients
for the best model (ALL sessions, 5s window, two-class). Bars
show the cross-fold mean coefficient; error bars indicate ±SD
across 5 participant-grouped folds. Features are ranked by
|mean|; colors denote sign (teal: higher probability of an en-
hancing mindset; coral: higher probability of debilitating
mindset). Feature names include session tags (S1/S2/M1/M2)
and within-person contrasts (ΔStress−Rest), (ΔS1−M1), and
(ΔS2 −M2).

over repeated train–test splits. The results for “mindset as covariate”
and “mindset-specific models” across window lengths are presented
in Figure 6 and Figure 7 respectively, with detailed modeling and
validation details provided in the Appendix H.

7.2 Results
7.2.1 Stress Mindset as a Covariate. We quantified the utility of
including a stress is enhancing mindset indicator in Random Forest
models used for momentary stress detection, in Figure 6. These
models are trained for time series features captured with time-
window level feature extraction, as given in Section 4.2. First, even
though stress mindset inference performed better with shorter-mid
sized time window based feature extraction, we see that momentary
stress detectionworks the best with larger timewindows, consistent
with prior work [32, 37, 50, 63, 82]. Further, including the mindset
feature yields equal or better mean AUCs at most windows, with
the clearest benefit at longer windows. This is consistent when
using data from all sessions and also when using data from only
the first two sessions. However, results must be interpreted with
caution as error bars overlap. The average change across windows
is only small but positive (Δ ≈ 0.2% AUC). The largest gain occurs
at 20s (Δ ≈ 2%) for ALL sessions; modest improvements appear
at 5s (Δ ≈ 0.5%), while effects are negligible or slightly negative
at 2s and 30s. Benefits are more consistent for socio-evaluative
stress segments, that is when using data only from M1 and S1

sessions. AUC increases at 10-30s with Δ ≈ 1% (10s), 1.1% (20s),
and 1% (30s). Changes are essentially neutral at 2s and slightly
negative at 5s. In summary, across both configurations, even though
adding a participant’s stress mindset feature seems beneficial many
times based on mean AUCs, none of the performance increases
are statistically significant and error bars for w/ and w/o mindset
groups are overlapping across all windows.

7.2.2 Stress Mindset-Specific Models. As given in Figure 7, across
windows, the specialized model trained on the enhancing mind-
set group achieved the strongest AUCs at short-to-mid windows
peaking at 10s with AUC = 0.912 ± 0.065, and remaining above the
one-size-fits-all baseline at 5–20s. This curve is inverse U-shaped,
suggesting that there is a sweet spot time window where having
stress mindset is beneficial for modeling momentary stress. The
pooled “All” model exhibited a steady increase with larger windows
and reached AUC = 0.825 ± 0.076 at 30 s. The debilitating mindset
model improved with window length and matched/exceeded the
pooled model only at 30 s (0.827 ± 0.095). These trends suggest that
(i) mindset-specific stress dynamics exist and can be captured by
separate models, and (ii) the enhancing mindset group yields more
discriminative short-to-mid temporal patterns than the debilitating
mindset group, for which longer aggregation appears beneficial.
Hence, specializing models by stress mindset can outperform a
single pooled model, particularly for the enhancing group at 5–20 s,
supporting our premise that stress mindset is not only a psycho-
logical construct but also a useful modeling prior for wearable
stress inference. Practically, this motivates either mindset-aware
personalization or a gating strategy that selects a model condi-
tioned on an individual’s mindset profile. For a momentary stress
detection model aimed at someone with a positive mindset, this
could potentially yield a considerable increase in performance, if a
mindset-specific model is used.

Another particularly insightful finding is the difference in opti-
mal temporal dynamics between the mindset-specific models. The
model for the enhancing group achieved its peak performance (AUC
= 0.91) at a 10s window, while the debilitating and all models con-
tinued to improve up to a 30s window. This may suggest a potential
difference in the nature of the stress response itself: individuals with
an enhancing mindset may exhibit a more efficient, phasic response
characterized by rapid onset and recovery, which is best captured
at a shorter timescale. This finding demonstrates that mindset may
not just alter the magnitude of the stress response, but its very
temporal structure. This also challenges prior work that suggested
momentary stress detection always work better with longer time
windows [32, 37, 50, 63, 82], warranting further investigation in the
future.

8 Discussion
In this section, we summarize our key results (Section 8.1), dis-
cuss their theoretical and practical implications (Section 8.2), and
outline the limitations of our study and avenues for future work
(Section 8.3).

8.1 Main Findings
Our study provides evidence that integrating the psychological
concept of stress mindset into the technical pipeline of momentary
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Figure 6: Random-Forest stress classification performance as a function of aggregation window (2–30 s) for a pooled model
trained with just sensor features (pink) and stress mindset included as a covariate (purple). Performance given in AUC. Two
configurations used— on the left, results when using ALL data is given; on the right, results when using M1+S1 data is given.
None of the differences for models with and without mindset at a particular time window were statistically significant.

