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Figure 1: A Sankey diagram illustrating the landscape of data-driven stress management systems. This figure visualizes the
flow and distribution from how stress is defined (Stress Construct), to the content of the intervention (Intervention Content),
and finally to its delivery timing (Intervention Timing) across the reviewed literature. The N value in each node denotes the
total number of instances classified under that category. As a single study may fall into multiple categories (e.g., using both
‘Emotion-Focused’ and ‘Problem-Focused’ strategies), the total flow may expand across stages.
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Abstract

Advances in ubiquitous and wearable sensing and HCI research
have made stress monitoring increasingly accessible, enabling the
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development of personalized stress management technologies. Yet,
stress is a subjective and contextual experience, making effective
intervention design challenging. Prior studies often isolate stress
detection or intervention, without providing an integrated view
of how these components connect and are evaluated in real-world
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use. To address this gap, we conducted a systematic review of 2,152
papers and selected 52 empirical studies where stress tracking in-
formed interventions. Using a framework based on three stress
constructs (subjective stress, psycho-physiological stress, and expo-
sure stress), we analyzed how definitions of stress shape detection
indicators, intervention design and timing, and evaluation methods.
We show that stress conceptualization strongly influences system
design, and we propose a conceptual framework linking detection,
intervention, and evaluation to guide future user-centered stress
management technologies.

CCS Concepts

« Human-centered computing — User studies; Ubiquitous
and mobile computing design and evaluation methods.
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1 Introduction

Recent advancements in ubiquitous and wearable sensing technolo-
gies have enabled the monitoring of stress in situ, capturing be-
havioral signals [75], facial expressions [113], and physiological re-
sponses such as heart rate and electrodermal activity (EDA) [35, 97].
In parallel, subjective measures such as ecological momentary as-
sessments (EMA) capture lived experiences that complement objec-
tive signals [46]. These technological advances create new oppor-
tunities for timely and accessible stress management interventions,
especially in everyday life when support is most needed [88].

Commercial devices have already incorporated stress tracking
and intervention features. For instance, Fitbit Sense monitors EDA
and heart rate variability (HRV) and offers guided breathing or
mindfulness exercises. Similarly, Samsung Galaxy Watch and Apple
Watch estimate stress through HRV and support interventions such
as breathing reminders and reflection sessions. These systems high-
light the mainstream adoption of stress management technologies.
Building on this trend, research in HCI has explored more advanced
directions, including context-aware and adaptive interventions that
integrate stress detection with tailored support [33, 68].

While the rise of self-tracking technologies offers a promising
avenue for support, designing effective interventions is uniquely
challenging due to the inherent complexity of stress. We acknowl-
edge that stress is not unequivocally problematic; it can be beneficial
(eustress) or intentionally induced for training purposes [74, 104].
However, this review primarily focuses on contexts where stress is
perceived as a burden requiring management or mitigation. Stress is
not a simple, uniform signal but a deeply subjective and contextual
experience that varies across individuals and situations [52]. This
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complexity makes it crucial to systematically examine not only how
systems detect stress (ranging from manual subjective reports to
automatic detection with sensors), but also how these detection
outputs are linked to interventions in ways that matter to users.
When this connection is weak or unclear, interventions risk feeling
irrelevant or burdensome. A user-centered perspective is therefore
crucial for making stress management systems effective in everyday
life. Such a perspective also requires systematic evaluation, since
only through evaluation we can assess whether detection methods
and interventions genuinely reflect users’ needs and lived expe-
riences. A review that synthesizes how systems have connected
detection, intervention, and evaluation can provide insights for
guiding the design of future stress management technologies.

However, prior literature reviews have offered only a fragmented
perspective. Most have focused either on stress detection [1, 10,
27, 64] or on intervention strategies [51, 76, 86], leaving open the
question of how these two components can be connected. Only
limited attempts have considered detection and intervention to-
gether [20, 95], yet these reviews paid limited attention to the
diversity of intervention strategies or to evaluation practices. This
absence of an integrative perspective motivates the need for a re-
view that systematically examines stress detection, intervention,
and evaluation as a unified whole.

To address this gap, our review analyzes existing research on
stress management systems in HCI. We adopt a conceptual frame-
work (visualized in Figure 2) that bridges sensing technologies
with theoretical constructs. Drawing inspiration from Lazarus and
Folkman’s transactional model [52], we leverage this framework to
organize prior work into three broad categories based on how stress
is defined and operationalized as an inference target: (1) subjective
stress, defined by an individual’s cognitive appraisal of whether a
situation is threatening or challenging; (2) psycho-physiological
and expressive stress, encompassing bodily changes and behavioral
manifestations that occur as reactions to stress, and (3) stress de-
fined in terms of exposure to external stressors or tasks, focusing
on the stimulus itself.

Using this categorization, we examine not only how systems
specify stress as an inference target and what indicators are used
to infer it, but also how these inferences guide the design and
timing of intervention strategies and how their effectiveness has
been evaluated. This integrative perspective allows us to map the
connections between stress constructs, indicators, intervention
designs, and evaluation practices across prior work.

Based on this approach, we ask the following research questions:

e RQ1: How have systems defined stress as an inference target,
and what indicators have been used to infer it?

e RQ2: How have these inferences been connected to the design
and delivery of interventions?

o RQ3: How have stress management systems been evaluated
in practice?

To answer our research questions, we identified 2,152 papers
and, through a rigorous selection process, narrowed the scope to 52
empirical studies that leverage stress tracking to inform interven-
tions. Our analysis of these studies examines three core aspects: (1)
the sensing modalities and models used to define a stress construct,
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(2) the content and timing of the resulting interventions, and (3)
the methods used for user evaluation. As illustrated in Figure 1,
we provide an overview of how the design process diverges de-
pending on the guiding stress construct. The design process clearly
diverges based on the guiding stress construct. Systems defining
stress psycho-physiologically via biosignals (e.g., HRV, EDA) typi-
cally lead to appraisal-focused interventions like biofeedback and
visualization, often delivered just-in-time. In contrast, systems tar-
geting subjective stress connect to a broader range of active coping
strategies, such as cognitive behavior therapy (CBT) and mindful-
ness, with more flexible delivery. In terms of user evaluation, most
systems were validated through feasibility studies focused on us-
ability and short-term effects, rather than rigorous efficacy trials
with larger and more diverse populations. These studies typically
relied on a mix of psychological scales and standardized usability
surveys. Building on these findings, our discussion addresses the
challenges and future directions for each of these three domains:
self-tracking, intervention design, and user evaluation.

The main contributions of this review are as follows:

e We provide an integrative review that jointly examines stress
detection, intervention strategies, and evaluation practices in
stress management systems.

e We analyze the critical link between how stress is concep-
tualized and measured and the resulting design choices for
interventions.

e Based on our findings, we identify key challenges and op-
portunities that can guide future research on the design and
evaluation of user-centered stress management technologies.

2 Background and Related Work

This section provides background on how stress has been concep-
tualized and measured in HCI, reviews prior work on stress man-
agement systems, and discusses how our review positions itself
relative to existing surveys.

2.1 Defining and Measuring Stress in HCI

The term ‘stress’ was famously defined by Hans Selye as ‘the non-
specific response of the body to a demand, with the ‘stressor’ being
the stimulus [84]. This foundational view has been significantly
expanded by the transactional model of stress and coping [52]. This
model posits that a stressor does not automatically lead to a stress
response. Instead, the process is mediated by an individual’s cogni-
tive appraisal, which refers to the subjective evaluation of whether
the event represents a threat, harm, or challenge. For instance, an
appraisal of ‘challenge’ or intentional exposure can lead to positive
engagement (eustress) or serve training purposes (e.g., stress in-
oculation) [74, 104], whereas ‘threat’ often leads to distress. This
perspective accounts for substantial individual differences in stress
reactivity and emphasizes that stress is fundamentally an interac-
tion between the person, who engages in appraisal and subsequent
responses, and the environment, which provides the stressors.
While the transactional model provides a rich theoretical foun-
dation, building computational systems for stress management
requires translating this concept into a concrete, measurable tar-
get for modeling. In the HCI and ubiquitous computing literature,
researchers have primarily operationalized stress in three distinct
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ways, which constitute the conceptual framework adopted in this
review (Figure 2). The first and most common approach conceptu-
alizes stress as a set of internal physiological changes and external
expressive behaviors that can be objectively measured. We refer to
this as Psycho-Physiological Stress, emphasizing the bodily responses
(e.g., heart rates, facial expressions, or voice tone) that manifest
when individuals react to a stressful stimulus (i.e., either in the
lab settings or real-life scenarios). A second approach, grounded
in the notion of cognitive appraisal, defines stress as a perceived
experience. This construct, which we call Subjective Stress, reflects
how a situation is interpreted as threatening or challenging. It is
most commonly measured through self-appraisal methods via self-
reporting their stress levels (known as perceived stress), but can
also be assessed through external evaluators, for example, when
clinicians or observers evaluate an individual’s stress state based
on their observable responses. Finally, a third strategy operational-
izes stress by an individual’s exposure to a known stress-inducing
context or task. This construct, termed Causative Stress or Exposure
Stress, is not concerned with the user’s reaction but rather with the
presence of the stressor itself (e.g., staying in noisy environments
or conducting stressful tasks, such as job interviewing).

To model these different constructs, researchers draw on a wide
range of signals captured from sensors and devices. Subjective indi-
cators capture an individual’s perceived stress directly through self-
reports, including validated questionnaires such as the Perceived
Stress Scale (PSS) [16], in-the-moment ecological momentary as-
sessments (EMA), or simple Likert-scale ratings prompted by a
system. Physiological indicators reflect bodily changes related to the
“fight-or-flight” response, in which the sympathetic nervous system
(SNS) is activated and the parasympathetic nervous system (PNS) is
suppressed [11]. These processes result in measurable changes such
as increased heart rate, elevated blood pressure, and alterations in
electrodermal activity, which are frequently monitored using wear-
able sensors [29, 81, 85]. Similarly, Expression indicators capture the
outward bodily manifestation of stress, such as facial expressions
that reveal an individual’s feelings [22], or vocal cues including
higher pitch or faster speaking rate [4, 80]. Behavioral indicators
extend beyond direct expression and reflect the individual’s adap-
tive or maladaptive changes in behaviors as part of stress coping.
Behavioral indicators include variations in digital interactions (e.g.,
typing speed and error rates, and mouse movements), but also fluc-
tuations in physical activities and mobility patterns captured by
motion sensors [32, 73]. Finally, Exposure indicators differ from the
previous indicators as they do not capture the individual’s response,
but rather the external environment or situation demands that may
trigger stress. These indicators can include data from an individual’s
digital footprint, such as the number of unread emails or upcoming
deadlines in a calendar, as well as physical surroundings measured
by sensors, like ambient noise levels from a microphone.

