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Abstract

Parenting while serving as a frontline leader is uniquely stressful,
yet little is known about how family responsibilities shape physi-
ological stress in these roles. We followed emergency physicians
and tactical police leaders, comparing parents of young children
with non-parents across four days: one critical mission day, two
standard workdays, and one non-workday. Using wearable sensing,
expert activity labeling, and daily debriefs, we inferred stress only in
sedentary epochs via a normalized-heart-rate method, with an HRV-
based index as benchmark. Parents showed higher stress on work-
days and non-workdays, but not on critical mission days, where
attentional narrowing and strict device policies appear to suppress
parenting-related di�erences. We contribute: (i) in-the-wild phys-
iological evidence that parenthood ampli�es stress mainly under
permeable boundaries, (ii) a pragmatic stress-labeling pipeline for
safety-critical settings, (iii) a con�guration-based account linking
boundaries, attention, and parenting, and (iv) design implications
for stress-aware boundary management systems, supported by an
open analysis repository.
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1 Introduction

Professionals in frontline leadership roles, such as emergency physi-
cians and tactical police o�cers, routinely move between life-or-
death situations and ordinary administrative work [9, 36]. Some
days, they coordinate resuscitations, mass-casualty responses, or
tactical operations under strict protocols and intense time pressure.
On other days, they lead clinical rounds, scheduled procedures,
training, or report writing. Many of these professionals are also par-
ents of young children, here de�ned as preteen children in preschool
or primary school, and must juggle high-stakes responsibility at
work with caregiving, logistics, and emotional labor at home.

A large body of work in occupational health and family studies
shows that parenting young children can be profoundly meaningful
and chronically taxing [37, 38]. Parenting stress is shaped not only
by the child’s needs, but also by job demands, schedule constraints,
and the availability of support. In parallel, research on public-safety
personnel and other high-risk occupations shows that sustained
exposure to acute stressors can a�ect performance and health, with
heart rate (HR) and heart rate variability (HRV) emerging as key
physiological indicators of allostatic load [3, 8, 18, 26, 43]. Yet we
still know relatively little about how these two strands intersect in
everyday life: how the responsibilities of parenting young children
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shape physiological stress for frontline leaders as they move across
critical incidents, standard workdays, and non-workdays.

At the same time, personal smartphones and messaging plat-
forms have transformed how people remain reachable across life
domains. Throughout this paper, when we refer to “device use” or
“device policies”, we speci�cally mean participants’ personal smart-
phones, not the research wearables. Smartphones make it possible
to coordinate childcare, respond to school or daycare issues, and
handle family logistics from almost anywhere. Research on digital
availability and work–family boundaries shows that this constant
reachability can both help and harm: it enables �exible coordination,
but also blurs the boundaries between work and home, increasing
overload and stress when expectations of responsiveness become
too strong [6, 34, 52]. Especially for parents of young children, the
very channels that enable care can also create a sense of being
“always on”.

In this paper, we bring these threads together by studying stress
patterns among frontline professionals in high-stakes health and
security roles, comparing those who are parents of young children
to those who are not. We examine how their physiological stress
varies across critical days, standard workdays, and non-workdays,
and how this variation relates to the ways in which work and family
can or cannot permeate one another in everyday practice.

1.1 Stress, attention, and boundary permeability

Theoretically, our work is informed by two complementary per-
spectives on how stress unfolds across roles: attentional narrowing
in crises and boundary permeability between work and family.

Attentional narrowing. First, accounts of goal-directed behav-
ior and role transitions suggest that high-stakes tasks can
trigger strong attentional narrowing or “goal shielding”
[4, 13, 15, 16]. In acute and tightly scripted situations, for
example, leading a resuscitation or coordinating a tactical in-
tervention, professionals must maintain a focus on protocol,
safety, and team coordination. External concerns, including
family-related thoughts, may recede from conscious aware-
ness as attention is channeled into a narrow task envelope.
From this perspective, critical incidents may produce intense
but comparatively “clean” stress: physiological load is high,
yet cognitively it is tied to a single, dominant role.

Boundary permeability. Second, research on boundary theory
and digital availability emphasizes that stress is not only a
psychological phenomenon, but also socially and technolog-
ically mediated [4, 52]. People di�er in how permeable they
prefer the boundaries betweenwork and non-work to be, and
in how much control they feel over these boundaries. Empir-
ically, work-related smartphone use outside work hours is
associated with higher strain and work–family con�ict when
it undermines detachment and recovery [11, 12, 34, 39, 53].
HCI research has extended this lens by examining how noti-
�cation systems and communication tools shape perceived
availability and boundary control. Schüss and Gross’ CHI
2019 work on ad-hoc availability shows how people dynami-
cally negotiate being reachable across domains, and how this
hybrid state – neither fully “on” nor “o�” – relates to stress
[40]. Jung et al.’s notion of pragmatic boundaries argues that

noti�cation systems should respect users’ boundary prefer-
ences and contexts, rather than assuming universal norms
of constant connectivity [25].

Parenting intensi�es these boundary tensions. Parents of young
children often maintain ad-hoc availability towards family: they
may need to be reachable for urgent caregiving issues, school calls,
or coordination with partners. Psychological work shows that par-
enthood can be associated with both elevated daily hassles and deep
sources of meaning, depending on resources and context [37, 38].
When work is demanding and family needs are frequent, digital
channels can become conduits through which multiple roles collide.

Our context adds a further structural layer: organizational de-
vice policies. In our study, frontline professionals in high-stakes
health and security roles face markedly di�erent communication
regimes across days. On critical days, tactical police leaders and
emergency physicians are subject to strict, protocol-driven con-
straints: personal devices are typically switched o�, stored away,
or otherwise inaccessible during high-stakes operations. On stan-

dard workdays, these same professionals may keep phones nearby,
respond to messages during quieter moments, and juggle routine
leadership tasks with family coordination. On non-workdays, family
demands and leisure activities dominate, often interwoven with
digital communication.

Taken together, these perspectives suggest that stress in such
roles is shaped by a con�guration of factors rather than a single
mechanism. Acute critical incidents may generate strong atten-
tional narrowing and protocol-driven device detachment. Standard
workdays, by contrast, often involve more permeable boundaries
and ad-hoc availability, allowing family preoccupations and caregiv-
ing logistics to intersect with professional concerns. Non-workdays
constitute yet another con�guration: formal work demands recede,
while family life, childcare, and household organization become
central.

1.2 Gaps in knowledge

Despite extensive research on parenting stress, digital availability,
and high-risk occupations, several gaps remain:

(1) Physiological parenting stress in safety-critical roles.

Most work on parenthood and stress relies on self-report
measures of well-being or daily hassles in general working
populations [37, 38]. We lack in-the-wild physiological evi-
dence on how parenting young children shapes embodied
stress for frontline leaders in safety-critical roles, particularly
across di�erent types of workdays and non-workdays.

(2) Day-to-day trajectories across crises, routine work, and

time o�. Research on public-safety personnel and other
high-risk professions has begun to examine HR and HRV as
indicators of occupational load [26], but typically focuses
on either isolated critical incidents or aggregated workload.
There is limited work following the same individuals across
alternating periods of acute crises, routine leadership, and
time away from work, while simultaneously considering
family responsibilities.

(3) Linking digital availability and boundaries to physio-

logical stress. The HCI literature on digital availability and
boundary management has largely centered on knowledge
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workers or everyday users of smartphones and messaging
systems [25, 34, 40, 52]. These studies richly describe how
people experience being reachable and how technologies
mediate boundaries, but rarely connect these dynamics to
physiological stress or to occupations with strict device pro-
tocols.

Consequently, we know little about how parenting young chil-
dren modulates physiological stress for frontline professionals in
high-stakes health and security roles under di�erent boundary
regimes: when personal devices are strictly prohibited, when avail-
ability is informally negotiated during routine leadership, and on
non-workdays when formal work demands recede and everyday
life — including family relationships, domestic tasks, socializing,
and leisure — moves to the foreground.

1.3 Our approach

To address these gaps, we conducted an in-the-wild, mixed-methods
observational study of 46 frontline professionals in high-stakes

health and security roles in the Netherlands and Switzerland. Our
sample comprised emergency physicians and tactical police leaders
who held leadership responsibilities in critical operations, including
both professionals who were parents of at least one preteen child
(preschool or primary school age) and colleagues who were not
parents. We followed each participant across three types of days:

• Critical days (CD): days on which participants were respon-
sible for coordinating a team in high-stakes operations, such
as emergency physicians leading resuscitations or trauma
responses, and tactical police leaders directing large-scale
tactical exercises or operations.

• Standard workdays (WD1, WD2): routine leadership days
dominated by scheduled clinical work, supervision, training,
or bureaucratic tasks (e.g., report writing, planning, debrief-
ing), with intermittent on-call responsibilities.

• Non-workdays (ND): days without professional duty, typi-
cally involving family time, domestic work, socializing, and
leisure activities; for many participants, these leisure peri-
ods included physically active pursuits such as biking or
running.