Figure 7: Random-Forest stress detection performance as a
function of aggregation window (2–30 s) for a pooled model
trained on all users (pink) and mindset-specialized mod-
els trained on participants with an enhancing stress mind-
set (orange) or a debilitating mindset (blue). Curves show
mean AUC across 5 held-out folds of a StratifiedGroupKFold
(grouped by participant to prevent identity leakage); error
bars indicate standard deviation across folds. Statistical sig-
nificance of the top performing model, in comparison to the
second best performing models for the time window, is de-
noted with an asterisk (* : p < 0.05 after FDR correction).

stress sensing is both feasible and beneficial. Given below are the
main findings for each research question.
RQ1: Stressmindset has ameasurable physiological footprint.
Our statistical analysis revealed that stable, between-person differ-
ences in stress mindset correspond to differences in physiological
features. Specifically, we found that higher typical levels of ‘heart
rate variability low-frequency power’ were associated with a debil-
itating mindset, with statistical significance. While other features

from EDA and ACC showed significance (p<0.05) before multiple
testing correction, they were not significant after the correction.

RQ2: Wearable Data Can Infer Stress Mindset. We demon-
strated that a user’s stress mindset can be inferred with reasonable
performance from their aggregated physiological profile. A regu-
larized logistic regression model achieved an AUC of 0.88 for the
binary classification of stress mindsets. Even for a more challenging
three-class problem, a support vector classifier reached an AUC of
0.81. Importantly, this performance was achieved using user-level
features derived from very short time windows (2–5 seconds), sug-
gesting that the physiological signatures of mindset are present in
fine-grained autonomic responses and do not require long periods
of observation to detect.

RQ3: Mindset-Aware Models Outperform Generic Stress De-
tectors. Our results discuss two pathways for leveraging mindset
to improve momentary stress detection. First, adding the mindset
label as a covariate to a classifier provided only a modest increase
in performance, particularly at longer time windows. However,
the improvements were not statistically significant, compared to a
model that does not have mindset as a feature. Second, and more
impactfully, training mindset-specific models yielded a substan-
tial increase in AUC. For instance, the model trained exclusively
on participants with an enhancing mindset achieved a mean AUC
of 0.91, a statistically significant improvement over the one-size-
fits-all baseline model’s mean AUC of approximately 0.78, at 20s.
This provides evidence that the physiological patterns of stress
are systematically different between the two mindset groups, and
that accounting for this heterogeneity can improve model perfor-
mance for stress detection. We also find that time window required
for enhancing and debilitating groups were different, where in a
U-shaped curve, performance for enhancing group peaked at 10s,
where as for debilitating group, a longer window was required,
similar to what is suggested in prior work for generic stress detec-
tion [32, 37, 50, 63, 82]. This may suggest a potential difference in
the nature of the stress response itself between the enhancing and
debilitating mindset groups.
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8.2 Implications
8.2.1 Bridging Stress Sensing and Stress Psychology. Our findings
bridge a critical gap between the data-driven approach of affective
computing and the theoretical richness of stress psychology [13]
(Section 2.3). We provide empirical support for the premise that
psychological constructs such as mindset have tangible, measurable
physiological correlates. By showing that mindset can be inferred
from sensor data, we motivate a new class of computational models
that are not only statistically personalized, but also grounded in
established psychological theory. This shifts individual differences
from being treated as statistical "noise" to being treated as meaning-
ful, structured signals. More broadly, our results suggest that the
next frontier in personalization is not merely adapting to a user’s
data, but understanding and adapting to the user’s psychology.

8.2.2 Designing the Next Generation of Well-being Technology. Our
results show that mindset-specific models outperform a one-size-
fits-all approach (AUC 0.91 at 10s vs. 0.83 at 30s), implying that
physiological stress signatures differ across mindset groups and
that interventions should be tailored accordingly. This aligns with
recent work calling for stress interventions that go beyond generic,
scheduled prompts and instead provide support in more meaning-
ful ways [97, 98]. Rather than alerts that simply state ‘Your stress
level is high”, a mindset-aware system can act as a gated triage,
interpreting the same physiological data through a psychological
lens and routing users to the support most likely to help them.
For users with a stress-is-enhancing mindset, feedback can frame
arousal as a resource and offer tools that sustain focus and perfor-
mance, e.g., ‘Your body is in focus mode for the upcoming deadline.
This is energy you can use to perform at your best. Let’s channel
it”. For users with a stress-is-debilitating mindset, the system can
prioritize down-regulation and cognitive re-framing, suggesting
calming activities such as brief guided breathing or cognitive be-
havior therapy-informed prompts, e.g., “It looks like this project is
feeling overwhelming. Let’s take a 3-minute break to reset with a
guided breathing exercise before you continue”. This way, inferring
stress mindset can shift a device from a passive quantifier to an ac-
tive and empathetic coach, delivering support that is better matched
to the user and moment [60, 73, 91].

Importantly, this mapping is not a rigid rule. The context and
intensity of the stressor still matter. Even an individual with a
‘stress-is-enhancing’ mindset may be overwhelmed by an extreme
or unmanageable event (e.g., a family emergency or a major work
deadline) and benefit from down-regulation. The value of a mindset-
aware system is therefore not to hard-code an intervention, but to
personalize its framing. A ‘debilitating’ user may need messaging
oriented toward safety and recovery, whereas an ‘enhancing’ user,
even when down-regulating, may respond better to framing around
resource optimization. Future work should therefore study how
stable mindset can serve as a lens for tailoring the delivery, tone,
and timing of interventions.