2.2 Stress Management Systems in HCI

Building on the operationalization of stress into psycho-physiological,
subjective, and exposure constructs, prior HCI work has explored
various stress management systems. These systems function by
detecting stress indicators and delivering targeted interventions.
To achieve this, they leverage the diverse indicators detailed in the
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Figure 2: The conceptual framework used in this review. Building on the transactional model from Lazarus and Folkman [52],
this framework operationalizes stress into three inference targets: (1) Stressor (Exposure), (2) Cognitive Appraisal (Subjective),
and (3) Response (Psycho-physiological). It illustrates how stress is shaped through interpretation and coping, and how
multimodal sensing methodologies, including passive sensing and self-report, can be used to detect stress across stages.

previous section: physiological, expressive, and behavioral indica-
tors are captured to model a user’s psycho-physiological responses;
subjective indicators like self-reports are used to understand their
cognitive appraisal; and contextual indicators help identify the pres-
ence of stressors. Once stress is detected through these channels,
the system delivers interventions to mitigate its effects (Figure 3).

While the detection component is guided by these stress con-
structs, the design of the subsequent intervention represents a
distinct challenge. Designing effective interventions requires care-
ful consideration of both their timing and content. The design of
intervention content has often been guided by the transactional
model of stress, which describes stress processing in two stages:
appraisal, the interpretation of the situation, and coping, the actions
taken in response.

Within this framework, stress interventions can be designed to
engage with either stage. Some systems target the appraisal stage,
using biofeedback or data visualizations to help users reflect on and
gain awareness of their current state [59, 110]. Others intervene
directly in the coping stage by providing concrete coping strate-
gies. These strategies are often categorized as problem-focused,
which aims to resolve the source of the stress, and emotion-focused,
which aims to manage the resulting emotions. The timing of these
interventions can also vary, from just-in-time delivery upon stress
detection to pre-scheduled or on-demand support. Some research
in workplace contexts has even explored shared, ambient systems
that support multiple users simultaneously [107, 108].

2.3 DPositioning This Review

Although research on systems for stress detection and intervention
has been active in HCI, prior surveys have largely treated stress

detection and intervention as separate domains. This fragmentation
limits the field’s ability to conceptualize stress technologies as
integrated systems, while also obscuring empirical insights into
how sensing-inference-intervention configurations impact stress
reduction in practice.

Reviews on stress detection have mainly concentrated on tech-
nological aspects of sensing, typically surveying methods that em-
ploy passive monitoring using wearable or contactless technolo-
gies [10, 27, 64]. In contrast, reviews on stress interventions have
emphasized the efficacy of specific strategies within particular con-
texts, such as managing workplace stress [51], supporting university
students [76], or promoting mindfulness in healthy individuals [86].

Only a few reviews have attempted to bridge this gap between
detection and intervention, yet their scope has been limited. For
example, Dobson et al. examined sensor-based systems delivering
in-the-moment interventions for anxiety, with limited discussion
of diverse stress intervention strategies [20]. Another review fo-
cused on commercial products without systematically analyzing
user studies or evaluation practices [95]. As a result, the field still
lacks a perspective that jointly considers stress sensing methods,
intervention design, and evaluation practices in real-world contexts.

To address this gap, our review provides a holistic analysis of in-
tegrated stress management systems, examining the entire pipeline
from detection to intervention. We introduce a framework that
organizes the literature according to how stress is defined and oper-
ationalized, namely as psycho-physiological, perceived, or causative
stress. Using this framework, we systematically analyze the con-
nections between detection indicators, the design and timing of
interventions, and the evaluation methods employed in user studies.
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In doing so, this review offers a comprehensive map of the land-
scape, identifies key trends and challenges, and outlines directions
for future research in proactive stress management technologies.

3 Methods

In this review, we focused on research articles that implemented
interventions informed by stress tracking results. To identify relevant
literature, we followed the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines (Figure 4). We
conducted a systematic search in three major academic databases,
including the ACM Digital Library, IEEE Xplore, and Web of Science.
The review included studies published up to July 2025, with no lower
bound applied.

To ensure comprehensive coverage, search terms were selected
based on an initial scoping survey and refined through discussions
among all authors. The keywords were organized into three groups
(Stress, Detection, and Intervention). These groups were connected
with AND, while keywords within each group were connected with
OR. We applied these search queries to full-text fields searchable in
each database.

e Stress: stress, distress, eustress

e Detection: stress detection, stress sensing, stress classifi-
cation, stress monitoring, self-tracking, personal tracking,
personal informatics, lifelogging, quantified self

¢ Intervention: intervention, coping, stress management, stress
reduction, mindfulness, emotion regulation, emotional sup-
port

A goal of this review is to understand the holistic mechanism of
how sensing technologies translate into effective stress manage-
ment in real-world contexts. In HCI research, evaluating health
behavior change technologies requires looking “beyond efficacy”
to investigate usage patterns, user perceptions, and how different
system components interact [47]. Therefore, we treated evaluation
not merely as a validation of clinical outcomes, but as an essential
component to verify the utility of the sensing-intervention loop.

We did not include design-only studies within the scope of this
review because, without empirical user feedback, it is difficult to
assess whether the sensing mechanism effectively supported the
intervention and whether the timing of the intervention was re-
ceptive to users. We acknowledge that some technology-oriented
works publish system designs and evaluations separately. However,
this review focuses on integrated systems presented within a single
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Figure 4: PRISMA Flow diagram of the literature selection
process for the scoping review.

study. This scoping decision ensures that the sensing and interven-
tion components were designed and evaluated as a cohesive unit,
allowing us to analyze the immediate interplay between detection
capabilities and user engagement. Based on this scope, we explicitly
applied the following criteria:

Inclusion criteria:

e Studies implementing a digital intervention related to psy-
chological stress

e Interventions informed by sensing or detection results

e Papers reporting a user study or formal evaluation of the
intervention (qualitative, quantitative, or mixed-methods)

Exclusion criteria:

e Non-English or non-empirical publications

o Studies not focused on psychological stress

o Implementations lacking a detection-based intervention
e Non-digital interventions

e Papers without a user study or evaluation

The initial database search yielded 2,152 records. After removing
222 duplicates, 1,930 records remained for screening. Title and
abstract screening excluded 1,246 articles (non-English: n = 116;
non-empirical: n = 242; not focused on psychological stress: n =
888). Full-text assessment of the remaining 684 articles excluded an
additional 223 articles (no detection-based intervention: n = 216;
non-digital interventions: n = 7). Finally, from the 461 eligible
articles, 409 lacked a user study or formal evaluation and were
excluded. A total of 52 articles met all criteria and were included in
the final analysis.
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4 Results

In this section, we first provide an overview of the collected studies,
summarizing their publication trends and application contexts. We
then examine how systems have defined stress as an inference target
and the indicators used (RQ1), investigate how these inferences
connect to intervention design and delivery (RQ2), and explore how
the systems have been evaluated in practice (RQ3).

4.1 Overview of the Reviewed Papers

Publication Trends. Figure 5 illustrates the publication years of the 52
selected papers. Interest in data-driven stress management systems
has steadily increased, particularly from 2020 to July 2025. The
number of publications peaked in 2024 with ten papers, and at least
one paper has appeared every year since 2009.

2008 2012 2013 2014 2015 2016 2017 2018 2018 2020 2021 2022 2023 2024 2025

Figure 5: A time-series chart shows the number of studies in
our corpus from 2009 to July 2025.

Stress Contexts. Across the 52 studies, we identified six primary
contexts: everyday life, workplace, laboratory-induced stress, par-
enting and caregiving, driving and commuting, and academic set-
tings (Table 1). Everyday life stress was most common, often cen-
tered on students’ routines and wellbeing[38, 45], with some work
extending to military personnel [105] and close relationships [36].
Workplace stress was the second largest category, spanning office
work [107, 108], remote work [33], and high-pressure professions
such as healthcare and emergency response [5, 34], highlighting
tensions between productivity and wellbeing. Lab-induced stress
was elicited through controlled tasks, ensuring reliable ground truth
labeling. Typical tasks included socially stressful interactions [82],
virtual job interviews [2], Stroop or mental arithmetic tests [7, 101],
and game-based stressors [68, 69]. Parenting and caregiving con-
texts, though less examined, highlighted relational and distributed
stress across families and care teams. Studies explored stay-at-home
mothers managing childcare [37, 89], parent-child learning inter-
actions [102], school-based autism support [41], and caregiving
for individuals with intellectual disabilities or dementia [30, 48].
Driving and commuting stress was investigated in both simulations
and real-world contexts, including controlled driving tasks [58, 59],
long-distance driving [98], and everyday commuting scenarios [26].
Finally, academic stress was examined in a single study, which
focused on classroom and learning settings [9].

4.2 Stress Tracking Methods

To answer RQ1, we analyzed how each study defined stress as an
inference target, measured stress indicators using different sensing
modalities, and modeled these indicators to detect stress.
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Table 1: An overview of contexts for stress tracking-based
intervention systems.

Number of

Context Percentage (%)

Studies
Everyday life stress 18 35
Workplace stress 13 25
Lab-induced stress 8 15
Parenting/Caregiving stress 7 14
Driving/Commuting stress 4 8
Academic stress 1 2

4.2.1 Stress Constructs as Inference Targets. Our analysis reveals
that prior work has predominantly operationalized stress into two
core constructs: Psycho-Physiological Stress and Subjective Stress.
Of the 52 studies reviewed, 22 targeted Psycho-Physiological Stress
and 20 focused on Subjective Stress. Exposure Stress was a less
common target, appearing in 7 studies. There were also hybrid
approaches that integrated multiple constructs, found in 3 studies.

Psycho-Physiological Stress defines stress as the body’s direct,
measurable reaction. Within this construct, two main inference
targets appeared: Physiological Stress, where stress was treated as
changes in biosignals (e.g., EDA, HRV), and Affective Stress, where
stress was inferred from facial expressions. In most systems, physio-
logical stress was defined directly from sensor data using threshold-
based rules. A notable exception is the study by Verma et al. [98].
In their work, physiological data were used as the ground truth
to define high-stress states in a driving scenario. Their system in-
ferred stress by analyzing behavioral indicators (e.g., speeding, hard
braking) and exposure indicators of the driving environment (e.g.,
vehicle speed, congestion levels, road types).

