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Abstract
Personal informatics (PI) systems have been utilized to help individ-
uals manage health issues such as stress by leveraging insights from
self-tracking data. However, PI users may struggle to develop effec-
tive coping strategies because factors influencing stress are often
difficult to change in practice, and multiple factors can contribute to
stress simultaneously. In this study, we introduce CounterStress, a
PI system designed to assist users in identifying contextual changes
needed to address high-stress situations. CounterStress employs
counterfactual explanations to identify and suggest alternative con-
textual changes, offering users actionable strategies to achieve a
desired state. We conducted both lab-based and field user studies
with 12 participants to evaluate the system’s usability and appli-
cability, focusing on the benefits of counterfactual-based coping
strategies, how users select viable strategies, and their real-world
applications. Based on our findings, we discuss design implications
for effectively leveraging counterfactuals in PI systems to support
users’ stress-coping planning.

CCS Concepts
•Human-centered computing→Ubiquitous andmobile com-
puting design and evaluation methods; User studies.
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1 Introduction
The collection and reflection of personal data have become integral
to daily life [4, 15]. Individuals typically track metrics, such as
fluctuations in stress levels throughout the day, using data collected
from multiple mobile devices [26]. This information is used to
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identify areas for improvement in health and well-being [70, 72].
Within the domain of Human-Computer Interaction (HCI), these
practices are encapsulated under the concept of Personal Informatics
(PI) [59], and prior studies have proposed models to explain the
behavioral changes in users via PI systems [30, 60, 77].

PI users primarily engage in self-tracking for health manage-
ment, seeking insights by analyzing relationships between various
metrics [18]. Prior PI systems have shown how physical activity,
daily schedules, and environments influence health indicators such
as mood, weight, and sleep quality [5, 61]. They have also guided
users through experiments to identify factors affecting health issues,
such as sleep [23] and digestion [48]. Moreover, PI systems have
evolved to support stress management by collecting stress-related
data [67, 83], assessing stress levels [42, 87], and delivering results
to users [52, 81]. Recent studies have employed causal inference to
identify contextual stressors [45], predictive models to anticipate
stressful events [58], and interventions to mitigate stress [51].

Despite these advancements, existing PI systems have limited
support for coping strategies. Although they increase self-awareness
of stressful situations, they provide little guidance on actionable
coping strategies [21, 82]. Simply informing users about stressors
may be insufficient, especially given real-world constraints where
users cannot avoid certain stressors [49, 58]. For instance, students
may recognize studying as a major stressor, yet avoiding it is un-
realistic and not a practical coping strategy. According to Lazarus
and Folkman [55], coping involves both identifying and managing
stressors, highlighting the need for feasible and personalized cop-
ing strategies [2]. Even if users have some control over stressors,
managing stress remains challenging due to the complex interplay
of multiple factors [45]. Furthermore, existing interventions, such
as meditation or stretching, often fail to account for users’ spe-
cific contexts [43]. While these interventions may be beneficial,
they lack the personal relevance needed to address individuals’
stress effectively. However, by fully leveraging data collected by
users, PI systems can bridge this gap by offering more targeted
and context-aware coping strategies [51, 88]. Such strategies would
empower users by facilitating self-reflection and equipping them
with practical methods to manage their stress effectively [73].

To address these limitations, we propose CounterStress, a PI sys-
tem as a mobile application, designed to support personalized stress-
coping planning. In this study, we adopt Lazarus and Folkman’s
definition of “stress” from their transactional model [55], which
conceptualizes stress as “the psychological and physiological response
to perceived challenges or threats” that exceed an individual’s cop-
ing capacity. Our study focuses primarily on acute and contextual
stress, triggered by factors such as location, activity, and social
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settings in daily life [56, 79, 87]. These types of stress are dynamic
and vary among individuals, making them well-suited for analysis
using personal data in PI systems.

CounterStress leverages counterfactual explanations [40, 84], a
widely used method in eXplainable AI (XAI) that answers, “what
changes are necessary to achieve a desired outcome.” In this study,
counterfactual explanations offer valuable insights into “what ac-
tions users should take to reduce stress to specific levels in a given
situation composed of various contextual factors.” For example, in
the situation comprising [studying, library, alone, afternoon], the
system may suggest changing the location (e.g., library→ dormi-
tory) or altering the social setting (e.g., alone → friends). These
recommendations are derived by identifying contextual changes
that reduce stress probability, as predicted by a machine learning
(ML) model trained on users’ historical data. This approach ensures
that suggestions are tailored to the patterns and relationships iden-
tified in the user’s past stress responses, enhancing their relevance
and practical applicability. Additionally, by generating multiple
counterfactuals, users can select coping strategies that best fit their
situation, enabling CounterStress to provide a highly personalized
approach to stress-coping planning.

This study primarily investigates the user experience of coping
planning based on counterfactuals provided by CounterStress and
addresses the following research questions. RQ 1: How do users
perceive the suggested coping strategies based on counterfactuals?
RQ 2: How do users explore and select coping strategies based on
counterfactuals? and RQ 3: How do users apply coping strategies
based on counterfactuals in real-world settings? To address these
questions, we conducted two complementary user studies: a lab-
based study to evaluate the usability of the system and a field study
to assess its applicability in real-world settings. Both studies in-
volved the same 12 participants, which allowed for a comprehensive
evaluation of CounterStress. The results indicate that CounterStress
enables users to engage in stress-coping planning without the need
for complex data analysis, providing a range of strategies that users
can explore to effectively reduce stress. We also examined how
users applied the recommendations from CounterStress to manage
stress in their daily lives, and the criteria they used to determine
and select the most suitable coping strategies.

This study contributes to the field of PI and stress management
in several ways. First, we apply the counterfactual explanation ap-
proach in PI systems to assist users in planning effective coping
strategies for stress management. Through this, we identify how
PI users explore, assess, and utilize counterfactual-based coping
strategies to address stressful situations. We also discuss the chal-
lenges associated with designing such systems and propose design
considerations for offering feasible and effective coping strategies
through the use of counterfactuals in PI systems.

2 Related Work
2.1 Stress and Approaches to Coping
Stress is known as a state of imbalance induced by internal/external
forces that disrupt an individual’s ability to maintain stability [19].
This imbalance triggers both physical and mental adaptive re-
sponses aimed at restoring equilibrium when the disturbance ex-
ceeds a specific threshold. Hans Selye, a pioneer in stress research,

defined stress as “the nonspecific response of the body to any de-
mand, whether it is caused by, or results in, pleasant or unpleasant
conditions” [80].

Lazarus and Folkman’s transactional model of stress and coping
provides a key theoretical framework for assessing the perception
and management of stress by individuals [55]. Within this model,
“coping” refers to the various cognitive and behavioral strategies
employed by individuals to manage stressful situations [33]. Their
model delineates two types of cognitive appraisal: primary ap-
praisal, which assesses whether a situation is positive, irrelevant,
or stressful concerning an individual’s well-being, and secondary
appraisal, which assesses available resources or abilities to cope
with the situation. Lazarus and Folkman distinguish two primary
types of coping strategies: problem-focused coping, which involves
directly addressing the cause of stress, and emotion-focused coping,
which aims at regulating the emotions triggered by the stressful
situation [34, 57]. Additionally, Schwarzer proposed four types of
coping based on temporal factors (past vs. future) and the certainty
of events (uncertain vs. certain) [75]. Among these, anticipatory and
preventive coping involves preparing for potential future threats.
Such strategies may include proactive problem-solving or securing
resources in advance.