8.2.3 Navigating the Regulatory Landscape. Our work has direct
implications for the emerging regulatory landscape for Artificial
Intelligence such as the European Union’s AI Act [1]. As AI systems
become embedded in daily life, regulations increasingly focus on
the risks of processing sensitive personal data to infer traits about

individuals [16, 23]. A system that infers a psychological trait like
stress mindset from passive sensor data would likely be classified
as a “high-risk” AI system under the EU AI Act, particularly in
sensitive contexts such as workplace wellness or health applica-
tions [24]. This classification raises requirements for transparency,
robustness, accuracy, and human oversight. Meeting these obliga-
tions will require rigorous validation and documentation, explicit
disclosure that psychological traits are being inferred from passive
data, calibrated performance across populations, and mechanisms
for human review and contestability.

8.2.4 The Dual-Use Nature of Psychological Inference. While our
discussion has emphasized benefits, the ability to infer a stable
psychological trait like stress mindset from sensor data demands a
critical perspective. For the minority of users who actively adopt
wearables for self-regulation and behavior change [29], this capa-
bility may be welcome. However, for the larger population who
neither intend nor consent to such uses, the possibility that routine
sensor data could be repurposed to infer psychological traits raises
concerns about autonomy and informational self-determination.
These concerns are amplified by where computation occurs. On-
device processing with user control can be reassuring, whereas
cloud-based aggregation expands the attack surface and increases
the risk of secondary uses [28]. The same pipelines that can em-
power individuals also enable harmful practices, including algo-
rithmic management, insurance or employment screening, and
targeted persuasion, culminating in forms of ‘deep’ psychological
profiling beyond a user’s control or expectation 3. Our responsibil-
ity is therefore not only to advance the technology, but to embed
ethical guardrails into its design. This includes enforcing purpose
limitation and explicit consent, defaulting to on-device processing,
and providing users with transparent, contestable, and revocable
inferences, especially in non-volitional contexts like the workplace.

8.3 Limitations and Future Work
Our study provides the first evidence for the feasibility of mindset-
aware stress sensing, but its contributions should be understood
within the context of its methodological limitations. These limita-
tions, inherent in any foundational study, define the boundaries of
our claims and provide a clear road map for future research.

8.3.1 Sample, Statistical Power, and Generalizability. A primary
limitation is our sample size (N=23), which becomes more acute
after splitting participants into mindset groups (n=13 enhancing,
n=10 debilitating). This reduces statistical power and limits the
complexity of models we can train. Accordingly, our machine learn-
ing results should be interpreted as exploratory tests of feasibility
rather than generalizable classifiers, and performance metrics (e.g.,
AUCs) as promising signals rather than definitive benchmarks.
This study was also not intended to produce a production-ready
in-the-wild model; instead, it serves as a controlled, foundational
investigation into whether wearable data contains any detectable
physiological signature of stress mindset. Our sample size is compa-
rable to prior resource-intensive, controlled lab studies in broader

3See, e.g., critiques of under-the-skin surveillance and psychological profil-
ing: https://www.aljazeera.com/opinions/2020/5/31/surveillance-is-getting-under-
our-skin-and-that-should-alarm-us

https://www.aljazeera.com/opinions/2020/5/31/surveillance-is-getting-under-our-skin-and-that-should-alarm-us
https://www.aljazeera.com/opinions/2020/5/31/surveillance-is-getting-under-our-skin-and-that-should-alarm-us
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human-computer interaction research [20, 34, 63, 95]. However,
our participant pool was recruited from university and corporate
environments, was predominantly highly educated (74% with a PhD
or equivalent), and skewed toward lighter skin tones (61% Asian,
26% White/Caucasian), which constrains external validity. This is
important because wrist-worn PPG sensing can degrade for indi-
viduals with darker skin tones [52], introducing measurement bias
that can propagate through the entire pipeline. While we validated
HR measurements against the ECG-based Polar H10 for our cohort,
this does not resolve broader generalizability concerns. Prior work
has emphasized the need to evaluate generalization, robustness,
and reproducibility in sensing-based pipelines [9, 72, 77, 124, 126].
Future work should therefore test these preliminary findings in
larger and more diverse samples spanning ages, educational back-
grounds, cultural contexts, and skin tones, to support equitable
models robust to real-world heterogeneity.

8.3.2 Binary and Ternary Formulations of Stress Mindset. We ac-
knowledge an apparent tension in our work: while we critique
the common binarization of stress state (stressed vs. not-stressed),
we primarily operationalize stress mindset as a binary construct
(enhancing vs. debilitating). This choice was pragmatic rather than
theoretical, driven by our sample size (N=23). With limited data, di-
rectly predicting the continuous SMM score via regression would be
underpowered and prone to overfitting. A binary formulation, con-
sistent with core theoretical framing [61], yielded a more tractable
and statistically defensible modeling task. That said, stress mindset
lies on a continuum, and binarization necessarily discards nuance.
It collapses meaningful differences within each category (e.g., SMM
scores of 15 and 2) and can be especially problematic for individuals
near the midpoint, who may hold a more ambivalent mindset but
are forced into one of two classes. To partially address this, we also
explored a three-class formulation (low, medium, high) to examine
whether a middle group is physiologically distinct or simply am-
biguous. Overall, these formulations reflect a trade-off between psy-
chological granularity and statistical validity, mirroring common
practices in early-stage mental health and sensor-based modeling
research [19, 72, 77, 83, 115, 124]. Future work with larger datasets
should move beyond classification, ideally using regression-based
models to predict the continuous SMM score.