Only one study targeted affective stress, operationalizing it through
facial expression analysis. In this case, stress was defined by ob-
servable affective cues (e.g., eyebrow distance, emotion categories
such as ‘anger’ or ‘neutral’). [60]

Subjective Stress defines stress as an individual’s perception and
appraisal of their own state. In most cases, the inference target is
the user’s self-report, though a few studies also relied on external
appraisals provided by family caregivers or clinical staff [30, 48].
Our analysis shows that this construct was operationalized in three
main ways. First, some studies either mapped stress levels directly
from reported values or derived them by applying simple thresh-
olds (e.g., stressed vs. not stressed) [38, 65]. Second, in other cases,
subjective reports served as ground truth labels for modeling. The
target was the self-reported stress state, while the indicators were
drawn from diverse data sources such as behavioral and exposure
signals (e.g., activity, workload, social setting) [15, 24] or physiolog-
ical measures [30]. Third, nine systems elicited subjective reports
in response to specific probes. In these studies, physiological or
exposure indicators functioned as triggers for collecting subjective
stress. For example, stress EMAs were administered at the time of
calendar event registration to record anticipated stress [53].

Exposure Stress was the least common construct, appearing in
seven studies. In this category, stress was defined directly through
exposure to external stimuli (e.g., simulated job interviews) [2].

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

Most studies utilized physiological indicators to infer exposure
stress states (e.g., increased heart rate while involving in interview-
ing) [2, 70], typically under controlled lab settings. An exception
was the work of Jo et al. [37], which adopted a personal informat-
ics perspective. In their study, exposure stress was self-tracked by
participants across contextual dimensions such as activity, social re-
lationships, and time of day. Rather than inferring stress, the system
supported users in reflecting on these contextual indicators to better
understand their own stress and its situational correlates [37].

Hybrid approaches were found in three studies. One system com-
bined psycho-physiological stress and exposure stress, computing a
stress score by averaging five normalized signals (i.e., email volume,
calendar density, time of day, negative-positive facial expression
activity, and heart rate) [33]. Two additional studies combined sub-
jective and physiological constructs. Ren et al. [78] directly mapped
both indicators for visualization purposes. Wakschlag et al. [100]
applied a rule-based scheme. A day was marked as high-risk for
stress if either subjective stress or physiological stress was elevated.
This approach primarily addressed missing data.

4.2.2  Stress Indicators. While stress constructs define what counts
as stress (i.e., the inference target), stress indicators specify how it
was measured. Stress tracking systems capture different facets of
stress indicators, which can be grouped into four primary dimen-
sions: physiological (e.g., PPG/EDA), expression (e.g., facial/vocal ex-

pression), subjective (e.g., self-reported stress), and behavioral/exposure

(e.g., work hours, noise levels). These indicators can be directly used
to define stress for intervention delivery or to indirectly infer stress
(e.g., using behavioral indicators to infer subjective stress, or using
physiological indicators to infer exposure stress). Furthermore, it is
possible to track multiple stress indicators; a total of 25 studies used
two or more indicators (e.g., physiological with perceived) to pro-
vide a more robust operationalization of stress constructs. Table 2
summarizes the distribution of studies across these categories.

To illustrate how these categories have been operationalized, we
describe each in turn with representative data sources, raw signals,
and derived features. Table 3 provides a structured overview.

Subjective indicators relied on participants’ subjective reports
of stress, most commonly captured through ecological momen-
tary assessment (EMA) or short mobile questionnaires. These re-
ports reflected stress intensity and emotions, and were often used
as standalone detection targets or as ground truth for validating
sensor-based approaches [38, 45, 90].

Physiological indicators are the most prevalent and primarily fo-
cused on autonomic arousal. Wearable devices such as wristbands
and smartwatches (e.g., Garmin, Empatica, Fossil) were commonly
used to capture physiological signals, including ECG, PPG, or EDA,
from which features such as heart rate, heart rate variability, and
skin conductance were derived [36, 58, 82]. Chest-worn devices
collected ECG and respiration [82, 107], while fNIRS and EEG head-
bands were used in laboratory studies to measure hemodynamic or
brain activity [7, 101]. Other form factors included sensors clipped
to the ear [26] or worn on the hand and fingers [93, 102]. Across
these modalities, derived features largely served arousal estimation
(e.g., HRV indices, skin conductance levels, respiration rate).

Expression indicators, though less common, represent expressive
cues of stress. Webcams, facial landmark analysis, and video-based
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Table 2: Distribution of papers by stress indicators.

Stress Indicators

Subjective  Physiological Expression Behavioral / Exposure Papers Total
v [34, 55, 65, 90, 112] 5
v [5,9, 26, 31, 36, 41, 49, 58, 68, 69, 77, 82, 93, 99, 101, 102, 107-110] 20
v [60] 1
v [37] 1
v v [30, 54, 62, 63, 78, 89, 100, 105] 8
v v [48] 1
v v [15, 24, 38, 39, 45, 53] 6
v v v [17] 1
v v [2,6,7, 21, 59, 70, 87, 98] 3
v v v [33] 1

emotion recognition were used to capture stress-related affective
states [33, 60], while one study employed acoustic features of speech
(e.g., tone, speed, tenor) [48]. These approaches derived features
such as facial expression dynamics or prosodic variations.

Behavioral and exposure indicators capture stress-related changes
in daily routines and technology use or situational demands that
trigger stress. Smartphones provided data such as GPS traces, ac-
celerometer readings, app usage, and call logs [45], while wear-
able sensors such as shoe-mounted IMUs tracked movement pat-
terns [24]. In workplace and driving contexts, stress was inferred
from computer logging (e.g., email, calendar, keyboard/mouse ac-
tivity) [33] or vehicle-mounted sensors (e.g., speed, acceleration,
braking) [98]. Features derived from these sources emphasized rou-
tines, workload, mobility, and activity patterns. In some cases, con-
textual information such as activity type or location was collected
via self-reports rather than sensors [37-39]. In addition, behavioral
data were sometimes used not as direct indicators of stress, but
to provide situational context (e.g., step counts or physical activ-
ity levels [17, 87]) or to filter out motion artifacts. For example,
accelerometer data were used to identify periods of intense move-
ment that could distort physiological signals [49, 63, 105].

Taken together, these approaches demonstrate how diverse modal-
ities, including physiological, behavioral, perceived, and affective
features, have been leveraged to operationalize stress detection.

4.2.3 Sensing Devices. As shown in the table 4, most studies relied
on commercial wearable devices such as Empatica, Garmin, Sam-
sung, and Shimmer, with only a limited number utilizing custom-
built sensors. Specialized companies, such as Empatica, Shimmer,
Plux, BioStamp, and Thought Technology, fulfilled niche demands
for specific physiological signals, particularly in research contexts.
Notably, devices designed for research purposes generally retailed
for over $1,000, reflecting the high costs associated with advanced
sensing capabilities.

Mainstream consumer brands, such as Garmin, Samsung, and
Fossil, were also selected, predominantly for smartwatch-based
sensing, with prices typically under $500. This pricing and position-
ing difference highlights a clear divide between research-oriented
manufacturers and consumer electronics companies. Wrist-based
devices were the dominant choice; however, other locations such

as the chest (ECG bands/patches) and ear (PPG clips) remained
essential for capturing specific physiological signals. In particular,
chest-worn ECG bands were notable for their relatively low cost,
making them a popular option for heart signal acquisition.

In summary, the landscape of wearable device selection in re-
search demonstrates distinct segmentation based on device pur-
pose and cost, with high-priced research models serving specialized
needs, and cost-effective consumer wearables supporting broader
usage. Signal type and sensor placement further define device
choice for stress sensing in this field.

4.2.4  Stress State Inference. Stress indicators can be directly used
as measures for stress (e.g., subjective or exposure indicators) or
indirectly used to infer stress states via machine learning. Out of the
52 papers, 41 developed modeling approaches using rule-based or
machine learning methods, typically relying on ground truth labels
from controlled stimuli, self-reports, or physiological thresholds.
The 11 studies emphasized descriptive reporting or visualization
without explicit classification [5, 26, 34, 37, 39, 53, 55, 70, 78, 93, 108].
Below, we describe how ground truth labels were obtained and
summarize how stress states were modeled based on these labels.

Ground Truth. Rule-based or machine learning methods re-
quire ground-truth data for configuring rules or training machine
learning models. For classifying stress states from collected features,
prior studies obtained ground truth labels using three common
strategies: stimulus-driven, subjective, and physiological response
labeling. Stimulus-driven labeling marks task segments intended to
elicit stress, subjective labeling typically operationalizes perceived
or observed stress, and physiological labeling captures responses
to a stress stimulus.

Stimulus-driven labeling is based on the concept of ‘exposure
stress’ (or causative stress). Ground truth labels are given when an
individual is exposed to a stress stimulus. Traditionally, stimulus-
driven labeling follows strict protocol-defined task segments (e.g.,
baseline: no stress vs. induction: stress). Widely used stress-induction
protocols include the Trier Social Stress Test (TSST), a computer
version of the Paced Auditory Serial Addition Task (PASAT-C), the
Stroop color-word test, mental-arithmetic tasks, and the Cold Pres-
sor Test (CPT). In these designs, baseline and induction segments
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Table 3: Overview of stress indicators with representative data sources, raw signals, and derived features. Derived features
are grouped by related stress constructs: subjective experience (perceived stress level, emotions, anticipation), physiological
activation (e.g., HRV, EDA, respiration, thermal and neural signals), and behavioral or exposure context (e.g., activity, workload,
driving behavior, pose). Abbreviations are listed and explained in Appendix A Table 8.