Participants wore a research-grade heart-monitoring device con-
tinuously, allowing us to derive HR- and HRV-based indicators
of physiological stress while controlling for physical activity. We
complemented these signals with structured debrief interviews and
daily logs capturing sleep, work periods, commute, and contextual
information about caregiving and household responsibilities. Our
analysis focuses on day-level stress signatures rather than moment-
by-moment trajectories. This re�ects both the temporal resolution
that we can robustly support with our physiological measures and
the granularity of contextual information available from debrief-
ings, which often characterize activities over extended periods (e.g.,
a day dominated by report writing and brie�ngs) rather than precise
minute-by-minute labels.

Methodologically, we use logistic mixed-e�ects models to esti-
mate the probability that a given 5-minute epoch re�ects elevated
stress, combining HR- and HRV-based markers and including micro-
cadence as a covariate to adjust for movement. We then aggregate
these estimates to compare day-level stress patterns across critical

days, standard workdays, and non-workdays, with parenthood and
other individual factors as predictors.

1.4 Key �ndings

Our analysis reveals a nuanced picture of how parenting young
children interacts with professional role and day type:

• On critical days, both parents and non-parents show ele-
vated physiological stress, consistent with the high stakes
and time pressure of acute operations. In this regime, strict
protocols and enforced device detachment appear to con-
centrate attention on the professional role, and we do not
observe strong additional ampli�cation of stress for parents
beyond this already high baseline.

• On standard workdays, parents of young children exhibit
higher day-level stress than their non-parent peers, even
after controlling for physical activity and individual di�er-
ences. These days combine routine leadership responsibil-
ities with more permeable boundaries: participants can be
reached by family, and caregiving logistics (e.g., pickups,
schedule changes) frequently intersect with work demands.

• On non-workdays, our models still indicate frequent peri-
ods of elevated physiological arousal for both parents and
non-parents. Parents show a higher modeled probability
of such episodes than their non-parent colleagues, but de-
brief interviews suggest that these peaks are often linked to
positively valenced experiences. In our sample, many non-
parents described non-workdays as combining purposeful
physical activity with later periods of rest and relaxation,
whereas many parents described being positively busy with
children and family activities across much of the day. Partic-
ipants typically characterized these episodes as energizing
or enjoyable rather than as distress.

Taken together, these results point to a distinctive pattern of
parenting-related di�erences in physiological stress. The clearest
di�erences between parents and non-parents do not arise during
the acute crises themselves, but in everyday con�gurations: in the
hidden load of managing ongoing caregiving and family logistics
under more permeable boundaries on standard workdays, and in
positively charged, high-activity family periods on non-workdays.
Because our physiological markers capture intensity rather than
valence, debriefs are essential for interpreting whether heightened
arousal re�ects distress or positively valenced engagement. In line
with the terminology we use later in the paper, we treat these as
instances of distress versus eustress: in our sample, much of the
elevated arousal on non-workdays is described as eustress for both
parents and non-parents, whereas many workday episodes are
characterized as distressful or draining.

1.5 Contributions

Together, our work makes contributions across empirical, method-
ological, theoretical, design, and reproducibility dimensions:

C1 – Empirical: We provide in-the-wild physiological evidence
on how parenting young children interacts with day type to shape
stress among frontline professionals in high-stakes health and se-
curity roles. By following the same individuals across critical days,
standard workdays, and non-workdays, we show that parenthood



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

ampli�es physiological stress markers mainly in routine and family-
dominated contexts, where boundaries are more permeable, rather
than simply adding to the already intense load of acute crises, where
access to personal devices and family contact is tightly constrained.

C2 –Methodological:We demonstrate a robust approach to study-
ing stress in naturalistic, safety-critical settings that combines con-
tinuous HR- and HRV-based markers with logistic mixed-e�ects
modeling and explicit control for physical activity. Our day-level ag-
gregation strategy acknowledges the limits of moment-by-moment
interpretation in such contexts while still capturing meaningful
di�erences across roles and days.

C3 – Theoretical: We integrate boundary theory, digital avail-
ability research, and work on parenting stress to articulate how
con�gurations of attentional demands, device policies, and family
responsibilities shape stress across days. Rather than attributing
e�ects to a single mechanism (e.g., “device detachment”), we concep-
tualize critical, standard, and non-workdays as distinct boundary
regimes in which parenting exerts di�erent in�uences on both
distress and eustress.

C4 – Design implications: For the CHI community, we extend
existing work on ad-hoc availability and pragmatic boundaries
[25, 40] into safety-critical and parenting-intensive contexts. Our
�ndings suggest opportunities for technologies that better align
communication practices with boundary preferences and caregiving
obligations – in line with broader HCI work on calm technologies
and stress-aware systems that seek to monitor and mitigate load
unobtrusively [27, 42, 55]. For example, by supporting structured
family coordination before and after critical operations (while re-
specting strict no-communication protocols during the operations
themselves), and by helping parents negotiate and re�ect on their
availability on standard workdays without feeling “always on”.

C5 – Reproducibility: To support transparency and reuse, we
share our data and analysis code for our stress-inference pipeline
on GitHub: UH-ACDC/Parenting-CHI-2026. This includes model
speci�cations, feature extraction scripts, and descriptions of our
data-cleaning procedures.

2 Study Design

Based on an institutionally approved protocol by the Ethics Re-
view Committee of the University of Maastricht (No. ERCIC 535
24 02 2024)—the institution’s IRB-equivalent body—we recruited
48 volunteers for an observational �eld study. Two participants
did not yield su�cient physiological data for the stress-labeling
analyses: in both cases, heart rate (HR) was recorded, but the Polar
H10 chest strap providing RR-intervals for heart rate variability
(HRV) was not consistently paired with the watch across the four
protocol days, despite detailed instructions. Because a central aim
of the study was to compare stress labeling based on HR alone with
stress indices that additionally draw on HRV, we required HRV data
across all four protocol days for each participant. For these two par-
ticipants we could not compute HRV-based indices in a consistent
way, so they were excluded from model-based analyses, leaving
= = 46 in the �nal analyzed sample (= = 14 emergency physicians
with leadership responsibilities in the Netherlands, = = 32 tactical
police o�cers in supervisory or team-lead roles in Switzerland).

This corresponds to an attrition rate of about 4% at the participant
level. All participants provided written informed consent.

We designed the observation period to capture within-person
contrasts across high-stakes work, routine work, and time away
from work. For each participant, we scheduled four target days in
advance, based on institutional duty rosters and the participant’s
availability:

• Critical workday (CD). For emergency physicians, the CD
was a shift in which the participant was designated as respon-
sible for coordinating resuscitations, triage, or other acute
emergency care (e.g., trauma bays, rapid response). For tacti-
cal police o�cers, the CD involved operational protection of
VIPs or high-value detainees, or participation in large-scale
tactical exercises (e.g., hostage negotiation and intervention
scenarios) with clearly de�ned operational protocols and
time pressure.

• Standard workdays (WD1 andWD2). Standard days were
scheduled on typical weekdays without major planned inci-
dents. For physicians, these days generally involved sched-
uled clinical rounds, outpatient clinics, and administrative
work. For tactical police o�cers, they typically involved
planning, report writing, or lower-stakes training activities.

• Non-workday (ND). The ND was usually a weekend or
other day with no professional duties. Participants’ descrip-
tions indicated that these days predominantly involved phys-
ical activities (e.g., cycling, running, hiking), family time (e.g.,
playground visits, parties), socializing, and household chores.

Day types were thus determined prospectively from duty sched-
ules and institutional plans, not relabeled retrospectively based on
how stressful a day turned out to be. On critical days in both profes-
sions, organizational protocols constrained personal smartphone
use more tightly than on standard workdays or non-workdays. For
tactical police o�cers, personal smartphones were often required
to be switched o� and kept o� their person (e.g., stored in lockers
or vehicles) during live or simulated operations. For emergency
physicians, personal smartphone use was explicitly forbidden in
operating rooms and other sterile procedural areas, and strongly
discouraged during resuscitations and other acute emergencies.
In contrast, on routine workdays and non-workdays, participants
generally had more discretion over if and when to check personal
smartphones. Our analyses draw on this naturally occurring vari-
ability in boundary permeability, rather than on experimentally
manipulating device access.

Taken together, this protocol yields a conceptual 2×2 structure
that we probe in later analyses. Parenthood (having preteen chil-
dren vs. not) varies between participants, while boundary regime
varies within participants: critical workdays combine high-stakes
tasks, strict operational protocols, and sharply reduced access to
personal communication channels, whereas standard workdays and
non-workdays represent two forms of more permeable boundaries
with greater discretion over device use. In terms of our theoreti-
cal lens (Section 1.1), critical days are those in which attentional
narrowing and protocol-driven device detachment concentrate cog-
nition on a single dominant role, while standard and non-work
days are those in which attention and communication are more

https://github.com/UH-ACDC/Parenting-CHI-2026
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di�usely spread across professional and family concerns. Our mod-
els therefore test how parenthood and boundary regime, and their
interaction, shape stress responses in this 2×2 con�guration, while
analytically distinguishing routine work from non-work within the
more permeable regime (Section 4).

2.1 Study Data

Daily Debriefs: At the end of each target day, participants com-
pleted a brief structured debrief conducted by the study recruiter, a
trained psychologist on our team. Most debriefs were carried out by
phone. The debriefs captured (i) main activities and locations across
the day (e.g., “morning resuscitations, afternoon clinic,” “family bike
ride, birthday party”), (ii) salient stressors and positive events, and
(iii) contextual details such as commuting, sleep timing, and care-
giving responsibilities. These debriefs provided qualitative insights
that aided in labeling and interpreting activity periods identi�ed
from sensors.