8.3.3 Ecological Validity and Stressor Type. Our study was con-
ducted in a controlled laboratory setting. This environment allowed
us to isolate the effects of specific stressors and collect high-fidelity
physiological data with minimal noise from motion artifacts or
contextual confounds. However, this internal validity comes at the
cost of generalizability, a limitation that extends to our choice of
stressors. The acute, performative SSST and the cognitive Stroop
test, while effective for controlled stress induction, are both pri-
marily active, performance-based tasks. Even though such tests are
commonly used in both research and industry to validate stress
detection models [42], we still cannot claim that our findings will
generalize to other important types of stressors, such as passive
stressors (e.g., viewing emotionally disturbing content) or situa-
tional/ambient stressors (e.g., driving in heavy traffic [46]). It is
plausible that the physiological signatures of mindset we identified,
particularly for a ‘stress-is-enhancing’ mindset, are most evident
during an active challenge and may manifest differently, or not

at all, during a passive stress exposure. This study, focused on a
controlled protocol, was necessary to prove that a detectable signal
exists at all for stress mindset. The clear and vital next step is to
move this research "in-the-wild". Future longitudinal studies should
aim to infer and track stress mindset using data collected from
wearables over weeks or months of daily life, ideally with larger
samples sizes, to account for confounders. This will allow us to
investigate whether the physiological signatures we identified hold
true amidst the noise of daily activities and, critically, across the
more heterogeneous set of stressors that individuals face in their
real-world personal and professional challenges.

8.3.4 Measurement and Modeling of Mindset. In our analysis, we
treated stress mindset as a stable trait, measured once via a ques-
tionnaire. This approach aligns with the foundational psychological
theory, which defines mindset as a stable core belief, and follows
the standard practice established by the SMM’s authors [27]. How-
ever, this approach is a limitations because there is evidence that
mindset can be shifted with interventions and over time [26, 57].

8.3.5 The Path from Inference to Intervention. Finally, our study is
observational. We successfully demonstrated that mindset can be
inferred and that mindset-specific models are more accurate. How-
ever, even though stress sensing based interventions have been
studied before [41, 71, 91], we did not design or test an interac-
tive system that uses this information to provide an intervention.
Establishing the feasibility of mindset inference is the necessary
prerequisite for designing interventions based on it. Our work pro-
vides this crucial foundation. The most exciting avenue for future
work lies in closing the loop from inference to intervention. To
this end, future research could focus on designing and building
mindset-aware systems. A randomized controlled trial could, for
instance, compare a generic stress management app to a mindset-
aware version that provides tailored feedback and exercises based
on the user’s inferred mindset. This would allow us to empirically
measure the real-world benefit of the personalized approach we
have proposed. The public release of our dataset is intended to
catalyze such efforts, providing a rich resource for the community
to explore more advanced models and begin designing the next
generation of psychologically-grounded well-being technologies.

9 Conclusion
This paper demonstrates that an individual’s stress mindset, their
core belief about whether stress is enhancing or debilitating, is not
an abstract psychological concept but a tangible construct with
a measurable physiological footprint. We show that this mindset
can be inferred with high performance from wearable sensor data
and, most importantly, that leveraging this knowledge can lead
to momentary stress detection models that are significantly more
accurate than their one-size-fits-all counterparts. We also discuss
how knowing stress mindset could lead to personalized interven-
tions when under stress. By bridging the technical methodologies
of HCI with the theoretical depth of psychology, our work provides
a clear path toward a new generation of stress management tech-
nologies that are not just personalized to a user’s data, but are truly
personalized to the user themselves.
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A Participant-Level Demographics

Table 6: Participant-level demographics.

ID Gender Age Ethnicity Education Stress Mindset

02 Male 31 White, Caucasian PhD or Equivalent Low (<16)
03 Female 27 Asian or Asian British PhD or Equivalent Low (<16)
04 Female 35 Asian or Asian British PhD or Equivalent Low (<16)
05 Male 52 Mixed or Multiple Ethnic Groups PhD or Equivalent Low (<16)
06 Male 42 White, Caucasian Masters or Equivalent Low (<16)
07 Male 23 White, Caucasian High School Low (<16)
08 Male 29 Asian or Asian British PhD or Equivalent High (≥16)
09 Female 30 Asian or Asian British PhD or Equivalent High (≥16)
10 Female 30 White, Caucasian PhD or Equivalent High (≥16)
11 Male 29 Asian or Asian British Bachelors or Equivalent High (≥16)
12 Male 34 Asian or Asian British PhD or Equivalent High (≥16)
13 Male 27 White, Caucasian Masters or Equivalent High (≥16)
14 Male 30 Not specified Bachelors or Equivalent High (≥16)
15 Male 37 White, Caucasian PhD or Equivalent High (≥16)
16 Male 37 Asian or Asian British PhD or Equivalent High (≥16)
17 Female 36 Asian or Asian British PhD or Equivalent High (≥16)
18 Female 28 Asian or Asian British PhD or Equivalent Low (<16)
20 Female 31 Asian or Asian British PhD or Equivalent High (≥16)
21 Female 35 Asian or Asian British PhD or Equivalent High (≥16)
22 Male 29 Asian or Asian British Masters or Equivalent Low (<16)
23 Male 33 Asian or Asian British PhD or Equivalent Low (<16)
24 Male 30 Asian or Asian British PhD or Equivalent High (≥16)
25 Male 38 Another Ethnic Group PhD or Equivalent Low (<16)
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B Electrodermal Activity Features

Table 7: Decoding FLIRT feature names: Electrodermal activity (EDA). Features follow <component>_<statistic>[__ <condition
or contrast>] and are computed on sliding windows.