Stress Indicators | Data Source Raw Signals Derived Features Paper
Perceived stress level [24, 34, 38, 39, 45, 54, 55, 63, 65, 100, 112]
Mobile Subjective emotions [62, 89, 90]
Self-report Anticipated stress level [53]
Subjective Wearable Perceived stress level [87]
Indicator PC Perceived stress level [17]
Labeling from care- | Perceived stress level [30]
External report ) — -
givers Subjective emotions [48]
ECG HR/HRV [6, 26, 30, 41, 68, 69, 82, 100, 107]
EDA SCL/SCR £23,]5, 6,9, 17, 21, 30, 49, 58, 68-70, 78, 87,
[2, 17, 21, 26, 36, 41, 54, 62, 63, 78, 87, 89,
PPG/BVP HR/HRV 99, 102, 105, 108, 110]
Wearable RESP RESP [6, 68, 69, 93]
SkinTemp Thermal features [21, 87]
BP BP features [6, 93]
o EEG EEG [101]
Physiological
Tadicator f\l}jiks (HEO, II{H?) HR/HRV 7]
ideo signal (re-
. mote PPG) HR/HRV [33]
amera
SkinTemp Thermal features [109]
Vehicle-embedded [59]
S EDA SCL/SCR
Hand-held biosen- (31]
sor
Chair-embedded BCG HR/HRV (7]
sensor
Expression Camera Video signal Facial expression [33]
Indicator Microphone Acoustic signal Voice tone, Tenor, Speed [48]
Activity, Location, Social set- _
ting [37-39, 45]
Mobile Self-report Time [37-39]
Sleep, Phone usage [45]
Calendar event [53]
) Wearable Motion (ACC, Gyro) | Movement [24, 87]
Behavioral & PC Computer/OS  log- (33]
Exgosure ging data
Indicator . Patients per cate- | Workload
Hospital informa- .
; gory, Supervision [15]
tion system
status
. Speed, Location, Accelera-
Vehicle-embedded | GPS, IMU tion/deacceleration 98]
sensor Pressure Pose movement [59]

are directly labeled as “not stressed” and “stressed” [2, 82, 101]. Sim-
ilarly, Dongre et al. [21] used the standardized WESAD dataset [71],
which provides protocol-defined segments (e.g., public-speaking
and mental-arithmetic blocks).

Beyond these standard lab protocols, Madrid et al. used driving-
simulator conditions as labels [59]. Baseline was obstacle-free or
low-difficulty car-following; stress was complex urban driving with
adverse weather or limited visibility, pedestrian/vehicle hazards,
phone interruption, and concurrent mental arithmetic. Exposure
stress can be extended beyond lab settings; for example, in the
workplace setting, Howe et al. [33] defined cognitive workloads
(e.g., emails, meetings) or Park et al. [66] used emotional workloads
(e.g., emotionally demanding customer calls).

Subjective labeling is based on the concept of ‘subjective stress,
which can be self-reported by individuals (i.e., reporting perceived

stress levels) or reported by external observers (i.e., reporting ob-
served stress levels). In lab settings, perceived stress was recorded
immediately after each protocol-defined segment or concurrently
during tasks. For example, Yun et al. [109] collected minute-by-
minute in-game ratings and a post-game survey. Elvitigala et al. [24]
used a dataset from a prior study. The dataset [23] induced stress
using Stroop, Minesweeper, and mental arithmetic tasks, and in-
duced relaxation using introductory or nature videos. After each
segment, participants reported stress on a 7-point Likert scale, and
these labels were used to train a classifier.

In everyday life, self-reports were collected using the Experience
Sampling Method (ESM), also known as Ecological Momentary As-
sessment (EMA). ESM schedules varied across studies. For example,
schedules included prompts every four hours [45], approximately
every 1 to 1.5 hours [38, 39], and every 30 minutes during work
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Table 4: Summary of wearable devices used for stress sensing, categorized by device type (Commercial, Custom, Etc.), body
location, device model, price range, and number of papers citing their usage. Price ranges were categorized into three ranges:

below $500, $500-$1,000, and above $1,000.

Type Body Location | Device Price Paper Total
Empatica E4 > $1,000 [2,5,9,17, 78] 5

Empatica EmbracePlus > $1,000 [21] 1

Garmin (VivoActive, VivoSmart, Venu) | < $500 [36, 89, 99, 105] 4

Fossil Sport < $500 [63] 1

Wrist Samsung Galaxy Watch 6 < $500 [62] 1

Not Specified (Android Wear 2.0) N/A [54] 1

Philips DTI-2 N/A [49] 1

imec Chill+ N/A [87] 1

Mio Fuse < $500 [41] 1

Hand Shimmer EDA sensor $500 - $1,000 [68] 1

Thought Technology FlexComp Infiniti | > $1,000 [69] 1

Commercial Finger Théught Technolog?/ Biograph inﬁr?iti > $1,000 [93] 1
Ear Shimmer 3 PPG optical pulse ear-clip $500 - $1,000 | [26] 1

Head Macrotellect BrainLink < $500 [101] 1

Polar H7 < $500 [41] 1

Chest Z?phyr Bioharness BT < $500 [68, 69] 2

BioStamp > $1,000 [100] 1

Aidlab < $500 [107] 1

Shimmer 3 ECG $500 — $1,000 | [26] 1

Torso Movesense ECG patch < $500 [30] 1

Plux wireless biosignal toolkit > $1,000 [82] 1

Thought Technology Biograph infiniti > $1,000 [93] 1

Shoe MBIENTLAB IMU < $500 [24] 1

Foot Metafas SentiSock N/A [30] 1

Finger N/A [6, 70, 102, 110] 4

Custom Arm Custom-built sensor N/A [58] 1
Head N/A [7] 1

Etc - Not specified N/A [6] 1

hours (about ten per day) [110]. Response formats were Likert-type,
most commonly 5-point [34, 37-39, 53]. Three-point [45] and seven-
point variants [23] were also used. One study used a standardized
questionnaire, the Perceived Stress Scale (PSS) [112]. When exter-
nal observers are involved in rating, they can do in-situ labeling
or post-hoc labeling (or retrospective affect judgment) [13]. For
example, caregivers provided proxy labels by annotating stress and
relaxation events [30].

Physiological response labeling refers to using physiological sig-
nals as the ground truth for stress, under the assumption that they
reliably reflect stress responses to external stimuli. In most studies,
these signals themselves were treated as the target. In a smaller
number of cases, physiological responses served as ground truth
against which models inferred stress from other modalities such as
behavioral or expressive indicators [3, 98].

This approach is implemented through physiological thresholds,
either as fixed cutoffs or as personalized baselines via per-participant
calibration. For fixed cutoffs, Xue et al. [107] labeled stress when
ECG-derived HRV fell below a predefined threshold, specifically
RMSSD <50 ms. Personalized thresholds were operationalized in
two main ways. First, baseline-referenced methods established per-
participant baselines and defined stress as deviations from these
baselines; for example, relative changes in EDA, HRV, and breath-
ing rate after paced breathing [68, 69], absolute distance from a
three-minute EDA baseline [58], and child-specific heart rate zones
calibrated from resting heart rate [41]. Second, distribution-based
methods converted physiological signals into categorical stress

levels by segmenting each participant’s data distribution. For ex-
ample, skin-conductance values were divided into ordinal arousal
levels [49], and algorithmic discretization methods were applied to
map raw GSR signals into 0-5 stress levels [9].

Modeling. Most studies classified stress as a binary state, dis-
tinguishing between stressed and not stressed [24, 58, 107, 110]. A
minority adopted multi-level targets. For example, Kim et al. [45]
used three ordinal categories (Low, Moderately High, High), and
other work used four-level ordinal labels (no stress, low stress,
medium stress, high stress) [99].

For detection, we observed two categories of approaches. First,
data-driven models ranged from simple statistical methods to clas-
sic machine learning and deep learning models. Some studies used
statistical or regression models, such as multiple regression with
a logit link [15]. Classic classifiers such as LDA [24], kNN [6, 7],
SVM [6], decision trees [59], random forests [2, 38], and gradient-
boosted trees (XGBoost) [45] were trained on multimodal features
from wearables, phones, and context logs. Deep learning mod-
els, including one-dimensional CNNs [21] and multi-task learning
networks [98], were also employed. Across these studies, labels
were sourced from self-reports, stimulus protocols, or physiological
thresholds, depending on the research design.

When these models were evaluated, accuracy and F1 were com-
mon metrics [24, 45], and AUC was also reported in some work [26,
98]. Reported performance for binary classification typically clus-
tered around the mid 80% range. For example, Kim et al. reported
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84.3% accuracy and an 84.1% F1-score for an LDA classifier [45],
Dongre et al. achieved 85.1% accuracy and an 89.0% F1-score with
a 1D CNN on the WESAD dataset [21], and other settings reported
AUCs spanning from approximately 0.73 to 0.91 [98].

Second, rule-based detectors inferred stress by applying explicit
cutoffs to physiological features. These deterministic rules were ei-
ther fixed or personalized. Fixed, population-level rules used preset
limits without per-participant calibration. For instance, classifying
stress based on HRV SDNN falling below 50 ms [107], using the
LF/HF ratio from three-minute HRV windows [110], or mapping
Garmin’s proprietary stress score to predefined bands (e.g., 0-25
for no stress, 26-50 for low stress) [99].

Personalized rules, in contrast, are adapted to individual base-
lines. For instance, one study flagged stress when a participant’s
EDA dipped below their personal three-minute baseline for more
than two seconds [58]. Another computed a user-specific stress
score by averaging five normalized indicators (email volume, calen-
dar density, time of day, facial expression, heart rate) referenced to
a first-week baseline [33]. Other personalized approaches involved
calibrating an individual’s HRV range during dedicated relaxation
and activity periods [77] or flagging stress when RMSSD dropped
below 80% of a user’s baseline [102].

Evaluation of these deterministic detectors was often limited.
Some papers relied on correlation with self-reports. Howe et al. [33]
validated their score using Pearson correlation (r = .20, p < .01)
rather than classification metrics. Zhang et al. [110] also analyzed
the correlation between stress and sleep stage (lower stress during
deep sleep, higher during REM sleep).

Finally, in addition to detectors that aimed to produce direct
stress classifications, many systems leveraged trigger-based or hy-
brid workflows. Automated detection served not as the final output
but as a mechanism to prompt or validate self-reports, effectively
coupling objective physiological events with in-the-moment sub-
jective annotations. For example, Song et al. used a threshold (top
25th percentile of the previous day’s HRV-derived stress) to detect
high-stress moments and trigger a request for a self-report annota-
tion [89]. Other systems used physiological triggers to prompt users
to confirm and label the context of a potential stress event [54, 87].
Several systems also consumed predictions from pre-trained or
proprietary black-box models as triggers for user labels [62, 63].

Human-in-the-loop Model Calibration. While the majority
of studies relied on static ground truth labels, feedback was utilized
in some works to refine models through calibration. For instance,
Kim et al. [45] implemented a human-in-the-loop approach that
allowed users to adjust the system’s stress predictions. These user
corrections served as dynamic labels to retrain the XGBoost model,
thereby personalizing the inference engine over time.

4.3 Intervention Strategies

To address RQ2, we examined intervention strategies across three
dimensions: the delivery platforms, the intervention contents tar-
geting stress constructs, and the timing of intervention delivery.