Below are excerpts from participant T030 (tactical police o�cer,
father of young children), illustrating the contrasts between CD and
ND. To illustrate the richness of the debrie�ng data, we constructed
a “data story” in comic-strip form (Fig. 1). This approach builds on
prior CHI work that combines empirical observation with artistic
synthesis to convey lived experience while preserving anonymity
[1]. By translating daily self-reports into an anonymized narrative,
the comic helps readers emotionally connect with participants’
experiences, complementing the quantitative analyses that follow.

On day CD he was leading a tactical assess-

ment group with noticeable increases in sympa-

thetic arousal. Tactical evaluations were ongoing

throughout the morning and afternoon that day.

On day ND, participant T030 went biking with

his kids in the morning. Biking was at a slow pace

to allow his toddler to catch up. In the afternoon,

the family celebrated a friend’s birthday. The

birthday party was �lled with fun activities for

the children.

Beyond supporting activity labeling, the debriefs also yielded
contextual information relevant to personal smartphone use and
communication boundaries. Participants described where they typi-
cally kept their personal smartphones on di�erent workdays (e.g., in
a locker, in a pocket, on a desk) and when organizational protocols
explicitly constrained use (e.g., during live operations or surgical
procedures). For the tactical police cohort, these retrospective ac-
counts were complemented by non-participant observation in the
situation room on large-scale tactical exercise days: a psychologist
from our research team was present as an observer, taking �eld
notes but not interacting with o�cers or intervening in operations.
This mode of non-participant observation is well established in
organizational and healthcare research [14, 31, 32, 45], and prior
work suggests that carefully briefed observers have limited impact
on routine behavior in high-reliability settings [47].

Importantly, the research protocol itself introduced only the
wearable devices described below; these Polar watches and chest
straps have no cellular connectivity and cannot be used for calls,
messaging, or other forms of online communication. Personal smart-
phones and any other work-issued devices remained under existing

institutional policies. Participants were informed that the study did
not alter those policies. Our references to “device use” in the paper
speci�cally concern personal smartphone availability and use in
these established organizational contexts.

Biographic and Personality Measures: At enrollment, partici-
pants completed a short biographic questionnaire (occupation, age,
sex, family status, height, weight, and home/work location). Fam-
ily status, particularly whether participants had preteen children,
informed analyses of family-related stress. Body Mass Index (BMI),
computed from self-reported height and weight, was included as
a covariate due to its in�uence on cardiac signals [2]. Personality
was assessed with the Big Five Inventory [35], providing trait-level
predictors (e.g., neuroticism has been shown to amplify stress re-
sponses in critical professions [17]).

Daily Workload Measures: At the end of each target day, partici-
pants completed the NASA Task Load Index (NASA-TLX), rating
mental demand, physical demand, temporal demand, performance,
e�ort, and frustration [20]. We used the standard unweighted (raw)
TLX ratings, which are commonly applied in naturalistic and in-
the-wild studies where repeated pairwise weighting is impractical
[21, 23]. Beyond quantifying subjective workload, NASA-TLX o�ers
a structured account of how participants experienced their daily
demands. This provides an explanatory path to observed physiologi-
cal stress responses: while physiology re�ects autonomic activation,
NASA-TLX captures perceived demands across multiple dimensions
of work and life. In naturalistic settings, where no single indicator
is de�nitive, this complementarity improves construct validity and
strengthens interpretation of stress-labeling results [41].

Physiological and Activity Data: Participants wore Polar Van-
tage V2 smartwatches with H10 chest straps (Polar, Kempele, Fin-
land) continuously for four days, including sleep. These devices
were approved by the participating institutions as non - communi-
cation �tness devices under local protocols. The watches and chest
straps recorded motion and cardiac signals at high resolution; GPS
and cadence data supported activity classi�cation (e.g., sedentary,
walking/running, cycling, driving). Validation work indicates that
Polar devices provide su�ciently accurate HRV estimates for stress-
related �eld studies when paired with a chest strap [24]. Heart rate
(HR) and heart rate variability (HRV) were used to compute stress
labels via two complementary methods: (i) HR-baseline–adjusted
stress labeling during sedentary periods, and (ii) HRV-derived Sym-
pathetic Nervous System Index (SNS) and Stress Index (SI) via Ku-
bios software [5, 48]. Sleep periods were self-reported in the daily
debriefs and validated against changes in cardiac and movement
patterns.

We chose to center the protocol on cardiac measures, foregoing
additional biosensing channels such as respiration or electrodermal
activity (EDA). While EDA and respiration can provide valuable
information about sympathetic activation and cognitive load, they
typically require extra devices and skin contact sites, which would
have increased participant burden and posed greater risks of non-
compliance in these demanding professions. Concentrating on HR
andHRV from a single wearable con�guration provided a pragmatic
compromise between ecological validity, data quality, and feasibility
in a four-day in-the-wild study of emergency physicians and tactical
police o�cers.
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Figure 1: A “data story” derived from participant T030’s daily debrie�ng data. The comic-strip rendering synthesizes key signals and self-

reported experiences into a narrative that conveys the subject’s lived experience while preserving anonymity. Background elements (e.g.,

buildings and landscapes) were rendered with the aid of AI-based tools under the direction of the research team, whereas the human �gures were

hand-drawn by the project’s illustrator. Such artistic renderings, grounded in empirical data, foster empathy and engagement in naturalistic

studies where video footage is unavailable.

3 Methods

3.1 Data Aggregation and Summarization

To achieve time co-registration, all quantitative, ordinal, and cat-
egorical data were integrated into a single data frame. Each row
corresponds to one participant ?8 , one day 3 9 , and one 5-minute
epoch C: .

Quantitative signals. Physiological and motion data were
recorded using the Polar Vantage V2 smartwatch paired with an
H10 chest strap, including heart rate (�', beats per minute), inter-
beat intervals ('', ms), cadence (��# , cycles/min), speed ((%� ,
km/h), and duration of sleep ((!��% , hours). Derived measures
included the Kubios Stress Index ((� ) and Sympathetic Nervous
System Index ((#(), both widely used indicators of physiological
arousal and benchmarks for stress labeling.

Ordinal measures. Personality traits (Big Five subscales) and daily
workload (NASA-TLX subscales) provided trait- and state-level
predictors of stress responses.

Categorical variables. Each record was annotated with partici-
pant ID (unique code), occupation ($��; emergency physician vs.
tactical police leader), day type (��. ; critical workday [CD], stan-
dard workday 1 [WD1], standard workday 2 [WD2], non-workday
[ND]), and period of day (%'� ; morning [0–12h] vs. afternoon
[12–24h]), the latter re�ecting circadian cycles known to modulate
physiology and behavior [7].

Temporal aggregation. High-frequency signal data (up to 1000
Hz) determined the temporal resolution of the analysis. Follow-
ing cardiological guidelines [50], HR and HRV were summarized
in non-overlapping 5-minute intervals. The same epoching was

applied to all other sensor streams (e.g., (� , (#( , cadence, speed)
for temporal alignment. Five minutes is a standard window for
short-term HRV analysis and a naturalistic behavioral unit that can
capture short activities and transitions (e.g., walking to a meeting)
without pretending to resolve second-by-second events [19]. All
subsequent activity and stress labels are de�ned at this 5-minute
resolution.

3.2 Signal Preprocessing and Data Cleaning

All HRV analyses were performed on R–R interval series exported
to the Kubios HRV software [48, 49]. Preprocessing comprised four
sequential steps:

(1) Beat detection. R peaks were detected using the Polar H10 in-
ternal detector, with R–R intervals sampled at high temporal
resolution and imported into Kubios.

(2) Noise detection. Kubios’ automatic noise detection was used
to identify and exclude segments with excessive noise or
data loss (e.g., poor chest-strap contact, loss of signal).

(3) Artifact and ectopic-beat correction. Remaining artifacts and
ectopic beats were corrected using Kubios’ threshold-based
method with cubic spline interpolation, as recommended
for short-term HRV analysis. Epochs that remained severely
corrupted after this step were removed from further analysis.

(4) Detrending. Slow trends in the R–R series were removed
using the Kubios smoothness priors method with a cuto�
below 0.04 Hz, as recommended for HRV and stress analysis
[49].

HR-based measures (including �' and our normalized heart
rate, #�') are more robust to brief motion artifacts than HRV
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features, and were therefore available for a larger fraction of epochs.
As a result, some 5-minute intervals contribute to HR- and NHR-
based analyses but not to HRV-based SNS analyses. We return in
Section 3.4 to the conceptual reasons for using NHR as our primary
stress channel in the in-the-wild setting, while treating SNS as an
HRV-based benchmark.

3.3 Activity Labeling

In naturalistic stress studies, activity labeling is often underempha-
sized, yet it is a prerequisite for meaningful stress categorization.
Di�erentiating physical from non-physical activities is paramount:
only during non-physical activities can observed physiological
arousal be con�dently attributed to mental stress rather than ex-
ertion. Each 5-minute interval is therefore assigned to one of the
following mutually exclusive activity states:

- Sleep – intervals between self-reported bed- and wake-times,
validated with smartwatch sleep analytics.