EDA component Pattern What it means Example from this
dataset

Tonic (SCL) eda_tonic_* Statistics on baseline skin
conductance (slow-varying
level after decomposition).

eda_tonic_mean,
eda_tonic_pct_5,
eda_tonic_rms

Phasic (SCR) eda_phasic_* Statistics on the phasic/SCR
component (event-related
responses) after decomposi-
tion.

eda_phasic_min,
eda_phasic_pct_5,
eda_phasic_skewness

Examples of statistic tokens seen in EDA rows
Mean / Min / Max mean, min, max Window summaries. eda_tonic_mean,

eda_phasic_min

Spread std, iqr, iqr_5_95 Standard deviation; IQR;
95–5 percentile range.

eda_tonic_iqr,
eda_tonic_iqr_5_95

Percentiles pct_5, pct_95 5th and 95th percentile val-
ues.

eda_phasic_pct_5

Shape skewness, kurtosis Distribution asymmetry and
tailedness.

eda_phasic_skewness

Counts n_above_mean, n_below_mean Sample counts above/below
the window mean.

eda_phasic_n_above_mean

Energy / RMS energy, rms Sum of squares; root-mean-
square amplitude.

eda_tonic_rms

Complexity entropy variants Entropy-based complexity
measures.

eda_tonic_entropy

Note: Condition tags such as __M1, __M2, __S1, __S2 denote the segment/session used. Contrasts use __DELTA_A_minus_B and are computed as A−B on the base feature.
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C Heart Rate Features

Table 8: Decoding FLIRT feature names: Heart and HRV (from IBI/NN intervals). Features follow <component>_<statistic>[__
<condition or contrast>].

HR/HRV group Pattern What it means Example from this
dataset

Time-domain hrv_sdnn, hrv_rmssd, . . . Variation of beat-to-beat in-
tervals in time.

hrv_sdnn, hrv_std

Frequency-domain hrv_lf, hrv_hf, hrv_lf_hf_ratio, hrv_lfnu Spectral power in
LF (0.04–0.15Hz), HF
(0.15–0.40Hz); ratio and
normalized units.

hrv_lf_hf_ratio,
hrv_lfnu, hrv_hfnu

Statistical on IBI hrv_ptp, hrv_iqr, hrv_peaks, . . . Generic statistics over the
IBI series (peak-to-peak
range, IQR, peak count).

hrv_ptp, hrv_iqr,
hrv_peaks

Examples of statistic tokens seen in HR/HRV rows
Mean / Min / Max mean, min, max Window summaries. hrv_mean

Spread std, iqr Standard deviation; in-
terquartile range.

hrv_iqr

Amplitude range ptp Peak-to-peak range =
max−min of IBI.

hrv_ptp

Counts peaks Local-maximum count in
the series.

hrv_peaks

Path length lineintegral Sum of absolute successive
differences.

hrv_lineintegral

Complexity entropy variants Entropy-based complexity
measures.

hrv_perm_entropy

Note: Normalized units (LFnu/HFnu) scale LF/HF by total power minus VLF. Condition tags and contrasts follow the same scheme as this table’s EDA/ACC counterparts.
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D Accelerometer Features

Table 9: Decoding FLIRT feature names: Accelerometry (ACC). Features follow <component>_<statistic>[__ <condition or
contrast>].

ACC component Pattern What it means Example from this
dataset

Per-axis acc_acc_[x|y|z]_* Statistics on raw accelera-
tion per axis.

acc_acc_x_iqr_5_95,
acc_acc_x_std,
acc_acc_x_n_sign_changes

Vector magnitude acc_l2_* Statistics on the ℓ2 magni-
tude (vector norm).

acc_l2_iqr_5_95

Examples of statistic tokens seen in ACC rows
Spread std, iqr, iqr_5_95 Standard deviation; IQR;

95–5 percentile range.
acc_acc_x_iqr,
acc_acc_x_iqr_5_95

Percentiles pct_5, pct_95 5th and 95th percentile val-
ues.

acc_acc_x_pct_95

Shape skewness, kurtosis Distribution asymmetry and
tailed ness.

acc_acc_y_kurtosis

Counts / dynamics peaks, n_above_mean,
n_below_mean,
n_sign_changes

Local-maximum count;
samples above/below mean;
slope sign flips (oscilla-
tions).

acc_acc_x_n_below_mean,
acc_acc_x_n_sign_changes

Energy / RMS energy, rms Sum of squares; root-mean-
square amplitude.

acc_acc_x_rms

Complexity entropy variants Entropy-based complexity
measures, e.g., SVD entropy.