Drawing inspiration from these foundational studies, our re-
search aimed to design a system that supports individuals in plan-
ning coping strategies for effective stress management. We assumed
that various contextual factors experienced by individuals every
day may serve as potential stressors. The proposed system in this
study is designed to identify these stressors and deliver coping
strategies based on collected user data.

2.2 Personal Informatics for Stress Management
The collection of personal data through various devices has become
increasingly prevalent in daily life, and individuals reflect on and
utilize this data for a wide range of purposes [28]. Li et al. [59] pre-
viously referred to systems supporting such practices as ‘personal
informatics (PI),’ and proposed a model that identifies the barriers
faced by PI users and provides suggestions for overcoming these
challenges. PI systems are typically designed to help users change
their behavior, and prior studies have analyzed the usage behavior
of those systems by investigating the motivations and methods
through which users engage in self-tracking [30, 60, 77].

One of the primary objectives of using PI systems is to enhance
health and well-being [35, 65]. Choe et al. [18] revealed that PI
users utilize self-tracking data to monitor their condition, identify
influencing factors, and plan coping strategies, with the ultimate
goal of improving their health state. Moreover, users seek to ex-
plore the collected data as well as to gain insights into the temporal
progression of specific metrics, their distribution patterns, and
their interrelationships among different metrics [16, 17, 49]. Conse-
quently, various PI systems have been proposed for multiple health
scenarios, such as physical activity tracking [53], nutrition moni-
toring [63], and menstrual cycle tracking [29]. These systems are
designed to support users in reflecting on their self-tracking data
and derive meaningful insights [15]. With these systems, users can
develop a more nuanced understanding of their health across dif-
ferent timeframes, including the past, present, and future, thereby
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enabling them to take informed actions for achieving their desired
health outcomes [4, 6, 74].

PI systems have been studied extensively in the field of mental
health, particularly in stress management. Approaches leveraging
mobile device sensor data [1, 67] and user self-reports [24, 83] have
been primarily employed to assess stress levels. Wang et al. [87] col-
lected data on activities, conversations, sleep, and location through
smartphone sensors while concurrently gathering stress-related
data via self-reports. Likewise, Hovsepian et al. [42] developed a pre-
dictive model for stress by leveraging data from multiple wearable
sensors. Prior studies have also explored methods for stress detec-
tion based on physiological signals and behavioral data [13, 37].

In addition, extensive research has been conducted to assist users
in monitoring and reflecting on their collected data to identify ef-
fective strategies for stress management [2]. For example, previous
studies have proposed methods for visualizing various contextual
data and stress levels to derive insights that inform stress interven-
tions [52, 81]. In recent HCI research, Jung et al. [45] designed a
system that presents contextual factors causally related to stress,
whereas Lee et al. [58] and Kim et al. [51] proposed systems to pre-
dict future stress and provide interventions for stress management.

While existing studies have made significant progress in under-
standing stress factors, there remains a need for approaches that
provide data-driven coping strategies tailored to the specific situ-
ations users encounter. When multiple factors influencing stress
coexist, users often find it challenging to determine the necessary
actions to reduce their stress levels [45]. Furthermore, practical con-
straints frequently prevent users from directly controlling stress-
inducing factors [49, 58]. As a result, they are often left with generic
solutions that do not align with their unique circumstances [43].
To address these limitations, this study proposes a PI system de-
signed to generate and deliver stress-coping strategies specific to
users’ situations. The system aims to facilitate stress management
by offering diverse alternatives that account for users’ constraints
while supporting flexible coping planning.

2.3 Counterfactual Explanations and Exploring
Alternatives

As artificial intelligence (AI) continues to be integrated across di-
verse domains, the necessity for transparent explanations of trained
models has become more critical. A significant challenge posed by
many AI systems is that machine learning (ML)-based methods
typically operate as “black boxes,” hindering the ability to interpret
and trust the predictions generated by these models [38].

XAI offers several approaches to address these issues by pro-
viding explanations for the results generated by ML models [27].
For example, SHapley Additive exPlanations [62] are employed
to assess the contribution of each feature to a model’s prediction,
whereas Local Interpretable Model-agnostic Explanations [76] pro-
vide explanations based on simplified local models for specific
predictions. In addition, methods such as the Partial Dependence
Plot [36] and Individual Conditional Expectation [39] are frequently
used to visualize the influence of specific features on predictions.

Counterfactual explanations represent another widely recog-
nized approach in XAI that provides specific explanations about the
modifications required to alter a predicted outcome generated by a

model [40, 84]. Unlike other XAI methods, which primarily focus on
analyzing why the model makes a particular decision, counterfac-
tual explanations aim to identify the precise conditions required to
modify that outcome. For instance, counterfactual explanations can
be employed to determine the changes, such as job status, housing,
and credit amount necessary for customers to improve their credit
risk rating [22]. This method identifies the necessary changes in the
feature values of a given instance to achieve the desired outcome,
thereby providing multiple alternative scenarios (i.e., counterfactu-
als). By addressing the “what if” questions that humans naturally
consider through counterfactual thinking [12], this approach facili-
tates more intuitive and human-friendly explanations.

A seminal contribution to the field of counterfactual explanation
was made by Wachter et al. [85], who introduced a foundational
method for generating meaningful counterfactuals. According to
their approach, a counterfactual 𝑋 ′ must satisfy two primary con-
ditions: (1) the predicted outcome 𝑓 (𝑋 ′) by the classifier 𝑓 should
be as close as possible to the desired outcome 𝑌 ′, and (2) the coun-
terfactual should be as similar as possible to the original instance 𝑋 .
These conditions guide the construction of a loss function, which is
subsequently optimized to identify the appropriate counterfactual.
Specifically, the second condition ensures that the generated coun-
terfactuals minimize changes from the original instance, thereby
maximizing the similarity between the counterfactual and the orig-
inal instance.

Aligning with Wachter’s approach, several other optimization-
based algorithms for generating counterfactuals have been devel-
oped. These include, Diverse Counterfactual Explanations [68], Fea-
sible and Actionable Counterfactual Explanations [71], Contrastive
Explanation Method [25], and Multi-Objective Counterfactuals Ex-
planation [22]. Although these algorithms differ in their specific
methods, they all rely on optimization to balance the need for mini-
mal changes in the input with the necessity of altering the model’s
prediction. Counterfactuals generated by these algorithms exhibit
several key characteristics [40]. These include (1) validity, which
ensures that the classification outcome differs from the original
instance; (2) similarity, which guarantees that the counterfactual
maintains the minimum possible distance from the original instance
according to a given distance function; (3) minimality, which as-
sesses whether the number of altered features is minimized; and
(4) plausibility, which ensures that the counterfactual consists of
realistic and feasible feature values.