- Physical Activity – locomotor activity with elevated cadence
and/or speed (e.g., running, biking, brisk walking). Running
and cycling segments were identi�ed with high sustained val-
ues; walking segments, often indoors (e.g., within the hospital),
were characterized by intermediate cadence and were harder
to distinguish from sedentary states on sensor evidence alone.

- Driving – GPS displacement along road networks with high
speed and near-zero cadence.

- Sedentary Work – GPS anchored at the workplace with low
cadence and no physical-activity �ags.

- Sedentary Non-Work – GPS anchored at home or other non-
work locations with low cadence.

- Unknown – rare intervals with absent signal or inconsistent
sensor evidence; these were excluded from analyses.

Only sedentary work, sedentary non-work, and driving constitute
non-physical activities in which mental (cognitive and emotional)
stress can be disentangled from physical exertion. These three
categories form the eligible set for stress labeling; sleep, physical
activity, and unknown intervals are excluded from stress labeling.
Importantly, the labels are de�ned at the 5-minute level and do not
aim to capture moment-by-moment micro-activities within those
intervals (e.g., exactly when a meeting started or ended).

Expert labeling procedure. Our labeling was performed in three
steps:

Step 1: A data scientist on the team applied a deterministic pro-
tocol that mapped time-stamped debrie�ng notes onto
sensor-veri�ed criteria (GPS trajectory, speed, cadence,
location).

Step 2: A study psychologist independently reviewed the resulting
label sequences. Concordance was complete for driving
and outdoor physical-activity segments. Ambiguities arose
only in some indoor walking segments without debrief
notes and with missing GPS signal (e.g., walking to the
cafeteria), where cadence and speed signals were the only
available indicators.

Step 3: These few ambiguous epochs were resolved through
follow-up questions with participants, resulting in consen-
sus labels. Because the procedure was rule-driven and all

disagreements were fully adjudicated, conventional inter-
rater reliability statistics (e.g., Cohen’s ^) were not infor-
mative; instead, the process produced consensus ground
truth.

Driving as a sedentary activity.We treat driving as part of the
non-physical activity set because participants are seated with mini-
mal gross motor output; steering and pedal use impose negligible
metabolic load compared with walking or running. Under this oper-
ationalization, elevated #�' or (#( during driving re�ects mental
(cognitive and emotional) stress expressed in a non-exertional pos-
ture, with contributions both from the driving task itself and from
whatever else participants are thinking about (e.g., work or family
concerns). Our analyses therefore include driving in the sedentary
pool for stress labeling and interpret any stress episodes during
driving as mental stress in a seated context.

Figure 2 visualizes the activity labels for participant T030 against
smartwatch signals over the four observation days. Prior work on
in-the-wild labeling has often relied on continuous participant self-
reports fused with sensor streams to obtain ground truth labels
[51]. Our approach di�ers in that labeling was carried out by an
expert dyad (data scientist + psychologist) applying determinis-
tic rules and sensor criteria, with participants only consulted in
rare ambiguous cases. This reduced participant burden while still
ensuring label validity and consensus ground truth. As such, our
protocol advances activity labeling for naturalistic stress research
by o�ering a reproducible, low-burden alternative to continuous
self-reporting.

3.4 Stress Labeling

In stress studies, it is fundamental to track participants’ evolving
stress levels. This is achieved through stress labeling. The conven-
tional approach is based on self-reporting, which works well in
laboratory experiments where participants complete preplanned
tasks and then report their perceived stress [33]. However, self-
reporting becomes impractical in naturalistic studies, where con-
tinuous monitoring spans days or weeks rather than short, scripted
tasks. In such settings, stress labeling is increasingly derived from
physiological measurements, which capture autonomic responses
that are often inaccessible to conscious awareness and less prone to
recall bias [41]. These advantages make physiology a viable basis
for stress labeling in the wild.

Several physiologically driven methods have been proposed,
and new ones continue to emerge. The Baevskii Stress Index (SI),
computed from HRV parameters [5], is one such method. Another
is the Kubios Sympathetic Nervous System (SNS) Index, which
integrates HRV-derived features including SI and the normalized
Poincaré plot index SD2 [28, 29, 48].

No single stress labeling method has become dominant. To en-
sure robustness and capture complementary aspects of stress re-
sponses [10], we adopt two approaches: (i) a new HR-based labeling
method that leverages normalized heart rate (NHR), a signal broadly
available on consumer smartwatches, and (ii) the Kubios SNS Index
as an established HRV-based benchmark.
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Figure 2: Activity labeling of participant T030. Visualization of activity labels on days WD1, CD, WD2, and ND. Labels are conveyed as

background colors in four columns of signal panels. The speed and cadence signals in the middle columns are instrumental for activity

validation, while HR and SNS Index signals in the outer columns track physiological arousal and provide an additional plausibility check. For

instance, when cadence is high, HR and SNS typically rise, re�ecting sympathetic activation due to physical activity. Driving was classi�ed as

sedentary and therefore included in subsequent stress labeling analyses. This triangulation across signals ensured that labels aligned with

physiological plausibility.

3.4.1 NHR Stress Labeling

We propose a new stress labeling method based on normalized heart
rate (#�'). By de�ning stress as deviation from an individual’s
daily baseline, this method o�ers a simple and reproducible way to
capture mental stress during daily life.

De�ning the Null hypothesis (No Stress). For each partici-
pant ?8 and day 3 9 , we calculate #�' by subtracting the device-
provided daily baseline�'�! (?8 , 3 9 ) from the continuous HR signal
�'(?8 , 3 9 , C: ), where each moment C: corresponds to a 5-minute
interval. The baseline �'�! (?8 , 3 9 ) is given by the Polar device as
that day’s baseline HR, estimated from low-activity periods, and
provides a day-speci�c reference that accommodates diurnal and
context-related shifts. We then restrict analysis to sedentary pe-
riods, forming the sub-signal #�'D (?8 , 3 9 , C; ) ⊂ #�'(?8 , 3 9 , C: ),
where C; corresponds to sedentary work, sedentary non-work, or
driving. Equation (1) expresses this formulation:

#�'D (?8 , 3 9 , C; ) = �'D (?8 , 3 9 , C; ) − �'�! (?8 , 3 9 )

⇒ NS ≡ #�'D = 0 (1)

Here, #�'D = 0 represents the daily baseline of the partici-
pant, which we treat as the �xed null hypothesis of “No Stress”
(NS). Because stress episodes create asymmetry, the empirical mean
of the sedentary #�'D distribution, #�'D (?8 , 3 9 ), is often not
equal to zero. This operationalization is valence-agnostic: deviations
from baseline can re�ect both positively and negatively valenced
high-arousal states (eustress and distress). Because we do not have
exhaustive information about events that would allow us to reliably
assign valence at �ne temporal resolution, we focus on day-level

patterns rather than attempting to label each 5-minute interval as
“good” or “bad” stress.

Deviation relative to the No Stress reference. Rather than cen-
tering data and applying z-scores, we retain the empirical distri-
bution and assess deviations from #�'D = 0 using the observed
standard deviation SD#�'D

(?8 , 3 9 ) during sedentary periods. The
stress threshold is de�ned as:

�resholdStress (?8 , 3 9 ) = 0 + 2 · SD#�'D
(?8 , 3 9 ) . (2)

Assuming approximate normality (empirically supported; see QQ
plots in Figs. 3a2/b2 and 3a4/b4), this threshold captures the upper
2.5% of expected variation under the Null. Any value of #�'D ex-
ceeding this threshold is considered a stress response (S), re�ecting
signi�cant autonomic activation beyond routine variation. Because
analysis is limited to sedentary intervals, these responses can be
attributed to cognitive and emotional stress rather than gross motor
activity.

Empirical and visual support. Figure 3 (a1/b1 and a3/b3) shows
the sedentary #�'D and (#( distributions across CD, WD, and
ND for two illustrative participants, with dotted lines marking the
�xed reference point and the +2 · (� threshold. The corresponding
QQ plots (a2/b2 and a4/b4) suggest approximate normality within
sedentary intervals. Figure 4 illustrates how the +2 · SD threshold is
applied relative to the �xed No Stress reference point of #�'D = 0,
even when the empirical distribution is shifted.

Theoretical and applied justi�cation. This approach follows
classical statistical inference, in which deviation from a �xed Null
is tested using the observed variance [30, 54]. It also aligns with
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Figure 3: Stress labeling for participant T030 (parent with small children) and T021 (non-parent). a1/b1 and a3/b3: Distributions of sedentary

#�' / (#( on CD, WD =WD1 ∪WD2, and ND. Blue dotted lines indicate thresholds (2 · SD from #�' = 0 and (#( = 1). a2/b2 and a4/b4: QQ

plots of sedentary #�' / (#( , suggesting approximate normality. These plots illustrate how thresholds are applied within each method; they

are not intended for direct comparison of individual labels.

recent wearable computing literature that advocates for personal-
ized, context-aware stress thresholds in the wild [44]. Importantly,
HR-based deviations relative to a daily baseline are less a�ected
by motion artifacts and non-stationary R–R dynamics than HRV
features, particularly in the �eld. HRV indices are highly sensi-
tive to artifacts and non-stationary behavior even during apparent
sedentary periods, and can remain suppressed for some time after

physical activity due to prolonged parasympathetic withdrawal
and accumulated metabolites [22, 46]. In contrast, HR recovers
more quickly and can be reliably sampled on consumer devices at
5-minute resolution. These considerations make #�' a practical
and reproducible stress labeling protocol for large-scale studies
with consumer wearables.
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3.4.2 SNS Stress Labeling

For comparison, we derived an alternative set of stress labels using
an established HRV-based measure. Speci�cally, we focus on the
Stress Index (SI) and the Sympathetic Nervous System Index (SNS)
provided by the Kubios software [5, 48]. In our dataset, SI and
SNS are highly correlated (Pearson A = 0.89, ? < 0.001); therefore,
we only used the SNS Index ((#(). Following Kubios guidelines,
we adopted the threshold (#( = 1 to distinguish between Stress
and No Stress states. We applied this threshold across (#( (?8 , 3 9 )
distributions of participant ?8 on day 3 9 to produce an alternative
labeling of stress (see Fig. 3b1/b3).