acc_acc_y_svd_entropy

Note: Condition tags (__M1, __M2, __S1, __S2) and contrasts (__DELTA_A_minus_B) follow the same scheme as the EDA/HRV tables.
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E Detailed Methodology Description of
Statistical Analysis for Answering RQ1

To formally test whether physiological features derived from heart
activity, electrodermal activity, and accelerometry were associated
with a binary stress mindset label (Enhancing vs. Debilitating), we
analyzed each session’s data using a marginal logistic model.We
utilized Generalized Estimating Equations (GEE) [67] with a logit
link and an exchangeable working correlation [45]. This frame-
work allows for the estimation of average effects across the pop-
ulation while explicitly accounting for within-participant depen-
dence across repeated time windows.To properly distinguish stable
trait effects from momentary fluctuations, we employed a stan-
dard within/between decomposition. Let 𝑥𝑖𝑡 denote the feature for
participant 𝑖 at window 𝑡 . We first standardized each continuous
feature globally (z-scored). We then decomposed the z-scored fea-
ture into a participant mean 𝑥𝑖 (representing the between” effect)
and a deviation 𝑥𝑖𝑡 −𝑥𝑖 (representing the within” effect). The model
formulation included both terms simultaneously:

logit(𝑃 (𝑌𝑖 = 1)) = 𝛽0 + 𝛽𝐵𝑥𝑖 + 𝛽𝑊 (𝑥𝑖𝑡 − 𝑥𝑖 )

In this context, the between-person coefficient (𝛽𝐵 ) estimates the
association between a participant’s typical feature level and their
mindset, while the within-person coefficient (𝛽𝑊 ) captures short-
term deviations. Because stressmindset is treated as a time-invariant
trait within the scope of this study, our primary inferential focus
is on the between-person odds ratios derived from 𝛽𝐵 .Parameter
uncertainty was quantified using robust (sandwich) standard er-
rors. We report statistical significance based on Wald 𝑧 statistics
and two-sided 𝑝-values. To address the multiple comparisons prob-
lem inherent in screening many sensor features, we controlled
multiplicity using the Benjamini–Hochberg False Discovery Rate
(FDR) adjustment. All reported Odds Ratios (OR) correspond to a
one–standard-deviation increase in the respective feature.

F Detailed Methodology Description for
Answering RQ2

Having established that a physiological signal of mindset exists, our
next goal was to determine if this signal was strong and consistent
enough to build a machine learning model capable of inferring a
user’s mindset directly from their sensor data. This required us
to aggregate window-level features into a stable user-level profile
(Section F.2) and test a suite of classifiers in a robust evaluation
protocol (Section F.5).

F.1 Participants, Sessions, and Signals
We analyze the data across four task blocks: two stress-elicitation
blocks (S1, S2) and two mindset/neutral blocks (M1, M2). We also
use an ALL representation that concatenates features from all four
blocks to capture both baseline and reactivity in a single vector.
Downstream feature names follow common conventions for HR
(e.g., hrv_lf_hf_ratio, hrv_lfnu, hrv_hfnu, entropy-based non-
linearity measures) and EDA (e.g., tonic/phasic statistics, phasic
entropy). For more details about the features generated using dif-
ferent modalities, refer to Appendix (Table 7, Table 8, and Table 9).

F.2 Windowing and Feature Construction
To capture short-lived autonomic responses while maintaining
stable estimates, we extract features in fixed-length, partially over-
lapping windows of {2, 5, 10, 20, 30} s. Step sizes of {1, 2, 5, 5, 10} s,
respectively, keep adjacent windows informative without excessive
redundancy. The detailed user-level feature extraction process was
described in Section 4.3, and summarized in Figure 1C. Within each
window we compute standard time-, frequency-, and nonlinearity-
based descriptors for sensor data. We then form user-level sum-
maries at the session level by aggregating the window distributions
with robust statistics. This yields one high-dimensional feature
vector per participant and session (e.g., ∼ 1200 features for ALL),
suitable for user-level modeling while preserving the multi-session
structure. As described in Section 4.3, we also include difference
(contrast) features such as S1−M1, S2−M2, and a generic Stress−Rest.
These encode within-subject deltas that can reduce sensitivity to
individual baselines and sensor idiosyncrasies.

F.3 Label Construction: Binary and Ternary
Formulations

The SMM produces a 0–32 total score. We convert this continuous
score into categorical labels using two schemes: (i) Two-class. A
threshold at 16 splits participants into “low” vs. “high” mindset. This
matches the canonical stress-is-debilitating vs. stress-is-enhancing
framing; and (ii) Three-class. Quantile-based terciles (lower, mid-
dle, upper) enable a three-way classification. While stress mindset
is commonly interpreted with the binary setup, we explored the
three-class setup for comprehensive, because prior work in men-
tal health/well-being have explored two and three class setups for
different constructs [77]. This also helps to test whether sensors
separate the extremes and whether the middle group is intrinsi-
cally ambiguous when later binarized. Labels are assigned at the
user level and are therefore constant across sessions for a given
participant.

F.4 Pre-processing and Leakage Control
Due to the high dimensionality of the feature vector, we adopt a
lean, leakage-safe pipeline executed strictly inside each training
fold: Column filtering: drop features with no observed values across
the training participants (the same mask is applied to the test fold);
Imputation: feature-wise median imputation on the training fold
and then apply the learned imputers to the test fold; Standardiza-
tion: z-score using training-fold mean and variance and apply to
train/test. Standardization is essential for margin-based models
(e.g., LR, SVC). All steps use scikit-learn and are confined to the
training data within each fold to prevent information leakage.