Despite the significant potential of counterfactual explanations
to simulate various what-if scenarios and provide actionable in-
sights, their application in PI systems remains largely unexplored.
As described above, existing PI systems have primarily focused
on self-tracking and providing general insights, often lacking the
ability to deliver tailored strategies for managing stress in complex,
multi-contextual situations. To bridge this gap, our study integrates
counterfactual explanations into a PI system specifically designed
for stress-coping planning. By harnessing the strengths of coun-
terfactual explanations, our approach identifies specific contextual
changes that enable users to achieve their desired stress levels, even
in scenarios involving multiple contextual factors. This facilitates
the delivery of practical and actionable solutions that are applicable
in real-world settings.
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3 System Design
3.1 Design Rationale
Inspired by the concept of counterfactual explanations, we devel-
oped a PI system that supports users in planning strategies for
stress coping. In brief, counterfactual explanations address the fol-
lowing questions: “Given a (factual) situation 𝑋 and its outcome
𝑌 , what changes to 𝑋 would be required to prevent 𝑌 from occur-
ring (or to cause a different outcome 𝑌 ′)?” In other words, for a
target situation 𝑋 composed of 𝑛 elements {𝑥1, 𝑥2, · · · , 𝑥𝑛}, and
given that applying a classifier 𝑓 results in 𝑓 (𝑋 ) = 𝑌 , the goal
of counterfactual explanations is to determine the new situation
𝑋 ′ =

{
𝑥 ′1, 𝑥

′
2, · · · , 𝑥

′
𝑛

}
through minimal changes to the elements 𝑥𝑖

of 𝑋 so that 𝑓 (𝑋 ′) ≠ 𝑌 .
Our decision to incorporate counterfactual explanations stems

from the underlying needs of PI users as identified in the existing
literature. One of the key motivations for users to collect and reflect
on their data in daily life is health management [18]. Users are
particularly interested in identifying which factors are related to
their health and how those factors influence their target health
indicators. Therefore, they engage in diagnostic tracking, a form of
self-tracking that involves collecting data to analyze the relation-
ships between various factors [77]. Additionally, users frequently
explore these relationships during the reflection phase through
dialogic reflection [32], enabling them to uncover new factors that
may impact their health and leverage these insights to take actions
aimed at improving their well-being [17, 60].

Existing studies on PI systems also emphasize the necessity for
users to manage their health and well-being. They have demon-
strated correlations between various contextual factors and well-
being metrics [5, 61], identified contextual factors that contribute to
stress [45], and supported users in conducting self-experiments to
assess the factors that influence their health [23, 48]. These studies
indicate that users need to identify factors affecting their health
based on self-tracking data and adjust these factors strategically to
achieve their desired health objectives.

Therefore, we determined that counterfactual explanations could
provide a valuable approach to supporting PI users. When utilizing
counterfactuals to derive potential modifications for stress manage-
ment, we anticipate several key advantages. First, counterfactuals
enable users to predict the context changes required to effectively
alleviate their stress. Particularly, counterfactuals facilitate users to
target specific situations of interest, thereby providing information
on the contextual factors that need to be altered and how these
changes should be implemented. Based on these counterfactuals,
users can develop tailored stress-coping strategies for each unique
situation comprising different combinations of contextual factors.

Additionally, users can review multiple counterfactuals and se-
lect appropriate counterfactuals. Counterfactual explanations typi-
cally yield several counterfactuals in a specific situation [40]. Conse-
quently, multiple coping strategies can be presented and users may
select suitable strategies by assessing aspects such as the feasibility
of the proposed counterfactuals. Considering these characteristics
of counterfactual explanations, we derived counterfactual-based
coping strategies aimed at assisting users in performing stress-
coping planning with ease.

3.2 Counterfactual Explanations
3.2.1 Generating Counterfactuals from Self-Tracking Data. We ex-
plain how counterfactuals were derived for specific situations from
self-tracking data to recommend stress-coping strategies, as out-
lined in Figure 1. Hereafter, a situation refers to a combination
of the four context types: [activity, location, social setting, time]
(e.g., [studying, library, alone, afternoon]). In this study, each data
sample we use (i.e., an individual record) consists of a situation
and its associated stress level. Our objective was to identify the
contextual changes necessary to reduce stress in each situation.

To simplify the analysis, we initially binarized the stress levels
collected on a 5-point Likert scale (1: no, 2: mild, 3: moderate, 4:
high, 5: severe) into ‘high’ and ‘low.’ In this study, our goal was not
to eliminate stress entirely but rather to reduce it to an acceptable
level. From this perspective, mild stress (level 2) was considered a
manageable level of discomfort, typical of everyday life, and not
necessarily requiring additional intervention. Participants were
also guided before data collection to interpret mild stress as a state
where stress is present but not particularly bothersome, reflecting
a natural part of daily experiences.

As a result, we categorized levels 1 (no stress) and 2 (mild stress)
as ‘low stress’ while levels 3 (moderate stress) and above were
classified as ‘high stress.’ Among various approaches for binarizing
Likert scale stress data [89], we adopted the common practice of
using the midpoint value (i.e., moderate stress) as a binarization
threshold, consistent with prior studies [8, 47]. Thus, we classified
moderate stress as ‘high stress’ to emphasize the need for coping
in such cases. Consequently, our approach focuses on answering
the question: “In situations with moderate or higher stress, what
contextual changes are necessary to reduce stress to lower levels?”

Next, we built a classification model using Random Forest to
estimate the probability of stress being classified as ‘high’ (𝑝) based
on the context combinations. Given that each individual may expe-
rience different contexts and stress levels, we generated a separate
model for each of the 12 participants, yielding an average accuracy
of 0.79 (SD: 0.10). Counterfactuals were derived by evaluating which
contextual changes would reduce the probability of experiencing
‘high’ stress (𝑝 ≥ 0.5) below the threshold (𝑝 < 0.5), indicating
situations with stress levels below moderate. This approach en-
sures that the suggested changes are data-driven and tailored to the
patterns observed in each participant’s historical stress responses.
Based on this approach, we designed a user flow where the system
generates appropriate counterfactuals tailored to the situation se-
lected by the user for exploration. For example, if the stress level
of the target situation was classified as ‘high’ (𝑝 ≥ 0.5), the system
provided counterfactuals suggesting contextual changes to help
users transition to a ‘low’ stress state.

When generating counterfactuals, we established the following
exclusion criteria to avoid unnecessary or irrelevant counterfac-
tuals. First, counterfactuals were excluded if they simply added
changes in other context types from existing counterfactuals but
did not increase the likelihood of being classified as a ‘low’ stress.
This decision was based on the criterion that the changes required
to generate a counterfactual should be minimized. In addition, coun-
terfactuals were excluded if none of their contexts overlapped with
those of the original target situation. Although such changes might
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(a) Label the samples' stress state based 
on a specific threshold (e.g., moderate)

Stress levels ≥ 3
(moderate or higher)

Stress levels < 3
(below moderate)

High stress (p ≥ 0.5) Low stress (p < 0.5)

Decision boundary
of the model

[Studying, Library,
Alone, Afternoon]

[Studying, Dormitory,
Alone, Afternoon]

[Studying, Library,
Friends, Evening]

[Studying, Gym,
Alone, Afternoon]

“Counterfactuals”

(b) Build an ML model
(e.g., Random Forest)

(c) Generate counterfactuals (the green squares) 
for the target situation (the red circle)

“To lower stress levels below moderate (lv 3), 
which contextual factors should be changed?”