4.3.1 Intervention Delivery Platform. Intervention delivery can
happen via diverse platforms, such as mobile, wearable, desktop,
public display, IoT, and AR/VR devices, and user interactions range

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

from graphical user interfaces to haptic and conversational interac-
tions. Across the reviewed systems, mobile applications emerged
as the dominant intervention platform, often integrated with wear-
ables such as smartwatches or physiological sensors [34, 54, 55].
Mobile apps enabled just-in-time delivery of feedback, visualization,
and personalized coping recommendations in daily life settings [45,
53, 110]. Wearables, including custom wristbands and commercial
smartwatches, were frequently used to provide continuous sensing
and biofeedback through haptic or visual cues [7, 31, 58].

Beyond mobile and wearable platforms, several studies explored
alternative modalities tailored to specific contexts. Desktop and
web systems were commonly used in workplace and lab-induced
settings [15, 33, 49, 93]. In workplace contexts, shared public dis-
plays were also employed to externalize stress data collectively and
support team reflection [5, 107, 108]. Emerging modalities included
LLM-based chatbots that provide conversational coaching [21, 62],
as well as embodied and IoT-based environments (e.g., social robots,
ambient lighting systems) [60, 102]. VR applications were also used
to create immersive environments for reflection [99].

4.3.2  Intervention Content. To understand how intervention con-
tent has been designed in prior work, we organized the strategies
reported in the literature into several broad categories. To ensure
a rigorous classification, we employed an inductive analysis ap-
proach using affinity diagramming. Three researchers indepen-
dently extracted intervention descriptions from the selected papers
and iteratively clustered them based on functional similarity. Any
discrepancies in categorization were resolved through discussion
between the researchers until full consensus was reached. We iden-
tified eight categories across the literature: Visualization and Ex-
ternalization, Biofeedback for Physiological Awareness, Cognitive
Therapy and Reframing, Mindfulness and Relaxation Techniques,
Social Support (Emotional), Activity Suggestions and Proactive
Planning, Social and Organizational Support (Instrumental), and
Environmental and Task Adaptation. This classification serves as
an analytical tool rather than a rigid taxonomy; the boundaries are
not mutually exclusive, and many interventions combine elements
of both stages.

Before examining each category in detail, an overview of how in-
tervention contents have been distributed across stress constructs is
presented in Figure 6. For psycho-physiological stress, intervention
systems relied predominantly on visualization, with biofeedback
being the next most common strategy, while coping strategies like
Cognitive Behavioral Therapy (CBT) were used only to a limited
extent. While visualization also remained the most common in-
tervention for subjective stress, these systems more frequently
employed CBT, mindfulness, and activity planning. Although hy-
brid pipelines were relatively rare, they all included more than
one type of intervention content; for example, one study combined
physiological and exposure signals to deliver CBT, mindfulness,
and activity suggestions [33]. Across categories, visualization and
externalization emerged as the most common intervention strategy,
whereas emotional social support appeared only in niche contexts
such as family or parenting [37, 89].

To systematically categorize the landscape of stress interven-
tions, we draw on Lazarus and Folkman’s transactional model of
stress and coping [52]. In this model, stress arises when an external
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Figure 6: Distribution of Intervention Content by Stress Construct.

stressor is subjectively appraised, leading to subsequent responses
that include both bodily reactions and coping strategies. Following
this perspective, we categorize interventions into two broad groups:
appraisal-focused approaches that primarily target the appraisal
stage, enhancing awareness and subjective interpretation of stress,
and coping-focused approaches that act at the response stage, guid-
ing users toward concrete coping strategies. An overview of how
the identified intervention categories are distributed across these
two groups is provided in Table 5.

Appraisal-focused approaches. The appraisal-focused approach
includes interventions that primarily support reflection or aware-
ness without directly guiding users toward a specific coping action.
Among the eight categories identified above, two correspond to
this group: Visualization and Externalization and Biofeedback for
Physiological Awareness.

Visualization and Externalization. These interventions foster
awareness by displaying stress data through dashboards [24, 41, 45,
63] or sharing displays with others [36, 107, 108]. Other forms of
externalization include physical interfaces that manifest a user’s
real-time affective state [58] and immersive VR environments that
visualize stress patterns [99].

Biofeedback for Physiological Awareness. Although biofeedback
has traditionally been associated with coping, the HCI systems in
our review [31, 55] often utilize biofeedback to foster interocep-
tive awareness [83, 91], which is the ability to sense, interpret, and
integrate internal body signals, such as heart rate and emotion.
Strengthening interoceptive awareness improves the mind-body
connection, emotional regulation, mental and physical health, and
promotes mindful decision-making [42]. These interventions pro-
vide real-time feedback on physiological signals, such as through

haptic vibrations [7, 31, 59] or visual cues like graphical displays [55,
59, 70] or ambient light [77]. For instance, Zhang et al. introduced
a respiration-based biofeedback system that dynamically adjusted
breathing frequency based on its stress-alleviation effect [110]. The
core technical contribution lies in making invisible physiological
signals perceptible, thereby enhancing the user’s self-awareness
and understanding of their body’s response to stress.

Coping-focused approaches. In contrast, a coping-focused ap-

proach comprises interventions that move beyond reflection and
actively guide users toward stress-coping behaviors. Following
Lazarus and Folkman’s framework [52], we distinguish between
emotion-focused coping, which regulates the emotional response
to stress, and problem-focused coping, which targets the source of
stress or its situational demands. Within each type, we identified
several categories of interventions.
Emotion-Focused Coping. These interventions primarily help
users regulate emotions and reframe stressful experiences, fostering
emotional regulation skills and encouraging more constructive
interpretations of stressful situations.

Cognitive Therapy and Reframing. This category includes inter-
ventions grounded in principles from Cognitive Behavioral Therapy
(CBT), positive psychology, and meta-cognitive strategies, which
guide users in actively modifying negative thought patterns [65].
One prominent type involves guided cognitive exercises, which
are often delivered as prompts or structured interfaces. These tech-
niques range from positive self-talk reminders [24], cognitive re-
framing, and positive reinterpretation [33, 53], to guided practices
such as journaling [62, 105]. For instance, recent work by Zhao
et al. [112] introduced a guided gratitude journaling system that
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Table 5: Overview of distribution of intervention contents across categories.

Stage Type Sub-Category

Example Interventions

Appraisal

. Awareness /
(Stress perception

Visualization & Externalization

Dashboards, shared displays, physical interfaces,
immersive VR visualization

Appraisal-F d
and interpretation) ppraisal-focuse

ness

Biofeedback for Physiological Aware-

Haptic feedback, visual feedback, socially guided
biofeedback

Cognitive Therapy & Reframing

CBT-based exercises, positive self-talk, cognitive
reframing, journaling, LLM-based counseling,
VR-based exposure training

Emotion-Focused

Guided breathing, PMR, mindfulness meditation,

Coping Mindfulness & Relaxation sensory relaxation tools (e.g., warm stone)
Response Social Support (Emotional) Pger/famlly/partner connections, emotional
(Coping and stress disclosure, group workshops
management)

Planning

Activity Suggestions & Proactive

Micro-interventions (music, walking), habit
formation, counterfactual/context planning

Problem-Focused
Coping mental)

Social/Organizational Support (Instru-

Supervisor/teacher workload adjustment, team-
based resource management, task allocation
optimization

Environmental & Task Adaptation

Notification control, adaptive lighting/music, task
or game difficulty adjustment

scaffolded writing through structured prompts and employed gen-
erative Al to automatically create illustrative diary cards from user
entries, providing a multi-modal and shareable form of positive
reflection.

A second emerging type specifically leverages Large Language
Models (LLMs) to power conversational agents and chatbots that
deliver CBT-based dialogue and psychotherapy [21, 34, 62]. Finally,
leveraging the behavioral component of CBT, some systems focus
on skill training and exposure, using technologies like VR to create
simulated environments where users can practice and rehearse
coping skills, such as for job interviews [2].

Mindfulness and Relaxation Techniques. This category consists
of interventions that guide users through specific physical or men-
tal exercises to actively regulate their stress response. It includes
structured practices like guided deep breathing, Progressive Muscle
Relaxation (PMR), and mindfulness-based interventions such as
body scan meditation [48, 105]. For example, one system employed
an interactive social agent that provided instructions, managed the
training flow, and delivered verbal feedback to support techniques
such as conscious breathing [82]. This category also encompasses
sensory relaxation tools, such as a warm stone [6].

Social Support (Emotional). Interventions in this category mediate
emotional social support by prompting peers, family members, or
caregivers to connect with the user in stressful moments [30, 89,
102], or by fostering group reflection and workshops [5, 37]. In
addition, one system delivered empathic responses directly through
a social robot [60].

Problem-Focused Coping. These interventions directly address
the causes or situational demands of stress by helping users plan,
adapt, or restructure their environment.

Activity Suggestions and Proactive Planning. This category pro-
vides actionable guidance that can be divided into two types: im-
mediate suggestions for in-the-moment relief and proactive tools
for future planning. The first type, immediate activity suggestions,
refers to micro-interventions recommending short breaks or di-
versions. This includes offering mood boosters like music or short

videos [6, 24, 33], or encouraging physical activities like a walk
based on behavioral data [24, 45]. Some systems deliver these sug-
gestions in a personalized manner, offering location-based tips or
using companion robots to provide timely advice [60, 90]. The sec-
ond type, proactive planning, helps users manage future stress by
preparing for events or adjusting contexts [53]. For instance, some
systems help users form proactive habits by setting implementation
intentions (“if-then” plans) [55], while others provide data-driven,
counterfactual suggestions for altering future contexts based on
historical data [38]. Note that these activity suggestions can serve
both as emotion-focused coping (i.e., to manage the emotional re-
sponse to stress) or, if the activity is part of a strategy to address the
stressor directly or restructure the situation, it can be considered
problem-focused coping. Thus, the categorization of these inter-
ventions can depend on how they are used in context, either to
alleviate emotional distress or tackle the root causes of stress.

Social and Organizational Support (Instrumental). This involves
organizational or structural interventions, which modify workplace
or institutional processes. This includes systems that empower
supervisors or teachers to adjust workloads or implement coping
strategies based on stress data [34, 41, 93], and decision support
systems that optimize task allocation, such as patient-to-physician
assignments, to mitigate stress [15].

Environmental and Task Adaptation. These interventions adapt
the user’s environment or tasks in response to detected stress, such
as toggling notifications [24], dynamically adjusting lighting [77]
and music [101], or modifying task difficulty to maintain engage-
ment [68, 109].