F.5 Models and Model Selection Rationale
We compare four widely used classifiers that span linear and non-
linear decision rules while remaining appropriate for small samples:
Logistic Regression (LR): Interpretable linear baseline that typically
performs well in low-𝑁 regimes with regularization; Support Vector
Classifier (SVC): Captures smooth nonlinear boundaries; probability
calibration enables ROC-based metrics; Random Forest (RF): Non-
parametric, interaction-capable trees that do not require feature
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scaling; Extreme Gradient Boosting (XGB): High-capacity gradient-
boosted trees competitive on tabular data. Given dataset size, we
intentionally keep hyperparameter tuning light to curb overfitting
and preserve out-of-sample validity. Our goal is to test whether
separability is mainly linear, whether nonlinear capacity helps, and
how window length and session context affect performance.

F.6 Evaluation Protocol and Metrics
We use grouped 5-fold cross-validation with participant ID as the
grouping key so that all data from a participant appear exclusively
in either train or test within a fold (no subject leakage). For each (ses-
sion, window, model, labeling) configuration, we train on𝐾−1 folds
and evaluate on the held-out fold. For two-class classification we re-
port macro AUC; for three-class classification we report macro one-
vs-rest AUC. Bothmetrics are threshold-free and stable in small sam-
ples. Results are summarized as mean ± SD across the five grouped
folds in Table 5. Pipelines are implemented in Python using pandas
(data handling), scikit-learn (pre-processing, LR/SVC/RF, met-
rics), and xgboost (XGB). Random seeds are fixed where applicable
to reduce variance across runs. All transformations are fit on train-
ing folds and applied to test folds via the learned parameters.

F.7 Obtaining Coefficients For the Best
Performing Model

Based on mean AUC across grouped folds, the ALL, 5s LR configura-
tion is the top-performing binary model and is used for coefficient-
based interpretation. After fitting LR on each training fold, we
export the fold-specific coefficient vector to CSV (feature name,
coefficient). We then outer-join the five CSVs by feature, and com-
pute each feature’s cross-fold mean and standard deviation (SD).
Features are ranked by mean coefficient; the top 𝐾=20 are visual-
ized as horizontal bars with ±SD error bars in Figure 5. Bars to the
right (positive mean) indicate a higher probability of an enhancing
mindset; bars to the left (negative mean) indicate the opposite, with
a vertical line at 0 for reference.

G Detailed Result Description for Figure 5
The coefficient profile reveals a mixture of within-session and
contrast features from EDA, HR, and ACC. Because all predictors
were standardized, larger absolute means with small SDs indicate
stronger and more stable associations with the probability of an
above-midpoint mindset. Several HRV contrast features, including
(ΔStress − Rest) variants of LF/HF and normalized HF/LF pow-
ers, exhibit positive mean coefficients. This implies that windows
in which stress-period HRV increases relative to rest on these in-
dices are more likely to be associated with above-midpoint mind-
set. Interpreted cautiously, this pattern aligns with reports that
more adaptive stress appraisals are accompanied by more regu-
lated autonomic responses during challenge (e.g., relatively pre-
served vagal activity or efficient sympathetic–parasympathetic
coupling), which manifest as favorable frequency-domain HRV
changes under stress [30, 40]. EDA phasic statistics, such as counts
above/below mean and low-percentile/minimum values, including
(ΔS2 −M2) and (ΔStress − Rest) terms, feature prominently with
both positive and negative signs. Positive coefficients for phasic
counts/percentiles indicate that more frequent or sustained phasic

activity (or larger phasic baselines in stress vs. rest) tends to align
with positive stress mindset, consistent with engaged yet regulated
arousal. Negative coefficients for minima or counts below mean
suggest that suppressed phasic activity or dips relative to baseline
are linked to stress is debilitating mindset. Multiple accelerometer
summaries, sign-change counts, skewness, kurtosis, and counts
below mean across sessions/contrasts, show negative mean coeffi-
cients. Given that residual motion can both confound EDA or HR,
and reflect restlessness, these negative associations could mean
that more irregular or bursty movement is linked to debilitating
mindset, while comparatively calmer posture aligns with enhancing
mindset, which aligns with prior work [8, 74]. Error bars for the
most influential features are modest, indicating that the direction
and magnitude of their associations are reasonably stable under
participant-grouped cross validation, despite the sample size. This
cross-fold stability strengthens confidence in the observed patterns.

H Detailed Methodology Description for
Answering RQ3

The final andmost critical step in our investigation was to assess the
practical utility of mindset knowledge. We hypothesized that incor-
porating mindset into the standard stress detection pipeline would
improve performance. To test this, we designed two experiments:
one treating mindset as a simple feature added to a generic model
(Section H.1), and a second experiment that tested whether training
entirely separate models for each mindset group would yield even
greater performance gains (Section ??). The main objective in this
setting is to examine whether knowing stress mindset, like we did
in Section 6.1, would be beneficial in improving the momentary
stress detection performance, which is the typical task performed
in most of the prior stress inference studies [82, 83, 122, 126].