Rather than comparing NHR and SNS labels one by one, we
assess whether regression models �tted on the two sets of labels
produce similar patterns of predictor e�ects. Convergent results
strengthen con�dence in the modeling conclusions and suggest
that the HR-based NHR method approximates the more established
HRV-based SNS method, while being simpler and more robust in
naturalistic settings.

4 Results

4.1 Collinearity Check

Before modeling, we examined correlations among all predictor
variables (Fig. 5. Only a small number of pairs showed high correla-
tions. Speci�cally,#�(�"� was strongly correlatedwith#�(�)�
(A = 0.73) and with #�(�� (A = 0.69), while$�� [SP] was strongly
correlated with #�(�� (A = 0.63). Thus, we excluded #�(�)� ,
#�(�� , and #�(�� from further modeling. This left three NASA-
TLX subscales in the �nal predictor set. All other predictor pairs
showed weak correlations (|A | < 0.5), and no further exclusions
were necessary. As noted earlier, $�� [SP] denotes the occupa-
tion category (Tactical Police vs. Emergency Care, with EC as the
reference).

4.2 Descriptive Statistics

The sample included 46 adult participants (37 male, 9 female; age
= 39.30 ± 6.29). Fourteen were leaders in emergency care units
and 32 were leaders in tactical police forces. Participants had a
healthy, non-obese physique (BMI = 26.25 ± 3.6), so no obvious
cardiovascular confounders were present. Key predictors included
cadence, sleep, and psychometrics.

Baseline HR across day types. Daily baseline HR values pro-
vided by the Polar device were very similar across day types (ND:

62.1 ± 11.0 bpm, WD1: 61.5 ± 11.3 bpm, WD2: 63.8 ± 11.5 bpm,
CD: 62.6 ± 10.0 bpm). In a linear mixed model with DayType (ND,
WD1, WD2, CD) as a �xed e�ect and a random intercept for par-
ticipant, DayType did not have a signi�cant e�ect on baseline HR,
� (3, 129) = 1.14, ? = .33 (all Tukey-corrected pairwise comparisons
non-signi�cant). Thus, there is no evidence for systematic anticipa-
tory tonic stress on critical days at the level of daily baselines, and
the NHR transformation (deviation from a day-speci�c baseline)
does not build in a bias favoring any particular day type.

Age and gender. The study was intentionally targeted at mid-
career professionals in two male-dominated occupations, resulting
in a relatively narrow age range and a strongly skewed gender
distribution (9 women out of 46 participants). In exploratory mod-
els that added age and gender as covariates, the main day-type
and parenthood e�ects reported below were unchanged. However,
given the restricted age range and small number of women, we
treat age and gender as boundary conditions of the present sam-
ple rather than as primary explanatory variables, and we avoid
over-interpreting any age or gender coe�cients.

Cadence (��# ). Figure 6a1 shows the distributions of ��# in
sedentary versus physically active periods. Sedentary values (= =

23,705, 3.7 ± 6.50 CPM) follow an exponential shape concentrated
near zero, re�ecting occasional micro-movements (termed micro-
cadence,<��# ). Physically active values (= = 3,292, 38.91 ± 17.74

CPM) are fat-tailed and span higher ranges, with minimal over-
lap with sedentary values. Physiological arousal during sedentary
periods is therefore interpretable as mental stress, whereas dur-
ing physical activity it re�ects exertion. In our models, we include
both<��# and indicators of physical activity extent (%�?2 ) and
intensity (%�8=C ).

Sleep ((!��%). Figure 6a2 shows the sleep distribution (= = 167,
6.72±1.46 hr). The distribution is approximately normal with mean
around seven hours; shorter sleep was more common on workdays,
while longer sleep appeared on non-workdays.

Daily psychometrics. NASA TLX scores provide subjective com-
plements to physiological indicators. Among the subscales, NASA
Mental Demand (#�(�"� ) and NASA Performance (#�(�% ) later
emerged as signi�cant model predictors (Section 4.3). Figure 6a3
shows #�(�"� strati�ed by day type: highest on critical days
(= = 46, 12.11± 5.39), lowest on non-workdays (= = 45, 4.78± 4.44),
and intermediate on standard workdays (= = 80, 9.24± 5.11). These
marginal di�erences validate the designation of day types. In con-
trast, #�(�% scores (Fig. 6a4) remained consistently high across
critical days (15.04 ± 5.33), standard workdays (16.25 ± 3.35), and
non-workdays (13.02 ± 5.83), re�ecting participants’ overall e�ec-
tiveness.

Trait psychometrics. Figure 6a5 shows Big Five scores. The partic-
ipants were very conscientious (8.07± 1.50) and low in neuroticism
(4.48 ± 1.38), consistent with the demands of their professions.
Agreeableness was also high (6.67 ± 1.74), supporting the collabo-
rative nature of their roles. Extraversion (6.30 ± 1.81) and openness
(6.87 ± 2.01) spanned broader ranges. Together, these patterns con-
�rm a selective, high-performing professional cohort.
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4.3 Models

We �rst provide a descriptive overview of the sedentary activity
intervals in our dataset before turning to model-based analyses of
stress predictors. This approach allows us to ground the regression
results in the empirical distribution of activities across participants
and days.

In total, the dataset contained =, = 13,027 Work, =#, = 8,011

Non-Work, and =� = 2,664 Driving sedentary intervals, for a com-
bined = = 23,702 intervals across all participants and days. These
descriptive frequencies con�rm that Work was the predominant
sedentary activity, with substantial though smaller contributions
from Non-Work and Driving contexts. The subsequent regression
models (Table 1, Fig. 7) build directly on these data, estimating how
stress probabilities varied across these activity types, day and period
factors, and individual di�erences. This connection between raw
activity distributions and model-based stress predictions grounds
the inferential results in the empirical structure of the dataset.

We examine predictors of participants’ instantaneous stress
while they are at work, not at work, or driving. The unit of analy-
sis is the 5-minute sedentary interval C; for participant ?8 on day
3 9 , during which the participant is classi�ed as either stressed
(S) or not stressed (NS). The outcome variable is the probabil-
ity % ((E (?8 , 3 9 , C; )) of stress, where the labeling channel E is ei-
ther #�'D or (#( . Stress intervals are de�ned as those where
#�'D > 2SD or (#( > 1; all other intervals are labeled as no
stress. These thresholds are designed to capture hyperarousal of
emotional or cognitive origin. Because the activities under study are
sedentary (work, non-work, driving), physical exertion is unlikely
to account for the observed stress responses.

logit
(

% ((E (?8 , 3 9 , C; ) )
)

∼

10 + 11 ��. [WD] (?8 ) + 12 ��. [ND] (?8 )

+ 13 %'� [AFN] (?8 , 3 9 ) + 14 ��. [WD] ×%'� [AFN] (?8 , 3 9 )

+ 15 ��. [ND] ×%'� [AFN] (?8 , 3 9 ) + 16  �� [YES] (?8 )

+ 17 ��. [WD] × �� [YES] (?8 ) + 18 ��. [ND] × �� [YES] (?8 )

+ 19 %�?2 (?8 , 3 9 ) + 110 %�8=C (?8 , 3 9 ) + 111 %�?2 ×%�8=C (?8 , 3 9 )

+ 112 ��. [WD] ×%�?2 (?8 , 3 9 ) + 113 ��. [ND] ×%�?2 (?8 , 3 9 )

+ 114 ��. [WD] ×%�8=C (?8 , 3 9 ) + 115 ��. [ND] ×%�8=C (?8 , 3 9 )

+ 116 ��. [WD] ×%�?2 ×%�8=C (?8 , 3 9 )

+ 117 ��. [ND] ×%�?2 ×%�8=C (?8 , 3 9 )

+ 118��) [Non-Work] (?8 , 3 9 , C; ) + 119��) [Driving] (?8 , 3 9 , C; )

+ 120<��# (?8 , 3 9 , C; ) + 121 (!��% (?8 , 3 9 ) + 122$�� [SP] (?8 )

+ 123 #�(�"� (?8 , 3 9 ) + 124 #�(�%� (?8 , 3 9 ) + 125 #�(�% (?8 , 3 9 )

+ 126 �5� (?8 ) + 127 �5� (?8 ) + 128 �5� (?8 )

+ 129 �5# (?8 ) + 130 �5$ (?8 ) + (1 | Participant) . (3)

Eq. (3) is the full logistic regression model where (1|Participant)
introduces random intercepts to account for repeated measures per
participant. The model is structured as follows:

Timing predictors (Rows 1–3). The �rst three rows capture day
type (��. [WD], ��. [ND]; reference = critical day CD), period
of day (%'� [AFN]; reference = morning), and their interactions.