4.3.3 Intervention Timing. The delivery timing of interventions in
the reviewed studies can be categorized into four types: just-in-time,
on-demand, ambient, and pre-scheduled. Many systems integrated
multiple timing strategies to provide comprehensive support. As
illustrated in Figure 7, the choice of timing was often associated
with the target stress construct. Just-in-time interventions were
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Figure 7: Distribution of Intervention Timing by Stress Construct.

predominant for psycho-physiological stress, while on-demand
approaches were most common for managing subjective stress.

Just-in-time interventions, defined as those delivered at the onset
of the target behavior to be mitigated [43], were the most prevalent
strategy, appearing in 30 studies. These interventions were typically
triggered by real-time physiological thresholds [7, 31, 58] or specific
behavioral patterns, such as prolonged sedentary behavior [24,
77]. The frequency of these interventions was inherently event-
driven rather than fixed. In most cases, the frequency was not
explicitly limited, as the intervention was triggered whenever the
stress-related criteria were met [45, 58]. However, to avoid being
intrusive, some systems imposed a cap, such as a maximum of four
interventions per day [33]. In other designs, the frequency was made
user-configurable, allowing individuals to adjust the sensitivity by
setting their own thresholds for stress levels or sedentary time [24].

On-demand interventions, which can be accessed by the user
whenever they choose, were also highly common, found in 24 stud-
ies. This modality was primarily used for two distinct purposes:
retrospective reflection, where users reviewed past data on dash-
boards or in VR environments [5, 99]; and proactive access to coping
tools, such as initiating a chatbot conversation when needed [33].

Pre-scheduled interventions, which are planned in advance through
fixed schedules, alarms, or structured sessions, were reported in 12
studies. The frequency of these interventions varied across studies.
For example, some systems delivered regular stress reports at fixed
times throughout the day (e.g., 11 AM, 3 PM, 7 PM, 11 PM) [45],
provided reflective prompts or educational content on a daily or
weekly basis [21, 55, 63], or incorporated structured workshops
held periodically over multi-week programs [37]. Other systems
enabled users to self-schedule interventions by registering future
events and setting reminder times [53].

Finally, Ambient interventions, which provide information occa-
sionally while remaining within the user’s periphery [44], were the
least common strategy, appearing in 3 studies. This approach was
most often implemented through always-visible shared displays in
workplaces [107, 108] or in-game indicators, such as a continuously
displayed breathing rate (BR) and arrow icons showing increases
or decreases throughout the game [69].

We also reveal the relationship between intervention content
and delivery timing (Table 6). It is important to note that many of
the 52 reviewed studies employed multiple intervention content
types, and a single content type could be delivered via multiple
timing strategies. Therefore, the counts in our analysis represent the
frequency of each specific content-timing pairing, not the number of
unique studies, and a single paper can contribute to multiple counts.
The most prominent pairing observed was On-demand timing with
Visualization & Externalization, which occurred 16 times. This
suggests a primary use case for on-demand systems as tools for
user-driven, retrospective reflection. In contrast, Just-in-time (JIT)
timing was strongly associated with interventions that prompt
immediate action. It was frequently paired with Biofeedback for
Physiological Awareness (10 instances), Mindfulness & Relaxation
Techniques (7 instances), followed closely by Cognitive Therapy
& Reframing (6 instances) and Activity Suggestions & Proactive
Planning (8 instances).

This table also shows that Cognitive Therapy & Reframing ap-
peared with relatively balanced frequency across the three main
timing strategies: JIT (6 instances), Pre-scheduled (6 instances), and
On-demand (9 instances). In contrast to this distribution, other
strategies were observed in more specific pairings. For instance, all
3 instances of Environmental & Task Adaptation were triggered via



Exploring Data-Driven Approaches to Stress Management Research

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

Table 6: Distribution of intervention timing by intervention content.

Intervention Timing

Intervention Content

Just-in-time

Pre-scheduled On-demand Ambient

Visualization and Externalization.

Biofeedback for Physiological Awareness
Cognitive Therapy and Reframing

Mindfulness and Relaxation Techniques

Social Support (Emotional)

Activity Suggestions and Proactive Planning
Social and Organizational Support (Instrumental)
Environmental and Task Adaptation

i + e
10 - 2 1
6 6 9 -
7 3 4 -
3 1 2 -
8 3 5 -
4 2 1 -
3 - - -

JIT, and Ambient timing appeared with Visualization & Externaliza-
tion (2 instances) as well as once with Biofeedback for Physiological
Awareness (1 instance).

4.3.4 Adaptive Intervention Strategies. Beyond static content de-
livery, a subset of studies employed feedback loops to dynamically
adjust intervention strategies, effectively establishing a closed-loop
system. This adaptation appeared in two forms: explicit feedback-
based learning and implicit control loops.

Explicit Feedback-based Learning. Some systems utilized machine
learning (ML) or reinforcement learning (RL) to optimize content
based on user input. PopTherapy [65] utilized a model that learned
from stress deltas (scores before and after intervention) to recom-
mend the most effective content. Similarly, Ko et al. [48] employed
an RL approach where the user’s binary evaluation of whether a
tip was “helpful” served as a reward signal, enabling the system to
learn and prioritize preferred strategies.

Implicit Closed-loop Control. In contrast, adaptation could also
occur without active user intervention. Akmandor et al. [6] adopted
an implicit control loop that monitored Heart Rate Variability (HRV)
in real-time, automatically switching to a different technique if no
physiological improvement was detected.

4.4 Evaluation Methods

To investigate RQ3, focusing on how these systems were validated,
we analyze the evaluation methods and metrics reported in prior
work. Detailed information on all 52 studies is provided in Appen-
dix B Table 9.

4.4.1 Evaluation Context. We categorized the 52 studies based on
four methodological aspects: study environment, target user group,
experimental design, number of participants, and study duration.
Study Environment. The results revealed that a majority of the
studies (N = 28) were conducted in field settings. This approach al-
lowed for the evaluation of systems in naturalistic contexts such as
workplaces [24, 33], universities [45, 53], and during daily life [63].
Conversely, 18 studies were conducted in controlled laboratory set-
tings, which enabled precise measurement of psycho-physiological
responses to standardized tasks or stimuli [2, 31, 58]. A small num-
ber of studies (N = 5) employed a hybrid approach, combining
in-situ data collection with lab-based evaluations [38, 39, 99]. Fi-
nally, one study was conducted in a showroom environment [77].

Target User Group. The reviewed literature addressed a diverse
range of participant groups, organized into several distinct clusters
of research focus. The most frequently studied population was
students (N = 15) and workers (N = 12). Student cohorts appeared
in both lab and field contexts [45, 82]. Worker-focused studies
primarily involved office and information workers (N = 8), with
additional research on healthcare professionals[15, 34], military
personnel [105], and teachers [49]. A small number of studies (N =
2) recruited cohorts of students and professionals to capture stress
experiences across both academic and workplace settings [63, 69].

Beyond these groups, some studies drew on the general popula-
tion (N = 9) for broad applicability [65, 110], while others examined
more specific contexts such as driving scenarios (N = 4) [58, 98].
Finally, a substantial cluster targeted clinical and family/dyadic pop-
ulations (N = 10), including individuals with Autism Spectrum Dis-
order (ASD) [2, 90], those with intellectual disabilities [30], and preg-
nant women [100]. Related studies also examined caregiver-patient
dyads [41, 48], parents of infants [89], parent-child dyads[102], and
couples or close friends [36].

Experimental design. The studies can be classified into three main
categories. Non-comparative designs were the most prevalent ap-
proach, used in 23 studies. These studies typically focused on the
feasibility and user experience of a system within one group [24, 63].
The remaining studies employed comparative designs to assess ef-
ficacy. Within-subjects designs were used in 14 studies, where all
participants experienced multiple conditions [45, 58]. Between-
subjects designs were used in 14 studies, comparing outcomes be-
tween distinct experimental and control groups [33, 53]. One study
used a comparative analysis based on simulation [15].

Number of Participants. Across the 52 reviewed studies, the num-
ber of participants varied substantially, reflecting differences in
research scope, feasibility, and target populations. The participant
counts ranged from as few as 2 individuals to as many as 214. The av-
erage number of participants was 35.9, while the median was 23, in-
dicating that half of the studies recruited fewer than two dozen par-
ticipants. The distribution was highly skewed, as several large-scale
studies (e.g., N = 100, N = 126, N = 214) [90, 100, 112] increased
the overall mean, while the majority of studies involved smaller
cohorts (Q1 = 12, Q3 = 36). The standard deviation was 39.07, sug-
gesting large variability in study sizes. This variation highlights a
trade-off in methodological practice: small-sized studies (N < 20)
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often enabled fine-grained, controlled evaluation of system feasi-
bility or mechanisms of effect [5, 58], whereas large-sized studies
(N > 70) were primarily conducted in field or hybrid settings to
assess broader applicability and ecological validity [33, 90, 100].
Mid-sized studies (20-40 participants) constituted the most com-
mon range, balancing practical recruitment and budget constraints
with the need for statistical robustness.

Study duration. The durations of the reviewed studies varied
widely, reflecting differences in research objectives. Mid-term stud-
ies (1 week to 2 months) were the most common (N = 24), partic-
ularly for field deployments evaluating user adaptation and real-
world effects [24, 33]. Short-term studies (< 24 hours), often single-
session, were characteristic of lab-based experiments (N = 18)
measuring immediate responses [31, 58]. Finally, six studies were
long-term (> 2 months), providing insights into sustained engage-
ment and longitudinal outcomes [30, 48, 98]. In addition, four lab-
based studies did not report study duration, limiting comparability
across designs.

4.4.2  Evaluation Metrics. To assess the effectiveness, usability, and
impact of the stress management systems, the reviewed studies
employed a combination of quantitative and qualitative metrics.
Quantitative metrics were primarily centered around four key areas:
changes in user stress, system usability, user engagement with the
system, and user perception of system performance.

Changes in Stress. The most common method for assessing stress
reduction was the use of validated psychological scales, typically
administered pre- and post-study. Commonly applied instruments
included the Perceived Stress Scale (PSS) [45, 55, 82], the State-Trait
Anxiety Inventory (STAI) [31, 107], and the Depression, Anxiety
and Stress Scale (DASS) [33, 105]. Several studies also examined
momentary stress changes using self-reported ratings collected
immediately before and after interventions [33, 60]. A subset of
studies measured stress objectively using physiological signals,
such as Heart Rate (HR), Heart Rate Variability (HRV), and Elec-
troencephalography (EEG) data [6, 26, 101].