H.1 Stress Mindset as a Covariate
From the windowed features we construct sensor-based feature
spaces by using features from different modalities (prefix/sub-string
rules in _select_feature_columns): HR (heart rate / inter-beat
interval / blood volume pulse), EDA (tonic/phasic electrodermal
activity), ACC (tri-axial accelerometer). Then, we evaluate with and
without adding the scalar StressMindset as an additional covariate
to the model. Including StressMindset as a static user covariate
tests whether coarse, questionnaire-derived priors improve within-
window stress discrimination and quantifies the incremental value
of psychosocial context at deployment (e.g., via a brief intake of
SMM or inferred as shown in Section 6.1).

For each configuration {setup, window length𝑊 } we train a
Random Forest (RF) classifier using a leakage-safe, nested cross-
validation design4. The outer loop uses StratifiedGroupKFold with
𝐾=5 folds, stratifying on the binary stress label while grouping by
User so that no participant appears in both train and test in any fold.
We repeat the outer CV across five random seeds (outer_seeds
= {42, 52, 62, 72, 82}), yielding up to 5 × 5=25 outer evaluations per
configuration. This makes the results more robust.

4It is worth noting that, we trained multiple model types for this setup, including
random forest, XGBoost, multilayer perceptron neural networks, and support vector
classifiers. We only report results for random forests to keep the paper under page
and word limits, since it is the best performing model for momentary stress detection.
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Within each outer training split, we perform a randomized hyper-
parameter search (20 trials) over the following RF space: n_estimators
∈ {200, 300, 400, 600, 800}, max_depth ∈ {None, 6, 8, 10, 12, 16, 20, 24, 30},
min_samples_split ∈ {2, 5, 10, 20}, min_samples_leaf ∈ {1, 2, 4, 8},
max_features ∈ {"sqrt", "log2", 0.3, 0.5, 0.7, None}, bootstrap
∈ {True, False}. The estimator is wrapped in a pipeline with
median imputation (SimpleImputer(strategy="median")) and
class weighting (class_weight="balanced"). The inner loop uses
3-fold StratifiedGroupKFold (same grouping by User). The inner
objective is AUC on held-out inner folds; the best hyper-parameters
are refit on the full outer-train split and evaluated on the outer-test
split. We report Macro AUC which first groups outer-test instances
by User, computes a per-user AUC when both classes are present,
and averages those AUCs across users in that split:

AUCmacro =
1

|Utest |
∑︁

𝑢∈Utest

AUC
(
𝑦 (𝑢 ) , 𝑝 (𝑢 )

)
,

where Utest is the set of users in the outer-test fold with both
classes. Finally, we aggregate across repeats and folds by report-
ing the mean ± standard deviation of each metric (macro_mean,
macro_std). It is worth noting that StratifiedGroupKFold prevents
subject leakage (grouping by User) while preserving class balance
across folds (stratification), which is important under potential
stress/non-stress imbalance. 𝐾=5 outer folds provide a good bias–
variance trade-off with 𝑁=23 participants (roughly 4–5 users per
test fold) and are computationally lighter than leave-one-user-out
while reducing estimate variance via repeated seeds (5×). The inner
𝐾=3 balances hyperparameter reliability against runtime: nested
CV already multiplies compute by outer folds and repeats; three
inner folds are a pragmatic choice that still guards against over-
tuning. Further, RF model non-linear interactions among heteroge-
neous features (HR/EDA/ACC), are robust to monotonic transfor-
mations and outliers and, with class_weight="balanced", handle
class imbalance without explicit resampling; median imputation
is simple and compatible with tree splits. RF models have shown
to be good performers for time series tabular data in diverse do-
mains [53, 70, 77], hence a good choice for our problem setting.
Moreover, RandomizedSearchCV with 20 trials efficiently explores
a relatively wide hyperparameter space and empirically approaches
the performance of exhaustive search at a fraction of the cost. Fur-
ther, AUC is threshold-independent and appropriate for imbalanced
data; reporting per-user averaged (macro) AUC distinguishes over-
all discrimination from cross-user consistency, which is critical
for subject-independent deployment. Finally, repeating the outer
loop across multiple seeds stabilizes estimates against a single un-
favorable fold partition and yields more reliable macro means and
standard deviations. The results for this analysis is provided in
Figure 6.

H.2 Stress Mindset-Specific Models
We examined whether training separate stress classifiers for partic-
ipants with an enhancing vs. debilitating stress mindset improves
performance over a single, one-size-fits-all model. Using the win-
dowed feature set produced by our pipeline, we first assigned each
participant to a mindset group Enhancing or Debilitating. We then

created three analysis partitions: all users (one-size-fits-all base-
line), enhancing only, and debilitating only. For each partition and
each time window 𝑤 ∈ {2, 5, 10, 20, 30} seconds, we trained a RF
classifier inside a nested grouped cross-validation. Experimental
setup was similar to the previous section with 5 fold outer and 3
fold inner cross validation. Grouped CV reflects the deployment
setting, generalization to unseen users, and avoids overly optimistic
estimates caused by subject overlap. Finally, the range of window
sizes probes the temporal resolution at which stress signatures are
most discriminative in wrist-worn signals. The results for perfor-
mance for the three user groups (All, Enhancing, Debilitating) for
different time windows is provided in Figure 7.
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