Parenthood predictor (Rows 3-4).  �� [YES] indicates whether
the participant has small children (reference = no children). In-
teractions with day type test whether stress dynamics di�er for
parents.
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Physical activity predictors (Rows 5–9). %�?2 is the percentage
of daily time spent in physical activity; %�8=C is activity intensity.
Their main e�ects and interactions with day type are included, as
well as the three-way interaction.

Sedentary activity predictors (Row 10). ��) speci�es the type
of sedentary activity during each 5-minute interval: Non-Work or
Driving, with Work as the reference.

Behavioral and contextual controls (Row 11).<��# measures
micro-cadence (small bursts of movement during sedentary peri-
ods), (!��% is daily sleep duration, and$�� represents occupation
(Emergency Care = reference; Tactical (Special) Police = SP).

Psychometric predictors (Rows 12–14). NASA-TLX subscales
(mental demand #�(�"� , physical demand #�(�%� , perfor-
mance #�(�% ) are included at the daily level. Big Five personality
traits (�5� , �5� , �5� , �5# , �5$ ) are participant-level predictors.

The parameter estimates for the model speci�ed in Eq. (3) are
summarized in Table 1, while key e�ects are visualized in Fig. 7.
For clarity, we report only predictors that reached statistical signi�-
cance in at least one version of themodel. Non-signi�cant predictors
(e.g., some of the Big Five personality traits) are omitted, as they
were not theoretically central and did not contribute meaningfully
to stress prediction. This presentation highlights the variables most
relevant to our research questions while maintaining a parsimo-
nious interpretation of the results.

Overall, the results indicate several consistent patterns across
both stress labeling methods. Stress was signi�cantly lower on
typical workdays compared to the critical day baseline, while non-
workdays showed mixed e�ects depending on the labeling channel.
Having small children strongly ampli�ed stress responses on both
workdays and non-workdays, underscoring the role of parenthood
in shaping daily stress dynamics. Physical activity showed protec-
tive e�ects, with both greater duration (%�?2 ) and higher intensity
(%�8=C ) associated with reduced stress, though interaction terms
revealed that these bene�ts depended on day type. Among activity
contexts, Non-Work intervals were reliably associated with lower
stress compared toWork, whereas Driving showed divergent e�ects
across the two models. Beyond contextual factors, stress probability
was positively related to micro-cadence (<��# ) and NASA-TLX
workload ratings, particularly mental and physical demand. In con-
trast, most Big Five personality traits were not signi�cant predic-
tors. Taken together, these results highlight the interplay between
situational context (day, period, activity type), role demands (parent-
hood, occupation), and individual di�erences (workload appraisals,
micro-movement) in determining momentary stress responses.

4.3.1 Robustness Analysis: Simpli�ed Design-Only Model

We also �tted a simpli�ed logistic mixed-e�ects model using the
NHR-based stress labels, in order to assess the robustness of our
�ndings to model complexity. This reduced model retained only
day type, time of day, parenthood, physical activity patterns, activ-
ity context, and micro-cadence, while omitting sleep, occupation,
NASA-TLX subscales, and Big Five traits:

logit
(

% ((E (?8 , 3 9 , C; ))
)

∼mCDN8 9; + DAY8 9 ×PRD8 9 + ACT8 9;

+DAY8 9×PA?28 9 ×PA8=C8 9

+DAY8 9×KID8 + (1 | Participant8 ) . (4)

where the outcome variable is the probability % ((E (?8 , 3 9 , C; )) of
stress, with labeling channel E = #�'D at each sedentary 5-minute
interval.

The simpli�ed model closely reproduces the core contextual ef-
fects obtained in the full model. Micro-cadence remains a strong
positive predictor of stress (e.g., V = 0.75, SE = 0.02, ? < .001, odds
ratio ≈ 2.1 per SD). The odds of stress are substantially lower on
typical workdays than on critical days at baseline (VWD = −1.06,
? < .001). Non-work and driving contexts show reduced stress rel-
ative to work (e.g., Non-Work vs. Work: V = −0.61, ? < .001). The
Day × Kids interaction also remains large and highly signi�cant
(��. [WD]× �� [YES]: V = 0.81, ? < .001;��. [ND]× �� [YES]:
V = 0.57, ? < .001), indicating that parents experience markedly
higher stress probabilities than non-parents on both typical work-
days and non-workdays, but not on critical mission days. The pat-
tern of Day-by-physical-activity interactions is also qualitatively
unchanged, with signi�cant Day-speci�c e�ects of PA extent and
intensity and their three-way interaction.

Together, the simpli�ed and full models therefore tell a consistent
story: our main conclusions about day types, parenthood, and stress
are not artifacts of model complexity, but re�ect stable patterns
that emerge even in a more economical speci�cation.

5 Discussion

Our study followed frontline leaders in emergency medicine and
tactical policing as they moved across critical mission days, stan-
dard workdays, and non-workdays, comparing those who were
parenting preteen children with colleagues who were not. Using in-
the-wild physiological sensing, expert activity labeling, daily work-
load ratings, and mixed-e�ects models, we showed that parenting-
related di�erences in stress are highly contextual: they are most
pronounced on routine workdays and non-workdays under perme-
able boundaries, and largely absent on critical days when attention
and communication are tightly constrained. Below we discuss how
these �ndings re�ne current understandings of parenting stress,
boundary permeability, and attentional control, and what they im-
ply for design, organizational practice, and future research.

5.1 Parenthood and Contextual Stress

Across both NHR- and SNS-based stress labels, parenthood did not
exert a uniformmain e�ect. Instead, parenthood interacted strongly
with day type. In the full and simpli�ed models alike, parents of
young children showed substantially higher stress probabilities than
non-parents on standard workdays and non-workdays, but not on
critical mission days. The robustness of these interactions across
stress channels and model speci�cations suggests that they are not
artifacts of modeling choices, but re�ect stable patterns in how
caregiving responsibilities intersect with daily role con�gurations.

This pattern resonates with allostatic load theory, in which acute
episodes of high demand may be absorbed similarly across groups,
while repeated hassles and role con�icts in everyday life generate
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Table 1: Results of the logistic regression models speci�ed in Eq. (3). Columns with a white background correspond to the version of the model

with stress labels from #�'� . Columns with a gray background correspond to the version with stress labels from (#( . Predictors highlighted

in yellow indicate variables where the two model versions are in agreement. For clarity, only predictors that reached statistical signi�cance in

at least one model are reported. Signi�cance levels: *: ? < 0.05, **: ? < 0.01, ***: ? < 0.001.

Predictor Coe�cient 1 · Standard Error 95% CI I value Pr(> |I |)

Intercept −0.459 1.363 0.365 0.623 [−1.174, 0.255] [ 0.142, 2.583] − 1.260 2.118 0.208 0.029∗

��. [WD] ✓ −0.861 −0.792 0.087 0.110 [−1.031, −0.691] [−1.008, −0.575] − 9.919 − 7.168 < 0.001∗∗∗ < 0.001∗∗∗

��. [ND] 0.341 −0.673 0.117 0.138 [ 0.112, 0.571] [−0.943, −0.403] 2.919 −4.880 0.004∗∗ < 0.001∗∗∗

%'� [AFN] 0.101 −0.186 0.064 0.079 [−0.024, 0.226] [−0.340, −0.031] 1.581 − 2.359 0.114 0.018∗

��. [WD] × %'� [AFN] 0.117 0.397 0.080 0.095 [−0.038, 0.273] [ 0.211, 0.583] 1.476 4.187 0.140 < 0.001∗∗∗

��. [ND] × %'� [AFN] −0.132 0.289 0.098 0.116 [−0.325, 0.060] [ 0.061, 0.517] − 1.346 2.481 0.178 0.013∗

 �� [YES] ✓ −0.207 −0.506 0.369 0.600 [−0.930, 0.516] [−1.682, 0.671] − 0.562 − 0.842 0.574 0.400

��. [WD] ×  �� [YES] ✓ 0.705 0.832 0.085 0.113 [ 0.539, 0.872] [ 0.611, 1.053] 8.285 7.385 < 0.001∗∗∗ < 0.001∗∗∗

��. [ND] ×  �� [YES] ✓ 0.563 0.818 0.099 0.117 [ 0.368, 0.757] [ 0.588, 1.048] 5.671 6.965 < 0.001∗∗∗ < 0.001∗∗∗

%�?2 −0.126 0.409 0.044 0.049 [−0.212, −0.040] [ 0.312, 0.505] − 2.865 8.275 0.004∗∗ < 0.001∗∗∗