System Usability and User Experience. To evaluate how easy and
satisfying the systems were to use, a majority of studies utilized
standardized usability questionnaires. The System Usability Scale
(SUS) was the most frequently employed metric [2, 24, 38, 41]. Other
standardized scales included the User Experience Questionnaire
(UEQ) [45, 82]. Additionally, many studies created their own ques-
tionnaires to assess specific aspects like comfort, satisfaction, and
perceived usefulness on Likert scales [58, 60].

System Usage and Engagement. User adherence, acceptability,
and engagement were primarily measured through the analysis of
system logs. The logs captured metrics such as the frequency and
duration of use, the number of features accessed, and the number of
interventions completed [24, 55, 63]. Questionnaires were also used
to measure concepts like willingness to use the system [31], user
engagement with the User Engagement Scale (UES) [99], and stan-
dardized measures of acceptability (AIM) and feasibility (FIM) [41].

User Perception of System Performance. Several studies quanti-
tatively evaluated how users perceived the system’s performance.
This included measuring users’ agreement with system-detected
stress levels [24] and their perception of the algorithm’s accuracy
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and trustworthiness [45]. Qualitative metrics were universally em-
ployed to gain a deeper understanding of the user experience and
the nuanced impact of the systems. The most common method
was semi-structured interviews conducted at the end of the study
period [24, 45, 55, 107]. Other widely used methods included diary
studies to capture in-situ experiences [38, 39], open-ended survey
questions for feedback [33, 65], and think-aloud protocols to observe
user interactions in real time [5]. These qualitative approaches were
primarily used to explore themes such as the system’s perceived
effectiveness and usability [24, 41], its impact on user self-reflection
and trust [45, 99], and suggestions for future improvement [33, 53].

5 Discussion

Based on our review, we discuss the design implications for future
stress management systems, organized into three key dimensions:
sensing, intervention, and methodology. Table 7 provides a com-
prehensive summary of the current challenges and corresponding
opportunities discussed in this section.

5.1 Stress Management System Design
Implications

Synthesizing our findings, we argue that stress management sys-
tems should be viewed not as isolated components but as socio-
technical pipelines where sensing, modeling, and intervention choices
create cascading effects on user experience. We structure implica-
tions around two dimensions: establishing a process-centric sensing
framework and designing adaptive, closed-loop interventions.

5.1.1  Toward Process-Centric and Multi-Construct Framework. Our
review in Section 4.2.1 reveals that the vast majority of current
studies (49 out of 52) focus on inferring a single stress construct,
heavily skewed towards appraisal or response. While valid for
detection, this fragmented approach oversimplifies the complex
stress process defined by Lazarus and Folkman [52], which unfolds
from a cause (stressor) through appraisal to a response, reducing it
to a single outcome metric. This reductionism leads to two critical
design failures: context loss and perceptual mismatch.

Context Loss and the Black Box. The absence of stressor data
creates a context vacuum. Systems present users with “what” hap-
pened (e.g., a physiological change) without explaining “why” it
occurred. This lack of causal information renders the sensing model
a “black box,” hindering users’ data literacy and their ability to in-
terpret or act on their own data [18].

Perceptual Mismatch and Prescriptive Pressure. A focus on
a single construct often leads to a discrepancy between the user’s
subjective feeling and the system’s external feedback. For instance,
a user might feel excited (positive appraisal), but the system flags
high arousal as stress. This cognitive dissonance can lead to dis-
trust [18] or, conversely, over-reliance, where users suppress their
own feelings to match the algorithmic judgment [19]. Crucially,
this risks shifting the role of emotion-aware technology from be-
ing a descriptive tool, which objectively reflects the user’s state,
to a prescriptive tool that dictates how one should feel. Such sys-
tems risk enforcing social norms (e.g., valuing constant calmness)
and diminishing user agency by invalidating justified emotional
responses [92]. This concern aligns with the design challenges
highlighted by Terzimehi¢ et al. [94]. Addressing the tension where
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Table 7: Summary of Design Implications and Methodological Recommendations

Category Current Challenges (Limitations)

Future Directions (Opportunities)

Sensing & Modeling

(Toward Process-Centric) creates a “Black-box”

« Perceptual Mismatch: Discrepancy between user

feeling and sensor data

« High User Burden: Intrusive collection of

multi-modal data

« Context Loss: Single-construct focus (Response-only)

» Multi-Construct Framework: Capturing Stressor
(Context), Appraisal, and Response

» Advanced Sensemaking: Causal discovery,
counterfactuals, and LLM interpreters

» Human-in-the-loop Calibration: Users label states
to correct ground truth

Intervention

(Toward Adaptive Agents) w/o addressing root causes

« Static Timing (Open-loop): Mis-timed JIT causes

interruption and fatigue

« High Attrition: Users disengage due to low relevance

« Generic Content: Symptom-oriented (e.g., breathing)

+ Closed-Loop Adaptation: Learning preferences via
MAB/RL algorithms

« Proactive Support Agents: Linking context to
solutions (e.g., study planning)

« Receptivity-Aware JITAI: User-controlled thresholds
and dynamic timing

Methodology
(Toward Rigor & Validity)

neglecting user experience

+ Deployment Barriers: Data inaccuracy and hardware

volatility

« Study Design: Predominance of non-comparative
(45%) and short-term (< 8 weeks) studies
« Evaluation Metric: Focus on efficacy/efficiency,

« Rigorous Validation: Prioritizing longitudinal RCTs
and comparative designs

« Experiential Evaluation: Mixed-methods to
understand “how” users experience systems

« Transparent Reporting: Sharing code/data and
documenting real-world challenges

external interfaces compete with internal attention, they argue that
systems should not replace human internal processing, but rather
act as mirrors that facilitate internal body awareness.

Design Implication: Multi-Construct Sensemaking and Cal-
ibration. To address these issues, future systems must transition to
a multi-construct data collection strategy that captures the full triad
of the stress process: the context (stressor), the user’s perception
(appraisal), and the bodily reaction (response). This aligns with the
personal informatics process model by Li et al. [56], which empha-
sizes a cyclical process of data collection, reflection, and behavior
modification. However, implementing such a framework presents
significant challenges, particularly regarding the burden of data
collection and the complexity of data analysis for sensemaking. Cap-
turing comprehensive multimodal data can be intrusive and prone
to quality issues. To mitigate this, systems should adopt automated
data management tools [40] to ensure data quality while minimiz-
ing user effort, alongside context-aware automatic journaling [61]
to reduce manual reporting burdens. Furthermore, to decipher the
complex interplay between these constructs and provide actionable
insights beyond simple visualization [14], we need advanced sense-
making tools, such as those supporting causal discovery [39] and
counterfactual ‘what-if” exploration [38]. Building on these analytic
foundations, we suggest leveraging Large Language Model (LLM)
agents as intelligent assistants for personal informatics [57, 79].
LLMs can enhance sensemaking by translating opaque sensor out-
puts into contextualized feedback (e.g., “Your stress index is high
this morning because your sleep quality was poor”).

However, bridging the sensemaking gap is not enough; systems
must also provide mechanisms to correct ground truth errors when

discrepancies arise. While our review indicates that only a small
subset of studies actively utilized user feedback to refine stress mod-
els, embracing human-in-the-loop calibration, where users explicitly
label or correct their state to retrain the system (e.g., [45]), is es-
sential. This approach corrects ground truth errors and transforms
the system from a prescriptive authority into a supportive tool that
respects user agency.

5.1.2  Human-in-the-loop and Personalized JITAI for Sustained En-
gagement. While receptivity is a critical success factor for interven-
tions, it is severely constrained by the sensing limitations discussed
above. The resulting lack of context leads to generic content and
rigid timing, which frequently discourages user engagement.

Generic Content and Static Just-in-Time Interventions. First,
regarding content, most studies neglect personalization, default-
ing to generic, symptom-oriented interventions (e.g., breathing
exercises). This limits receptivity, as prior work shows that content
relevance strongly shapes engagement [72]. Without addressing the
root cause (stressor), users may become dependent on temporary
symptom relief rather than building sustainable, problem-focused
coping capacity. Second, regarding timing, 30 studies employed
Just-in-Time (JIT) interventions triggered immediately upon stress
detection. However, Howe et al. [33] found that JIT interventions
delivered at unwanted moments led to lower satisfaction despite
high participation. This misalignment often results in intervention
fatigue and attrition over time, consistent with Eysenbach’s law of
attrition [25], as users disengage when systems fail to align with
their individual traits and goals [67].

Design Implication 1: Feedback-Driven Closed-Loop Adap-
tation. While the majority of prior studies focused on analyzing
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pre-post effects, we found that only a small subset (N=4) established
a closed-loop system. Crucially, to sustain long-term engagement,
such loops must utilize user feedback for a dual purpose: refining
the stress inference model (sensing) and optimizing the interven-
tion strategy (acting). Systems should evolve into a holistic loop
where feedback calibrates the ground truth of the model as dis-
cussed above, while simultaneously adapting intervention content
and timing preferences via adaptive algorithms (e.g., reinforcement
learning or multi-armed bandits [48, 65, 103, 106]). By integrating
these calibrated insights with rich contextual data, technologies
such as LLM-based personalized messaging [106] can bridge the
gap between sensing and intervening. This integration enables
systems to evolve into active agents [79] that support comprehen-
sive sensemaking, linking detected stress responses to personal
contexts (e.g., identifying an upcoming exam) and proposing ac-
tionable solutions (e.g., a study plan). This shifts support from symp-
tom alleviation (emotion-focused) to root-cause problem solving
(problem-focused).

Design Implication 2: Receptivity-Aware JITAIs. Finally, to
address timing issues, future work should focus on receptivity
modeling. Instead of the static “detect-and-deliver” logic, systems
should incorporate a human-in-the-loop approach where users
control engagement parameters. For instance, allowing users to
adjust sensitivity thresholds (e.g., minimum stress duration), as
demonstrated by Elvitigala et al. [24], can minimize intrusion. By
respecting user willingness to engage, systems can transform from
interruptions into supportive companions. Moreover, recent LLM-
based JITAI work suggests that receptivity-aware adaptation need
not be limited to threshold tuning [28]: e.g., LLMs can flexibly inter-
pret multimodal contextual cues and user persona to dynamically
decide whether and how to intervene, enabling richer and more
nuanced receptivity modeling than rule-based systems allow.

5.2 Methodological Challenges and Design
Recommendations for User Studies

In this section, we discuss meta-level strategies for designing user
studies and conducting field deployments, bridging the gap between
ideal methodological rigor and the practical realities of sensing-
based research.