“Low”

“High”

Figure 1: The process of investigating stress-coping strategies based on counterfactual explanations.

lower stress levels, we deemed them irrelevant owing to the lack
of common context. Moreover, we applied what we refer to as
“contextual familiarity thresholding” to ensure the relevance of the
counterfactuals. In this approach, counterfactuals were excluded
if any combination of the three contexts out of four context types
was not recorded. This threshold was set to filter out unrealistic
context combinations while still allowing for situations wherein
one context type was omitted. This approach provides users with
novel but plausible coping strategies.

Figure 1 illustrates an example derived from a participant’s data.
The situation [studying, library, alone, afternoon] was predicted
as high stress (𝑝 ≥ 0.5), prompting the system to generate coun-
terfactuals that could reduce stress to a low level (𝑝 < 0.5) based
on the trained ML model. One suggestion, studying in the gym,
reflects the participant’s past behavior of cycling at the gym while
taking a short online course, making this recommendation relevant
to their historical data. Although counterfactuals are generated
based on one’s historical data, their feasibility or desirability can
vary depending on individual preferences and circumstances.

3.2.2 Evaluating the Quality of Counterfactuals. As previously ex-
plained, multiple counterfactuals can be generated for a given sit-
uation using existing algorithms. When evaluating the quality of
these counterfactuals, previous studies have considered factors such
as the probability of achieving the desired outcome, similarity to
the feature values of the target instance, and the realism of the
combinations of feature values. However, studies on the criteria
that users prioritize when providing counterfactual-based coping
strategies for PI systems are limited. To address this gap, we aimed
to investigate how users weigh each criterion when selecting suit-
able coping strategies from a set of counterfactuals, based on the
criteria typically employed in various counterfactual explanation
algorithms. To facilitate this analysis, we presented users with three
metrics that describe the criteria for multiple counterfactuals: (1)
high-stress probability, (2) number of context changes, and (3) his-
torical frequency. Below, we outline how each metric was applied
in our analysis.

High-stress probability (𝑝): We provided the probability 𝑝

that a given counterfactual would result in the stress level being
classified as ‘high.’ According to our approach, all counterfactuals
presented to the users resulted in 𝑝 below 0.5, classifying them as
‘low’ stress. However, the value of 𝑝 may vary within the range
of 0 to 0.5, resulting in differences in the probability across differ-
ent counterfactuals. For instance, the likelihood of experiencing
‘low’ stress increases as 𝑝 approaches 0, and we assessed how this
variation in 𝑝 influenced users’ choices of coping strategies.

Number of context changes (𝑛): Additionally, we presented
the number of context changes 𝑛 required to achieve a given coun-
terfactual. Since changing all four context types was considered
irrelevant and excluded from the counterfactuals, 𝑛 could range
from 1 to 3. An increase in 𝑛 indicated that a greater number of con-
texts would need to be modified, which could result in a situation
that diverges more significantly from the initial target situation.
From this perspective, we analyzed how the magnitude of 𝑛 influ-
enced users’ choices.

Historical frequency (𝑟 ): Finally, we provided the frequency 𝑟
representing how frequently the situation described by a counterfac-
tual had occurred in the past. Even after applying exclusion criteria
to eliminate irrelevant counterfactuals, the generated counterfactu-
als could include both situations that had been experienced before
(𝑟 > 0) and those that had not (𝑟 = 0). In this sense, we explored
how a zero or non-zero value of 𝑟 influenced users’ choices.

Although various other criteria for generating counterfactuals
have been proposed in previous studies [40], our focus was primar-
ily on these three factors that are typically employed to evaluate
counterfactual-based decision making processes. In this analysis,
we aimed to identify the crucial criteria for deriving counterfactu-
als that provide effective suggestions for users. Furthermore, we
explored the design space for utilizing counterfactual explanations
to PI systems based on the insights gained from the analysis.

3.3 CounterStress
We designed CounterStress, a PI system that provides coping strate-
gies based on the counterfactuals generated through the process
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(a) (b)

Figure 2: The Review screen. (a) It presents a monthly calendar with color-coded stress levels and (b) provides detailed records
when users select a specific date.

outlined earlier. The primary objective of CounterStress was to
assist users in (1) reviewing their self-tracking records, (2) identi-
fying the relationships between contextual factors and stress, and
(3) exploring counterfactuals that propose contextual changes to
reduce stress in specific situations.

Our study builds on prior work [45] that designed a system to
investigate stressors across diverse contexts. This closely related
study focused on stress management by identifying which con-
textual factors should change, considering both correlation and
causality. However, users had to develop coping strategies by them-
selves based on their understanding of each context. Therefore,
we extended this study by delivering concrete strategies (i.e., re-
quired context changes) using counterfactuals, thereby offering
more comprehensive and actionable insights for coping planning.

We followed an iterative design processwith nineHCI researchers,
conducting a mid-fidelity prototype test (N = 3) and a high-fidelity
prototype test (N = 6). The decision to engage HCI researchers in-
stead of non-researchers was motivated by their expertise in system
usability and interface design. Their expert heuristic evaluations
help identify critical usability issues and refine the system ahead of
broader testing with end-users. Through this iterative process, sev-
eral key improvements were made to CounterStress. For instance,

the visualization of generated counterfactuals was enhanced to
highlight differences in generation criteria between alternatives,
making it easier for users to compare them. The researchers also
suggested incorporating filtering features, allowing users to sort
and prioritize counterfactual suggestions based on specific needs
or preferences. These changes improved the system’s usability and
its ability to deliver actionable and personalized coping strategies.

Consequently, CounterStress consists of three main screens; ‘Re-
view,’ ‘Analysis,’ and ‘What-If,’ and detailed descriptions of each of
them are provided below.

3.3.1 Review. The Review screen (Figure 2) enables users to ex-
amine the stress records they collected. It aims to assist users in
recalling past stress levels in various situations and identifying the
contexts that may require coping planning.

The screen features a calendar view that visually represents
monthly stress trends. In the calendar, each day is color-coded
based on the average stress level, with darker reds signifying higher
stress and lighter reds indicating lower stress. When selecting a
specific day, users were presented with a summary of the day’s
average stress level and the total number of stress records. Below
the summary, detailed records were presented in chronological
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(a) (b) (c)

Figure 3: The Analysis screen. It provides information for each contextual factor and consists of three tabs: (a) Stress, which
describes the distribution of stress levels, (b) Other contexts, which illustrates co-occurring contexts, and (c) Causality, which
explains whether the selected context is causally related to stress levels.

order, including stress levels on a 5-point Likert scale and the four
types of contexts.