%�8=C −0.181 0.030 0.043 0.056 [−0.266, −0.096] [−0.079, 0.140] − 4.175 0.539 < 0.001∗∗∗ 0.590

%�?2 × %�8=C ✓ −0.399 −0.474 0.046 0.068 [−0.489, −0.308] [−0.608, −0.340] −8.639 − 6.945 < 0.001∗∗∗ < 0.001∗∗∗

��. [WD] × %�?2 0.019 0.303 0.057 0.075 [−0.094, 0.131] [ 0.156, 0.450] 0.327 4.034 0.744 < 0.001∗∗∗

��. [ND] × %�?2 0.510 −0.171 0.052 0.056 [ 0.409, 0.611] [−0.281, −0.060] 9.890 − 3.029 < 0.001∗∗∗ 0.003∗

��. [WD] × %�8=C 0.446 −0.293 0.064 0.086 [ 0.321, 0.571] [−0.461, −0.125] 6.944 − 3.410 < 0.001∗∗∗ < 0.001∗∗∗

��. [ND] × %�8=C −0.147 0.246 0.051 0.067 [−0.248, −0.046] [ 0.114, 0.378] − 2.855 3.652 0.004∗∗ < 0.001∗∗∗

��. [WD] × %�?2 × %�8=C ✓ 0.070 0.038 0.067 0.113 [−0.060, 0.201] [−0.183, 0.260] 1.056 0.340 0.291 0.734

��. [ND] × %�?2 × %�8=C ✓ 0.302 0.471 0.051 0.072 [ 0.203, 0.401] [ 0.330, 0.613] 5.980 6.533 < 0.001∗∗∗ < 0.001∗∗∗

��) [Non-Work] ✓ −0.558 −0.371 0.052 0.059 [−0.660, −0.456] [−0.487, −0.255] −10.765 − 6.263 < 0.001∗∗∗ < 0.001∗∗∗

��) [Driving] −0.237 0.303 0.055 0.064 [−0.344, −0.130] [ 0.178, 0.427] − 4.344 4.757 < 0.001∗∗∗ < 0.001∗∗∗

<��# ✓ 0.767 0.479 0.019 0.020 [ 0.730, 0.803] [ 0.440, 0.518] 40.845 24.124 < 0.001∗∗∗ < 0.001∗∗∗

(!��% ✓ −0.011 −0.011 0.021 0.025 [−0.053, 0.031] [−0.060, 0.038] − 0.512 − 0.442 0.609 0.659

$�� [SP] 0.349 −1.427 0.406 0.712 [−0.447, 1.145] [−2.822, −0.032] 0.859 − 2.005 0.391 0.045∗

#�(�"� ✓ 0.453 0.117 0.027 0.032 [ 0.400, 0.507] [ 0.054, 0.180] 16.693 3.625 < 0.001∗∗∗ < 0.001∗∗∗

#�(�%� ✓ 0.062 0.319 0.022 0.028 [ 0.019, 0.105] [ 0.264, 0.373] 2.828 11.392 0.005∗∗ < 0.001∗∗∗

#�(�% ✓ 0.154 0.129 0.021 0.027 [ 0.112, 0.196] [ 0.076, 0.182] 7.235 4.781 < 0.001∗∗∗ < 0.001∗∗∗

�5� −0.247 1.036 0.212 0.348 [−0.662, 0.168] [ 0.355, 1.717] − 1.167 2.980 0.243 0.003∗∗

cumulative strain [37, 38]. It also aligns with role con�ict accounts,
where dual high-demand systems—professional leadership and care-
giving—compete for attention when boundaries are porous. Our
debrief data echo this: on standard workdays, parents described
juggling leadership with school calls, daycare coordination, and
pickup logistics, whereas non-parents more often focused on work
and then disconnecting.

By contrast, on critical mission days, we observed convergence
between parents and non-parents. Institutional device bans, strict
operational protocols, and high task tempo combined to sharply
limit contact with family and other life domains. Qualitative ac-
counts and �eld notes suggest that during these periods participants’
attention was tightly focused on mission goals, with little oppor-
tunity for phone use or boundary negotiation. In our theoretical

terms, critical days are characterized by a “crisis bundle” of atten-
tional narrowing, protocol-driven device detachment, and collective
stakes; this con�guration appears to suppress parenting-related
di�erences on top of an already elevated physiological baseline.

Taken together, our �ndings advance a contextual account of par-
enting stress in critical professions. Parenting young children does
not simply add a constant increment of stress; rather, its impact
depends on boundary regimes. When boundaries are enforced from
outside (critical days), parents and non-parents look similar. When
boundaries are more permeable and negotiated from within (stan-
dard workdays and non-workdays), the hidden load of caregiving
becomes visible in physiological signals.
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Figure 7: Interaction and main e�ects of the logistic regression models on stress derived from #�'� (panels a1–a6) and (#( (panels b1–b5).

Panels show only predictors that reached signi�cance in at least one model. Stress probabilities are estimated over the full dataset of sedentary

5-min intervals. Color-coded stars indicate signi�cance levels (*: ? < 0.05, **: ? < 0.01, ***: ? < 0.001). a1–b1. Interaction e�ects between type

of day (��. ) and period of day (%'�). a2–b2. Interaction e�ects between type of day (��. ), percentage of physical activity that day (%�?2 ),

and intensity of physical activity that day (%�8=C ). a3–b3. Association of micro-cadence<��# with stress probability for = = 23,702 Work

+ Non-Work + Driving intervals. a4–b4. Associations of sedentary activity type with stress probability, based on the following frequencies:

=, = 13,027Work, =#, = 8,011 Non-Work, and =� = 2,664 Driving intervals. a5–b5. Association of daily #�(�"� scores with stress probability

for = = 171 days. a6–b6. Interaction e�ects between parenthood ( ��) and type of day (��. ).

5.2 Day Type, Time of Day, and Stress Channels

Day type and time of day further shaped stress dynamics. Both
stress-labeling pipelines converged on substantially lower stress
probabilities on typical workdays than on critical days, re�ecting
the exceptional load of acute operations. Non-workdays showed
moremixed patterns: in the NHR-basedmodel, non-workdays some-
times exhibited equal or higher probabilities of high arousal than

workdays, whereas in the SNS-based model, non-workdays tended
to be less stressful than critical days overall but still contained
frequent high-arousal episodes.

Debriefs help resolve this apparent tension. Participants often
described non-workdays as physically and socially intense: long
bike rides, children’s birthday parties, or demanding family logistics.
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Many of these high-arousal episodes were characterized as mean-
ingful or enjoyable rather than distressing. In contrast, elevated
arousal on workdays—especially in parents—was more often linked
to deadlines, on-call responsibilities, or overlapping demands from
work and family. Because both NHR and SNS are valence-agnostic,
they capture arousal but not whether it re�ects distress or eustress.
Interpreting day-type di�erences therefore requires triangulation
with qualitative accounts.

Time-of-day e�ects point to a similar nuance. Across channels,
we saw that afternoon periods often failed to show the expected
relief relative to mornings, particularly on workdays. Professional
obligations and family logistics tend to accumulate toward late af-
ternoon (e.g., coordinating shift changes while arranging pickups),
which likely blunts diurnal recovery. SNS, being more sensitive
to moment-to-moment HRV �uctuations, captured some of these
within-day dynamics more sharply than NHR. For HCI and stress-
aware system design, this suggests a division of labor: NHR supports
large-scale, device-agnostic deployment and robust day-level com-
parisons; SNS o�ers �ner-grained insight for more instrumentation-
heavy settings.

5.3 Cultural Context and Generalizability

Our sample is situated in a speci�c cultural and institutional con-
text: mid-career emergency physicians and tactical police leaders
in Western European public-sector organizations. These systems
are embedded in comparatively strong welfare states, with formal-
ized employment protections, regulated working hours, and widely
available childcare and schooling. They also re�ect particular norms
around professional autonomy, parental leave, and expectations of
availability.

These features matter for how boundaries are drawn and experi-
enced. For example, work–non-work boundaries in many Western
European settings may be more formally speci�ed than in regions
where longer working hours, precarious contracts, or informal la-
bor arrangements are common. Likewise, cultural norms around
parenting—such as expectations of parental involvement, extended-
family support, and gendered divisions of care—vary widely across
North American, Asian, Latin American, and other contexts. In
some environments, family obligations might intrude even more
heavily into professional life; in others, institutional supports or
extended kin networks might bu�er the load that individual parents
face.

Our �ndings should therefore be interpreted as evidence about
how parenting and boundary regimes interact within this particular
Western European con�guration, not as universal statements about
parents in all cultures. We therefore treat our study as a strong
case from one context that can be compared with future work
in other settings. Cross-cultural extensions—e.g., replicating the
protocol in North American trauma centers, Latin American police
organizations, or East Asian hospitals—would be especially valuable
for examining how institutional policies, family structures, and
cultural norms jointly shape the hidden load of parenting in critical
professions.

5.4 Methodological and Theoretical
Contributions

Methodologically, we make three contributions to in-the-wild stress
research.

First, we propose and validate a sedentary-only, HR-based stress
label (NHR) anchored in daily baselines and individualized vari-
ability. Our analysis of device-provided daily baseline HR showed
no systematic di�erences across critical days, workdays, and non-
workdays, and a mixed-e�ects model with DayType as a predictor
did not yield signi�cant e�ects. Thus, there is no evidence for sys-
tematic anticipatory tonic stress on critical days at the level of
daily baselines, and the NHR transformation (deviation from a day-
speci�c baseline) does not introduce systematic di�erences between
day types by construction.