5.2.1 Need for Rigorous User Study Designs. Our review highlights
a pressing need to elevate the rigor of study designs to ensure both
internal and external validity.

Comparative Design and Study Duration. Currently, approx-
imately 45% of the reviewed studies employed non-comparative
designs. To validate actual system efficacy beyond simple usabil-
ity, future research should prioritize comparative designs, such as
Randomized Controlled Trials (RCTs) or within-subject counterbal-
anced strategies. Furthermore, we found that only 11% of studies
exceeded eight weeks in duration. Given that health-related habit
formation typically requires weeks to months [50], longitudinal
studies are essential to observe long-term behavioral trends rather
than short-term novelty effects.

Experiential Evaluation Beyond Efficacy. Regarding evalua-
tion metrics, most studies relied on pre-post analyses of psycho-
logical scales (e.g., PSS, STAI) or physiological changes (e.g., HRV),
supplemented by standard usability scores (e.g., SUS). However,

Koh et al.

evaluation must go beyond proving efficiency, as Klasnja et al. [47]
argue; i.e., HCI research should also focus on the experiential and
contextual aspects of system use. We advocate for mixed-method
approaches that investigate the underlying mechanisms of success
or failure, understanding not just “if” a system works, but “how”
users experience it in their daily lives.

5.2.2 Barriers to Large-Scale RCTs. Conducting large-scale RCTs
in the wild presents distinct challenges regarding deployment sta-
bility and resource constraints. Unlike controlled lab settings, wild
deployments expose participants to diverse, uncontrolled environ-
ments, inevitably leading to data inaccuracy and missing values that
degrade analysis reliability [40]. In addition to these environmental
factors, researchers face financial and logistical hurdles. The cost of
research-grade equipment (often exceeding $1,000 per unit) creates
a barrier to recruitment, while hardware volatility poses risks to lon-
gitudinal research; for instance, the discontinuation of devices like
the Empatica E4 or the “black-box” nature of frequently changing
consumer models complicates validation and reproducibility.

5.2.3 Recommendations for Rigorous & Reproducible Research. To
overcome these barriers, we propose the following recommenda-
tions for the community:

Shared Data Pipelines & Modular Architecture. While re-
producible pipelines like Rapids [96] and BDP [8] exist, greater
community effort is needed to address device heterogeneity. We
call for the development of modular architectures that are resilient
to hardware changes, allowing researchers to swap sensing layers
without rebuilding the entire system.

Transparent Reporting & Reproducibility. Even when using
consumer devices, reporting must be systematic. Machine learning
models for stress prediction should be documented transparently.
Following Zhang et al. [111], researchers should share collected
datasets and code when possible to enable reproducible research.

Detailed Reporting of Real-world Challenges. Publications
should report not only successful outcomes but also the technical
realities of deployment. Researchers should detail data quality is-
sues, such as missing data rates [40]. Additionally, since wearable
adherence varies significantly by context [12], reporting engage-
ment and adherence metrics is essential to help future researchers
anticipate and mitigate attrition.

6 Conclusion

In this integrative review, we analyzed the critical links between
detection, intervention, and evaluation in HCI stress management
systems. Our findings reveal a field that, while technologically in-
novative, often disconnects objective physiological sensing from
users’ subjective appraisals and contexts. This fragmentation leads
to generic, decontextualized interventions and evaluations that pri-
oritize technical accuracy over real-world efficacy. To bridge this
gap, we advocate for a paradigm shift toward a process-centric
framework. This approach moves beyond simple symptom detec-
tion to capture the full stress process, integrating the stressor (con-
text), appraisal (perception), and response (physiology/behavior).
Crucially, the utility of this framework extends beyond stress man-
agement. By modeling the causal mechanism between environ-
mental demands, internal interpretation, and bodily reactions, this
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framework offers a generalized template applicable to other mental
health domains, such as anxiety regulation and mood disorders,
where context and appraisal are equally pivotal. By embracing this
integrated, user-centered approach, the HCI community can build
the next generation of systems, evolving from prescriptive monitors
into supportive, active agents that foster genuine user agency and
long-term well-being.
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Appendix
A Terminology

Table 8: Glossary of physiological and motion-related terms.

Term (Abbreviation) Description

Electrocardiogram (ECG) A test that measures the electrical activity of the heart.

A measure of the skin’s electrical conductance, related to sweat

Electrodermal Activity (EDA) gland activity.

A non-invasive method for monitoring heart rate by detecting
Photoplethysmography (PPG) blood volume changes.
The pulse wave detected by PPG, indicating changes in blood
Blood Volume Pulse (BVP) volume with each heartbeat.

Respiration Rate (RESP) The number of breaths a person takes per minute.

The temperature of the skin surface, which can indicate changes

Skin Temperature (SkinTemp) in the body’s thermal regulation.

Blood Pressure (BP) The force <.)f blood 'aga%nst tbe walls of the arteries, commonly
measured in systolic/diastolic values.
Electroencephalography (EEG) A test that measures electrical activity in the brain.

Functional Near-Infrared Spectroscopy (FNIRS) A technique for measuring brain activity by monitoring blood

oxygenation.
Oxyhemoglobin (HBO) 1tP)Ilzrcr)lgglobm bound to oxygen, used to transport oxygen in the
Deoxyhemoglobin (HHB) Hemoglobin without oxygen, reflecting oxygen usage in tissues.

The measurement of the body’s mechanical movements caused
by the heartbeat.
A sensor that measures the rate of change in velocity (accelera-
tion) of an object.

Ballistocardiography (BCG)

Accelerometer (ACC)

A sensor that measures the orientation or angular velocity of
Gyroscope (Gyro) an object
A satellite-based navigation system that provides location and

Global Positioning System (GPS) time information

A device that combines accelerometers, gyroscopes, and some-

Inertial Measurement Unit IMU . .
( ) times magnetometers to track motion.

The number of heartbeats per minute and the variation in the

Heart Rate (HR) / Heart Rate Variability (HRV) intervals between heartbeats

The baseline level of skin conductance, typically slow-changing,

Skin Conductance Level (SCL) indicating arousal or stress

The rapid fluctuations in skin conductance in response to stim-

Skin Conductance Response (SCR) uli, often linked to emotional reactions.

B Summary of Study Design, Participants, and Evaluation Context
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Table 9: Comprehensive summary of included studies, study designs, participant groups, sample sizes (S1 and S2 in paper [59]
denote participant numbers in Study 1 and Study 2, respectively), environments, and durations. Study design is classified as
Non-comparative for studies that deploy or evaluate a single system or intervention without an explicit comparison condition
or control group, Between-subjects when participants are assigned to one of multiple conditions and experience only that
condition, and Within-subjects when each participant experiences multiple conditions or phases and thus serves as their own
control.

Paper Study Design Target User N Environment Duration
[24] Non-comparative  Children with ASD & Caregivers 10 Field 4 weeks
[45] Non-comparative  Couples or close friends 36 Field 25 days
[107]  Non-comparative Dementia patients and caregivers 24 Field 1 week
[58] Non-comparative Drivers & Commuters 11 Lab 1 hour
[110]  Non-comparative General population 30 Lab 20 min
[33] Non-comparative General population 86 Field 4 weeks
[89] Non-comparative Healthcare professionals 18 Field 2 weeks
[31] Non-comparative Immigrant mothers 64 Lab 15 min
[99] Non-comparative Individuals with intellectual dis- 20 Hybrid 2 hours data +
ability (Field+Lab) 15 min use
[63] Non-comparative Infant parents 122 Field 14 weeks
[5] Non-comparative  Office/Information workers 8 Lab 25 min
[55] Non-comparative  Office/Information workers 28 Field 6 weeks
[38] Non-comparative ~ Office/Information workers 12 Hybrid 6 weeks data
(Field+Lab) + 1 week use
[62] Non-comparative  Office/Information workers 2 Field 22 days
[37] Non-comparative Office/Information workers (re- 5 Field 2 weeks
mote)
[21] Non-comparative  Office/Information workers (SW 8 Field 1 day
company)
[36] Non-comparative  Students 19 Field 4 weeks
[53] Non-comparative ~ Students 47 Field 4 weeks
[39] Non-comparative ~ Students 24 Hybrid 6 weeks data
(Field+Lab) + 1 week use
[112]  Non-comparative Students 126 Field 2 weeks
[82] Non-comparative ~ Students 71 Lab 140 min
[2] Non-comparative  Students (paramedic) 17 Lab 1 hour
[65] Non-comparative  Students & Professionals 95 Field 4 weeks
[59] Non-comparative Teachers (vocational school) 7 (S1), Lab Not specified
6 (S2)
[41] Non-comparative Physicians (emergency depart- 73 Field 1 week
ment)
[98] Between-subjects  Adults with ASD 7 Field 10 months
[93] Between-subjects  Adults with ASD 20 Lab 90 min
[109] Between-subjects General Population 14 Lab 2 hours
[6] Between-subjects  General population 33 Lab 90 min
[70] Between-subjects Military personnel 21 Lab 105 min
[34 Between-subjects  Office/Information workers (re- 24 Field 2 weeks
mote)
[60] Between-subjects Pregnant women 12 Lab Not specified
[77] Between-subjects  Students 50 Living- 10 min
lab/Showroom
[108]  Between-subjects Students 24 Lab 1 hour
[101]  Between-subjects Students 22 Lab Not specified
[68] Between-subjects  Students 25 Lab 18 min
[69] Between-subjects  Students 24 Lab 50 min
[54] Between-subjects  Students 17 Field 2 weeks
[102]  Between-subjects Students & Professionals 72 Lab 1.5 hours
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Paper Study Design Target User N Environment Duration

[7] Within-subjects ~ Drivers & Commuters 20 Lab Not specified

[49] Within-subjects ~ Drivers & Commuters 21 Field 4 weeks

[26] Within-subjects ~ Drivers & Commuters 8 Hybrid 4 days + Not
(Field+Lab) specified

[9] Within-subjects ~ General population 7 Field 55 min

[15] Within-subjects ~ General population 30 Hybrid 50 days + Not
(Field+Lab) specified

[78] Within-subjects ~ General population 32 Field 7 days

[87] Within-subjects ~ General population 12 Field 2 weeks

[105]  Within-subjects  General population 30 Field 12 weeks

[17] Within-subjects  Instructors and workers 5 Field 1 week

[100]  Within-subjects Parent-Child dyads 100 Field 14 weeks

[90] Within-subjects  Students 214 Field 1 month

[30] Within-subjects  Students 41 Field 6 months

[48] Within-subjects Students 20 Field 4 months
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