3.3.2 Analysis. The Analysis screen (Figure 3) allows users to un-
derstand how individual contextual factors relate to stress. It pro-
vides insights into stress levels and identifies causal relationships
in each context, aiding users in pinpointing contexts that may re-
quire further exploration for effective coping strategies. The screen
begins with a summary of the selected context, detailing its type,
frequency, average stress level, and causal relationships with the
stress. This provides users with a quick overview before the detailed
analysis. The screen is organized into three tabs: ‘Stress,’ ‘Other
Contexts,’ and ‘Causality.’

The Stress tab displays a bar chart of the stress level frequencies
within the selected context, helping users understand the distribu-
tion of stress levels. Additionally, it compares the average stress
level of the selected context with that of other contexts of the same
type. The Other Contexts tab illustrates the distribution of context
types that co-occurred with the selected context. For instance, if the
selected context was the activity type ‘studying,’ this tab displayed

information on the remaining contextual factors (i.e., location, time,
and social setting) that accompanied the studying.

The Causality tab explains whether the selected context has a
causal relationship with stress based on a quasi-experimental ap-
proach with coarsened exact matching [7, 44], as detailed in the
prior work [46]. The process of causal inference can be summarized
as follows. For instance, to investigate the causal relationship be-
tween studying and stress, the dataset is divided into a treated group
(cases where the activity is ‘studying’) and a control group (cases
where it is not). The remaining context types (i.e., location, social
setting, and time) that may affect the causal relationship are treated
as confounding variables. A matching process is then applied to
pair treated and control samples with similar combinations of these
confounding variables. Using these matched samples, treated and
control groups are reconstructed, balancing the distribution of con-
founding variables between the two groups. This ensures that any
difference in stress levels between the groups is solely attributable
to the activity being ‘studying.’ If a causal relationship existed, the
Causality tab displayed the extent to which stress level increased
or decreased when the context was present. A brief explanation of
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(a) (b) (c)

Figure 4: TheWhat-If screen. It provides (a) counterfactual-based coping strategies for a selected situation, (b) a list of situations
to be investigated, and (c) details on the contribution of each context type for the selected counterfactual.

the analytical methods employed and instructions for interpreting
the results was also provided.

3.3.3 What-If. The What-If screen (Figure 4) enables users to re-
view and explore counterfactual outcomes for the situations of
interest. The target situation was displayed within a gray box at the
top, showing the probability 𝑝 of the stress level being classified as
‘high,’ along with a bar chart in red or green depending on whether
𝑝 was above or below 50%. Also, the gray box included the contexts
and the number of records associated with the target situation.

Below the target situation, the What-If list presents a series
of counterfactuals in white boxes, each containing information
similar to that of the target situation. The number of contextual
changes (𝑛) is displayed for each counterfactual, and the changes
are highlighted in bold red. Moreover, counterfactuals with previ-
ous occurrences (𝑟 > 0) are indicated with solid borders, whereas
those with no prior occurrence (𝑟 = 0) are outlined with dashed
borders. To facilitate the identification of the desired counterfactu-
als, the users were provided with sorting, filtering, and constraint
features. Sorting allows users to arrange counterfactuals based on
the magnitude of the reduction in probability 𝑝 or by the number of
contextual changes 𝑛. Filtering enables users to specify ranges for 𝑝

and 𝑛 within the generated counterfactuals. The constraint feature
empowers users to specify which contexts in the target situation
should remain unchanged. For instance, if users constrained ac-
tivity and location, CounterStress would generate counterfactuals
that only modified social setting and time.

Users could modify the target situation by tapping the gray box,
which displays only previously experienced situations (𝑟 > 0). By
selecting a situation, users can explore the necessary contextual
changes required to reduce stress. Following the selection of a target,
users are returned to the What-If screen, where corresponding
counterfactuals are displayed. Filtering and sorting tools were also
available to refine the target selection. Additionally, users could
directly specify which contexts to include in the target situation by
selecting from each context type.

When users selected one of the counterfactuals from the What-
If screen, they can view the contribution of each context type to
the reduction of the probability 𝑝 . This contribution is quantified
using the Shapley value for each context type, and the results are
visualized using a bar chart. This featurewas provided to assist users
in understanding the impact of changes in each context, particularly
in cases where multiple contexts needed to be changed.
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Figure 5: An overview of the study procedure and its corresponding sections.

4 User Study Design
4.1 Participants
We recruited participants through an online community and email
at a large university to evaluate the user experience of Counter-
Stress. As part of the recruitment, applicants were required to com-
plete an online survey. Survey responses were reviewed to deter-
mine eligibility, and only those who met our predefined criteria
were selected as final participants. First, the survey incorporated
the Perceived Stress Scale (PSS) [20] to measure the level of stress
participants experienced in their daily lives. Applicants with a PSS
score of 12 or below (i.e., ‘low stress’ level) were excluded as they
seldom experience moderate or higher levels of stress. We assumed
that these individuals might have limited experience in exploring
stress management strategies, which would make them less aligned
with the aim of our study (i.e., stress-coping planning).

The survey also evaluated the applicants’ level of interest in
stress management (e.g., “I am interested in using my daily life
data to plan stress-coping strategies.”) and their ability to perform
repetitive tasks over an extended period (e.g., “I am generally good
at completing tasks that require consistent repetition.”) on a 5-point
Likert scale. To ensure sufficient self-reported data, we prioritized
motivated applicants. Therefore, applicants who scored below 3 for
either item were excluded. As a result, we recruited 12 participants
(3 women, 9 men, age: M = 23.1, SD = 2.1) as illustrated in Table 1.
These participants participated in both lab-based and field user
studies, as described in the following sections.

Table 1: Participant demographics and selection attributes

Participant ID Age Gender Stress Interest Task Consistency
P01 24 M 5 5
P02 24 M 5 4
P03 25 M 5 4
P04 25 M 5 5
P05 24 F 4 4
P06 21 F 4 5
P07 21 M 5 4
P08 22 M 4 5
P09 23 M 5 4
P10 20 M 5 3
P11 27 M 5 4
P12 21 F 4 3

4.2 Study Procedure
During the study, we designed ‘CounterStress’ and explored its user
experience as illustrated in Figure 5. The systemwas designed based
on findings from existing literature in the fields of PI and coun-
terfactual explanations, as outlined in Section 3. The participants
collected the real-world data required to evaluate the proposed
system by reporting their context and stress levels at specific in-
tervals over six weeks. After the data collection phase ended, the
self-reported data were used for the two user studies (details in
Section 4.3).

The first study was a lab-based user study that primarily ex-
amined how participants used CounterStress in a lab setting and
evaluated the system’s data-driven insights. We started by explain-
ing the background and purpose of the study to the participants
and briefly introducing the features and information provided by
CounterStress. The participants subsequently installed Counter-
Stress on their smartphones and reviewed their data alongside the
insights derived from it. Specifically, they were able to assess the
changes necessary to reduce stress in particular situations based
on the different contexts and stress levels they experienced.

Participants were allocated up to 40 minutes to explore Coun-
terStress, during which they engaged with various pieces of infor-
mation provided. After that, they completed the System Usability
Scale (SUS) [11] to evaluate the usability from the perspective of
supporting their stress-coping planning. For qualitative evaluation,
we also conducted semi-structured interviews, focusing primar-
ily on participants’ overall assessment of CounterStress and how
they explored the information provided. We recorded the interview
sessions with the participants’ consent and transcribed them.