Second, we explicitly restrict stress labeling to sedentary inter-
vals and control for micro-cadence. By separating physical activity
from sedentary work, sedentary non-work, and driving, and by
including micro-movement as a covariate, we reduce the risk of
con�ating exertion with mental stress. This is particularly impor-
tant in naturalistic settings where short bursts of movement (e.g.,
pacing, hallway walking) are frequent. Our expert-driven activity
labeling protocol, combining deterministic sensor rules with de-
brief information and targeted follow-ups, o�ers a reproducible
alternative to continuous self-report.

Third, we assess NHR not by pointwise agreement with HRV-
based labels, but by construct-level convergence. The full and sim-
pli�ed NHR models and the SNS model converge on the same
core predictors—day type, parenthood-by-day interactions, micro-
cadence, and mental and physical demand—even when individual
episodes di�er. This demonstrates that NHR is a scalable proxy
with su�cient �delity to support explanatory modeling and design
decisions, while SNS can serve as a higher-�delity benchmark when
full HRV access is feasible.

Theoretically, our results re�ne how attentional control and
boundary permeability are understood in high-stakes leadership.
Rather than treating “device detachment” or “attentional narrow-
ing” as standalone mechanisms, we conceptualize critical, standard,
and non-work days as distinct con�gurations of attentional focus,
institutional device regimes, and family responsibilities. Parenting
ampli�es stress primarily in con�gurations where boundaries are
negotiated and permeable, but not where they are externally en-
forced. This con�guration-based view helps reconcile why some
studies �nd strong parenthood e�ects on stress while others do not:
the underlying boundary regimes di�er.

5.5 Design Implications

Our �ndings suggest several directions for the design of bound-
ary management and stress-aware technologies in critical work
settings.

Adaptive noti�cation and availability management. Existing
CHI work on noti�cation management emphasizes user preferences
and simple rules (e.g., “do not disturb” modes) [25]. Our data sug-
gest that these rules need to be deeply context-sensitive. Systems
that can infer or be informed about critical operations (e.g., from
calendars, duty rosters, or manual toggles) could temporarily sup-
press non-urgent family noti�cations while preserving channels
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for truly urgent contact. Conversely, during routine workdays and
non-workdays, tools that surface or help plan “good windows” for
family coordination may reduce the need for ad-hoc interruptions
and negotiation.

Bioadaptive feedback loops. Lightweight bioadaptive feedback
could help individuals track when their stress exceeds day-speci�c
baselines. For example, subtle haptic cues or ambient displays could
signal prolonged elevation of NHR in sedentary contexts, prompt-
ing micro-breaks, breathing exercises, or short walks. Crucially,
such feedback must respect attentional constraints in safety-critical
settings; cues during acute interventions must not distract. Designs
that defer feedback to safe transition points (e.g., after a code or
debrief) or that aggregate feedback into re�ective summaries may
be more appropriate than real-time nudging during crises.

Family-facing boundary sca�olds. Boundary management is a
relational task, not just an individual one. Tools that help families
articulate and visualize shared expectations—such as simple “tra�c
light” availability indicators linked to duty schedules, or shared
calendars with stress-aware annotations—could support more de-
liberate decisions about when to call, text, or request help. Our
�ndings that non-work intervals and structured leisure exercise are
protective suggest that technologies should not aim for constant
disconnection but for planned, negotiated connection that avoids
piling extra demands onto already overloaded moments.

Across all of these directions, �exibility and negotiation are key.
Families di�er in norms and needs, and cultural context shapes
what kinds of boundary tools are acceptable. Technologies should
augment, rather than replace, local practices of coordination and
care.

5.6 Organizational and Policy Relevance

Beyond individual tools, our �ndings highlight the role of organi-
zational policies as de facto boundary technologies. In our study,
institutional rules around smartphone use sharply distinguished
critical days from routine workdays. On critical days, enforced dis-
connection created clear, non-negotiable boundaries; on routine
days, informal and uneven practices prevailed, leaving individuals
and families to negotiate availability on their own.

Organizations can build on these insights in at least three ways.
First, scheduling and rostering practices can be designed to reduce
predictable collisions between work and caregiving demands (e.g.,
aligning shift end times with school schedules when possible, or
clustering critical shifts to enable anticipatory planning). Second,
training programs can include boundary management as a skill,
alongside more traditional resilience content on sleep and physical
�tness. Third, policies can recognize that caregiving responsibilities
are a structural factor in occupational health, not just a private
matter, and provide institutional supports such as �exible on-call
arrangements or backup childcare.

Importantly, these interventions must be sensitive to local cul-
tures and legal frameworks. What counts as a reasonable accommo-
dation or acceptable device policy varies across jurisdictions and
organizations. Our contribution is to show, physiologically, that
boundary regimes are not neutral: they materially shape how the
hidden load of parenting expresses itself in the bodies of frontline
leaders.

5.7 Physical Activity and Stress Bu�ering

Physical activity played a nuanced, context-dependent role in stress
dynamics. Both labeling methods indicated that movement matters,
but in di�erent ways and with di�erent emphases.

In the NHR model, greater daily extent and intensity of physical
activity were associated with reduced stress on critical days, with
super-additive bene�ts when both were high. On non-workdays,
high-intensity activity was particularly protective, consistent with
debrief reports of exercise as a primary recovery strategy (e.g., long
bike rides or runs). On standard workdays, the bu�ering e�ect of
intensity was more modest, likely because professional demands
constrained when and how activity could occur.

In the SNS model, daily activity volume alone sometimes ap-
peared as a stressor on critical and workdays, with protective ef-
fects emerging primarily when combined with su�cient intensity.
This may re�ect SNS’s sensitivity to HRV �uctuations during in-
cidental movement, such as pacing or multitasking, which can
mimic stress-like patterns. When movement is more structured and
intense—typical of deliberate exercise—the HRV pro�le becomes
more clearly distinguishable from mental stress.

These �ndings underscore that not all movement is equal. Inci-
dental movement in high-demand contexts may track stress rather
than relieve it, whereas purposeful exercise—especially on non-
workdays—can provide robust bu�ering. For design, this suggests
that stress-aware systems should distinguish between unstructured
�dgeting or pacing and deliberate physical activity when providing
feedback or recommendations.

5.8 Other Control Variables and Stress

Other variables in our models provide additional context.
Non-work intervals were reliably associated with lower stress

than work intervals across both labeling methods, highlighting the
restorative potential of even short pockets of non-work within a
day. Driving, however, showed labeling-dependent e�ects: NHR
suggested a bu�ering role, possibly re�ecting transitional downtime,
whereas SNS indicated elevated stress, consistent with the cognitive
demands and vigilance required for driving.

Micro-cadence—a proxy for small, restless movements during
sedentary periods—was a strong positive predictor of stress in all
models, aligning with everyday observations of leaders �dgeting,
shifting, or pacing during tense situations. Sleep did not emerge as
a signi�cant predictor in our models, which likely re�ects the rela-
tively narrow range of sleep durations across the four-day protocol
and the dominance of situational factors in shaping momentary
stress.

Finally, NASA Mental Demand emerged as a robust positive
predictor, and NASA Physical Demand and Performance also con-
tributed. These links between subjective workload and physiolog-
ical arousal reinforce the construct validity of our labeling and
modeling approach: participants’ own assessments of demanding
days align with what their bodies reveal.

5.9 Dataset and Code Release

Our dataset and code can be found in GitHub (UH-ACDC/Parenting-
CHI-2026). To our knowledge, there are few open datasets that

https://github.com/UH-ACDC/Parenting-CHI-2026
https://github.com/UH-ACDC/Parenting-CHI-2026
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combine continuous physiological sensing, carefully curated activ-
ity labels, and rich contextual information from frontline leaders
in critical professions, with explicit comparison of parents and
non-parents.

This release serves as (i) a benchmark for stress detection meth-
ods in real-world, safety-critical settings, and (ii) a resource for HCI
and CSCW researchers interested in boundary management, parent-
ing, and occupational health. Engineers can use the data to validate
new feature extraction or modeling pipelines against both NHR-
and SNS-based labels, while designers can prototype and simulate
stress-aware interventions (e.g., noti�cation �lters, biofeedback
triggers) using empirically grounded thresholds and day-type dis-
tinctions. Because the dataset distinguishes between parents and
non-parents and between critical, routine, and non-work contexts, it
also supports exploration of personalization strategies and fairness
considerations in stress-aware system design.

5.10 Broader Impact

Although our speci�c focus is on emergency physicians and tactical
police leaders in Western Europe, the methodological and concep-
tual framework we propose extends to other forms of frontline
leadership in critical domains, such as surgical teams, air-tra�c
control, or �re�ghting. These roles share features of high stakes,
tightly regulated device use, and complex family responsibilities.

By demonstrating how parenting, boundaries, and workload
jointly shape physiological stress across di�erent day types, and
by o�ering a tractable protocol for stress labeling in the wild, we
provide a foundation for future work on stress-aware, boundary-
sensitive technologies. At the same time, our cultural discussion
emphasizes that such systems must be adapted to local norms,
policies, and family structures rather than transplanted wholesale.

Taken together, our contributions—empirical, methodological,
theoretical, design-oriented, and open-science—aim to support a
richer understanding of the hidden load carried by parents in critical
professions and to inform technologies and policies that respect
both their professional commitments and their caregiving lives.
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