The second study was a field user study aimed at investigating
how participants used CounterStress and applied the provided in-
formation in their daily lives. Participants began the field study the
day after completing the lab-based study. This arrangement allowed
them to immediately apply the knowledge and coping strategies
they had explored during the lab-based study in their real-world
contexts. By minimizing the time gap between the two studies,
we ensured that the participants retained familiarity with the fea-
tures and insights of CounterStress, thus facilitating a smoother
transition to using the system in their daily lives.

We instructed participants to write a diary for one week to
capture their everyday usage experiences with CounterStress. The
diary method was selected owing to its ability to capture reflective
thoughts and subjective experiences in natural environments [9].
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This approach has been widely used in HCI research to gather
detailed insights into user behavior and interaction with systems
in real-world settings [3, 14]. Leveraging this method allowed us to
gain deeper insight both into how the participants engaged with the
system as well as the underlying motivations and broader context of
their behavior, thereby providing rich qualitative insights into the
real-world impact of CounterStress insights that are challenging to
uncover via usage logs. Participants documented various episodes
including instances when they revisited CounterStress, applied the
coping strategies suggested by the system, or gained new insights.
The participants submitted diaries after the one-week study period.
The details of the data analysis process are described in Section 4.4.

Participants were compensated a total of 90 USD for participat-
ing in data collection and the two user studies. This research was
approved by the Institutional Review Board (IRB) of the researchers’
affiliated institution, and all participants provided written consent
to participate in the study.

4.3 Self-Tracking Data Collection
As previously discussed, we instructed the participants to collect
their own data to evaluate their CounterStress. Given that Counter-
Stress is a PI system, we determined that evaluating coping strate-
gies derived from the participants’ own data would be more suitable
than using data from external sources, which may lack relevance,
or synthesized data, which do not reflect real-world experiences.
Over a six-week period, participants collected data comprising con-
texts and stress levels through the Experience Sampling Method
(ESM) [54] via a separate mobile application we provided.

The use of ESM to collect self-reported stress data is a well-
established method in prior relevant studies [42, 47, 66, 87]. Follow-
ing these studies, we sent ESM surveys at intervals of approximately
1 to 1.5 hours to record the real-time stress levels of participants. Sev-
eral measures were implemented to minimize the potential impact
of this data collection method on the participants’ stress. Partici-
pants were not sent additional follow-up reminders if they missed
the ESM survey, thereby ensuring that responses were natural and
not influenced by external pressure. The ESM surveys were de-
signed as multiple-choice questionnaires, enabling participants to
quickly input their context and stress levels with minimal cognitive
effort. This approach ensured that participants could report their
stress immediately without the need for extensive reflection. In ad-
dition, participants could customize the time windows for receiving
ESM survey notifications, increasing the likelihood of responses
while preventing disruptions such as late-night notifications.

Through ESM surveys, we collected data on three contextual
factors (i.e., activity, location, and social setting) up until the time
of the response and participants’ stress levels when responding,
rated on a 5-point Likert scale (1: no stress, 5: severe stress). To
streamline the data collection, we provided context options for
each type, referring to a relevant prior study [50], while allowing
them to input their context manually if needed. In most cases, the
participants selected options provided to report their context. When
participants manually reported a context, researchers categorized it
as the most similar predefined option for use in later data analysis.
This decision was made to handle rare cases while still ensuring
that as much data as possible were gathered. Note that the time

Table 2: The list of contextual factors collected through ESM
surveys in this study.

Context Type Context Items
Activity Studying, Class, Resting, Working, Research,

Meeting, Exercising, Eating, Social Activities,
Drinking, Leisure Activities, Club Activities,
Moving, Waiting, Preparing, Others

Location Dormitory, Home, Classroom, Library,
Laboratory, Workplace, Restaurant, Cafe,
Pub, Store, Gym, Club Room, Vehicle,
Outdoors, Leisure Facility, Others

Social Setting Alone, Family, Friend, Girlfriend/Boyfriend,
Roommate, Colleague, Professor, Others

context was not directly collected; instead, labels were generated
based on the time at which the data were gathered. The context
collected is summarized in Table 2, and participants reported an
average of 558.4 ESM surveys (SD: 144.2) during data collection.
Also, the stress levels reported by participants averaged 2.5 (SD:
0.7) on a 5-point Likert scale.

4.4 User Study Data Analysis
To gain deeper insights into user experiences of CounterStress, we
conducted a qualitative analysis of the two user studies (Section 4.2).
Following established methods [10], two researchers independently
reviewed the data to ensure diverse perspectives and enhance the
reliability of the findings. Each researcher independently reviewed
all interview transcripts multiple times to develop a deep under-
standing of the data and conducted open coding to identify the key
concepts. This independent coding process ensured that a variety of
insights were captured. Following the initial coding, the researchers
held collaborative discussions to compare codes, resolve discrep-
ancies, and refine the coding scheme. Using this refined scheme,
the codes were organized into broader themes, representing pat-
terns across the data. The researchers then engaged in iterative
discussions to review and refine these broader themes, and reached
a consensus on the final themes. Affinity diagramming was em-
ployed to visualize the relationships between these final themes,
providing a comprehensive understanding of the participants’ ex-
periences with the system.

Qualitative analyses were conducted separately for the lab-based
and field-based user studies. For the lab-based study, the aforemen-
tioned analysis process was applied to the interview data, focusing
on the immediate reactions of the participants and the exploration
of CounterStress in a controlled environment. For the field-based
study, the same approach was applied to diary records that captured
participants’ reflections and nuanced stress management practices
using CounterStress across diverse real-world situations. Although
the same analytical approach was applied in both studies, the analy-
ses were conducted independently to reflect the specific contexts in
which the data were collected, allowing for a more comprehensive
understanding of diverse user experiences.
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Table 3: Key findings from the evaluation of CounterStress, organized by research questions and corresponding user studies

Section Research Question Source Key Findings
5.1 RQ1: How do users perceive

suggested coping strategies
based on counterfactuals?

Lab-based
user study

(1) Enables users to simulate the impact of contextual changes on
stress levels without requiring complex data analysis

(2) Provides detailed and practical coping strategies to help reduce
stress in specific situations

(3) Offers a variety of coping strategies and allows users to compare
their impact on stress levels

5.2 RQ2: How do users explore and
select coping strategies based
on counterfactuals?

Lab-based
user study

(1) Determined target situations for exploring coping strategies based
on high-stress probabilities and frequency of occurrence

(2) Applied constraints for unavoidable contexts and explored
counterfactual scenarios by modifying other contextual factors

(3) Evaluated coping strategies using counterfactual generation criteria,
with historical frequency identified as the most critical

5.3 RQ3: How do users apply coping
strategies based on
counterfactuals in the
real-world settings?

Field user
study

(1) Utilized CounterStress’s coping strategies to plan upcoming
activities, manage stress in real-time, and reflect on the day

(2) Made contextual changes based on CounterStress’s suggestions,
influencing their behaviors and thoughts on stress management

5 Evaluation
We investigated our research questions through a lab-based user
study and a field user study, as described in the previous section.
As summarized in Table 3, the lab-based user study provided in-
sights into RQ1 (users’ perceptions of counterfactual-based coping
strategies) and RQ2 (how users explore and select such strategies).
Meanwhile, the field user study addressed RQ3 (how users apply
counterfactual-based coping strategies in real-world settings).

5.1 RQ1: How Do Users Perceive Suggested
Coping Strategies Based on Counterfactuals?

The lab-based user study indicated that the coping strategies sug-
gested by CounterStress were useful for managing stressful situa-
tions in daily life. Participants particularly evaluated that coping
strategies based on counterfactuals from theWhat-If analysis would
be beneficial, considering both their data collection experience dur-
ing this study and their prior use of PI systems. Our SUS survey
with 12 participants yielded a mean score of 75.0 (SD: 15.6), indi-
cating that the usability of CounterStress was ‘good’ for assisting
users in planning stress coping. In this section, we present findings
derived from interviews conducted during the lab-based study.

5.1.1 Enabling Coping Planning Without Complex Data Analysis.
Participants were able to efficiently explore how changes in context
within specific situations could impact stress levels using Counter-
Stress. In the interviews, participants reflected on past difficulties
in investigating how changes in each context affected stress levels
in specific situations. P01 noted, “I looked at what I was doing when
my stress was the highest and tried to figure out what activity to
switch to, but there were so many activities. If I had tried to change
other factors too, well... it probably would’ve taken way too much
effort.” In addition, manual exploration has become more challeng-
ing, because stress levels vary among records containing the target
context. P03 remarked, “Even when I’m doing the same activity, my
stress changes depending on when I do it or who I’m doing it with, so
the situations I need to consider are getting more complicated.”

Our results indicated that CounterStress allowed them to easily
examine stress levels across various situations without performing
complex data analysis, as P10 noted: “The biggest advantage is that
I can understand how to make positive changes in stressful situations
simply by specifying the conditions I want to investigate, without
analyzing everything myself.” P03 said, “I think CounterStress would
be helpful for people who often feel stressed. Some might even go
to counseling for it, but this could help them easily figure out what
changes they need in their daily life.” The participants appreciated
the ability to simulate how stress might change without having
to change contexts in real life, enabling them to assess situations
that they were curious about. “I like that CounterStress can predict
whether a strategy I’ve never tried before will work for me or not.
Otherwise, I’d have to try everything out blindly.” (P04).

5.1.2 Providing Effective Coping Strategies for Reducing Stress. Par-
ticipants were able to obtain detailed and practical coping strategies
to reduce stress using CounterStress. They responded that the PI
systems they had used in the past did not adequately support such
features. Typically, these systems focused on displaying changes
in health metrics (e.g., stress levels and sleep quality) over time.
Therefore, while they were aware of their stress levels, they found
it challenging to clearly determine actionable steps to manage their
stress using their data. P09 noted, “I often collect my data, but it
doesn’t really help me understand the reasons behind it in connection
with other factors, so I haven’t thought much about what I should
change.” Although some participants attempted coping planning,
they questioned whether it was an effective approach, as P06 re-
sponded: “With a typical stress app, I’d check when my stress was at
its peak and think, ‘I should do the opposite.’ But I wouldn’t be sure if
just changing my activity would really reduce my stress.”

However, CounterStress provided participants with specific rec-
ommendations for contextual changes in specific situations, en-
abling them to develop actionable coping strategies. “Evaluating
things by changing conditions one by one like this would help me
create concrete strategies to lower stress effectively” (P06). Particu-
larly, participants appreciated the ability to observe how changes
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in other contexts affected stress levels while keeping a specific con-
text fixed, enabling them to plan more realistic coping strategies.
“When it comes to studying or doing assignments, I can’t avoid them,
but I found that changing the time or who I’m with can lower my
stress. So, I realized I could manage my stress more flexibly with these
insights” (P05). Additionally, participants reported that the fact that
the counterfactual scenarios were generated based on the user’s actual
data increased the reliability of the analysis results (P05, P06, P10).
However, there was also feedback that additional explanations were
needed for the reliability of situations that were untried (P08).

5.1.3 Allowing Exploration of Various Coping Strategies. Partici-
pants positively evaluated CounterStress for its ability to provide
multiple coping strategies tailored to specific situations. P09 said,
“It shows multiple strategies, allowing me to choose the ones that seem
the most suitable for the given situation. I like that it offers various
options to apply based on the situation.” P04 also highlighted the
availability of multiple strategies, “Because I have a set routine, I’d
probably rely on my past experiences when looking for coping strate-
gies in the data. There might be better, new strategies out there, but
finding them in the data doesn’t seem easy without systems like this.”

Furthermore, the ability to compare different coping approaches
provided helped participants understand how different contexts
interact and influence changes in stress levels. P12 responded, “Even
in similar situations, like studying with friends in the club room, I
noticed how much my stress changes depending on the time. I realized
small context changes can have a bigger impact than I expected.” This
experience motivated them to explore new approaches that they
had not previously considered.

5.2 RQ2: How Do Users Explore and Select
Coping Strategies Based on Counterfactuals?

In this section, we explore how participants explored and selected
counterfactual-based coping strategies using CounterStress in the
lab-based user study. The findings highlight their processes of en-
gaging with the data and analysis results, as well as their criteria
for evaluating and selecting coping strategies.

5.2.1 Selecting Target Situations for Exploring Coping Strategies.
Participants primarily selected situations to investigate based on
two criteria: those with a high probability of a ‘high’ stress state
and those that occurred frequently. They focused on high-stress
situations because their primary goal in using CounterStress was to
reduce stress. They were particularly curious about stress reduction
in unavoidable high-stress situations, prompting them to explore
these cases more thoroughly. P07 mentioned, “From the data and my
own experience, it seemed like studying stressed me out the most, so I
focused more on situations where I was studying. I was also curious
about how I could study with less stress.” There were also coun-
terfactuals for low-stress situations (i.e., stress-increasing context
changes), but participants were less interested in this information.

In addition, participants considered frequently occurring situ-
ations to be important because of their relevance and impact on
their daily lives, as P08 noted. “As a student, the contexts I typically
experience are relatively fixed. So, when certain contexts occur fre-
quently, they become major parts of my daily life and hold greater
relevance to me.” Additionally, they explained the importance of the

situation’s frequency in relation to stress levels, as P03 mentioned:
“If something only shows up once or twice with a high probability, I
assume it’s just a coincidence and move on. But if it happens often and
has a high probability, I trust the results more and take a closer look.”
Furthermore, participants explored situations they were curious
about regarding their impact on stress, as well as those in which
they could make more changes.

Depending on the features provided by CounterStress, the par-
ticipants determined the target situations for investigation based
on either individual contexts or their combinations. They reviewed
the information provided on the Review or Analysis screens and
selected situations that included specific individual contexts as anal-
ysis targets. On the Review screen, they selected high-stress days
from the calendar and identified commonly occurring contexts on
those days. Then they chose to analyze situations in which these
contexts were present, assuming that these contexts were likely to
contribute to high stress. From the Analysis screen, they focused on
contexts with high average stress levels or those identified as stres-
sors, prioritizing those that were frequently recorded. Furthermore,
the participants determined their analysis targets at the situational
level (i.e., combinations of contexts) based on the information dis-
played on the What-If screen. They reviewed the stress information
and frequency of occurrence for various situations and selected
those that they wanted to explore as coping strategies.

5.2.2 Setting Constraints to Reflect Real-World Situations. Partic-
ipants evaluated the ‘constraint’ feature as a key element when
reviewing the counterfactual scenarios on the What-If screen. All
participants utilized the constraint to fix certain contexts that they
intended not to change and explored changes in the remaining
contexts. The most commonly fixed contexts were of the ‘activity’
type, stemming from their primary question: “In what situations
should I perform these activities to experience less stress?”

These activities typically represent essential tasks in daily life
(e.g., studying, attending classes, or working), and they are un-
avoidable even if they are associated with high-stress states. Conse-
quently, they explored coping strategies by modifying other context
types (i.e., location, social setting, and time) while keeping the ac-
tivity unchanged. Participants also fixed other types of contexts
based on the characteristics of the activities and compared poten-
tial coping strategies within these constraints. For example, some
activities had to occur at a specific time or place (e.g., attending an
in-person class in the morning (P08)) or with certain people (e.g.,
participating in a club activity with club members (P06)).

As more constraints were added, the available options for cop-
ing strategies became very limited or even entirely unavailable. In
such cases, participants gradually relaxed less critical constraints to
secure more coping strategies. During this process, they suggested
ways to increase the availability of coping strategies, such as al-
lowing the recording of more diverse types of information beyond the
four context types (P11) or displaying potential strategies even if the
probability is above 50%, as long as it represents an improvement over
the initial situation (P10, P12).

5.2.3 Assessing Coping Strategies Using Counterfactual Generation
Criteria. When CounterStress provided several coping strategies
based on counterfactuals, participants compared and determined
which plan would be most appropriate for the given situation. They
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evaluated coping strategies from the perspective of three criteria
considered in the counterfactual generation process: (1) high-stress
probability, (2) number of context changes, and (3) historical fre-
quency. We observed that these criteria served as auxiliary informa-
tion, facilitating participants to easily identify differences between
counterfactual situations.

Historical frequency: Among the three criteria for generating
counterfactuals, most participants considered historical frequency
the most important. They prioritized situations that they had ex-
perienced in the past, expecting these combinations to be more
likely to occur. P02 mentioned, “Considering my routine, I thought
that situations with high frequency are likely to happen more often
in the future.” P06 also added, “If a situation hasn’t shown up in over
a month of data collection, I think it’s unlikely I’ll encounter it in the
future. It seems more practical to find ways within the situations I’ve
already experienced.”

The situations that participants had not previously experienced
can be categorized into three types. (1) Feasible and desirable: The
participants found these situations achievable and were interested
in trying (e.g., studying alone at a cafe in the morning (P05)). They
were seen as meaningful strategies that could introduce new ways
to reduce stress. (2) Feasible but not desirable: These were situa-
tions that, although not impossible to apply, were not appealing to
participants (e.g., taking an online class at the gym in the afternoon
(P04) or studying with friends at a pub at night (P10)). These strate-
gies remained as potential options depending on preferences. (3)
Infeasible: These combinations were entirely unachievable based on
physical limitations, social norms, or common sense (e.g., studying
with my girlfriend in the evening at the dormitory (P02), since the
dormitory is separated by gender).

Although untested situations may likely have been lower in pri-
ority when selecting a coping strategy, participants noted that it
was still valuable to display them. P04 noted, “I believe that un-
tried results should still be shown. They’re based on my records and
might suggest new ways to manage stress. I think it’s important to be
aware of these possibilities.” P09 also responded, “If I only consider
situations I’ve already experienced, I’ll never have the chance to try
something new, and my stress patterns will probably stay the same.”
Since the What-If feature allowed for simulation before making
actual changes, the participants anticipated no risk in exploring a
wide range of untried situations.

Number of context changes: The next most important fac-
tor for many participants when selecting a coping strategy was
the number of context changes. Participants generally preferred
strategies that required fewer context changes as they found it less
burdensome to achieve the desired outcome. “To lower my stress, I’d
have to switch locations, find someone to do an activity with, and so
on... and when all that starts piling up, it just feels more overwhelming
for me” (P09). In addition, they noted that strategies involving more
contextual changes became less relevant to the original situation,
making it harder to perceive them as practical coping strategies
(P01, P03, P05).

The setting of the constraints also influences the number of
contexts that can be changed. For instance, participants who fixed
both the activity and location in the constraints could identify
coping strategies that involved changing social settings and time.
In some cases, they did not pay much attention to the number of

contexts that could be changed when setting constraints, as P11
noted. “I took setting constraints to mean that everything except those
conditions could be changed. So, how many context changes I allow
became less important to me.”

High-stress probability: High-stress probability was not con-
sidered as a primary factor by the participants unlike other factors.
This was partly because all the presented coping strategies had a
predicted probability of ‘high stress’ below 50%, which resulted in
lower stress than the target situation. Consequently, participants
viewed this probability as a minor factor, considering it only when
comparing similar coping strategies.

When comparing these probabilities, the participants considered
the number of contexts that needed to be changed. They assessed
whether the context changes were worthwhile, similar to a cost-
benefit analysis. If the probability of reducing stress below a mod-
erate level did not increase significantly with additional context
changes (e.g., changing location), they preferred strategies that re-
quired fewer changes. P05 noted, “If changing one context reduces
my stress by 20%, and changing two reduces it by 40-50%, I’d probably
go for changing two. But if changing two only reduces it by an extra
5%, I don’t think I’d bother changing both.”

Through this evaluation process, participants proposed addi-
tional methods to generate and provide more feasible coping strate-
gies. They emphasized that user feedback could play a significant
role in refining the strategies. For instance, P04 mentioned, “It
would be great to get user feedback on the strategies shown and decide
whether to keep showing them based on that feedback.” Additionally,
participants suggested the need for users to set evaluation criteria or
prioritize contexts from the beginning. P10 noted that this approach
could better account for real-world constraints while introducing
untried situations for consideration. “For example, CounterStress
could allow users to prioritize study locations like the library, dorm,
or home in advance. This way, they can select realistic places while
still adjusting factors like time or social setting.”

5.3 RQ3: How Do Users Apply Coping Strategies
Based on Counterfactuals in Real-World
Settings?

The one-week field user study specifically focused on understand-
ing how participants applied CounterStress in real-world settings.
Insights from diary entries revealed diverse usage behaviors and
demonstrated how counterfactual-based coping strategies supported
stress management in their daily lives.

5.3.1 Purpose of Using CounterStress and Coping Planning Process.
Participants reported using CounterStress for various purposes.
They employed it to review stressors based on the collected data
and to plan situations for reducing stress before initiating spe-
cific activities (e.g., study (P04), club activities (P06), and activities
planned for the upcoming semester (P09)). Additionally, some par-
ticipants used CounterStress in real-time situations to explore ways
to lower their stress. Furthermore, they used it at the end of the
day to reflect on their stress levels.

The process of identifying an appropriate coping strategy was
similar to that used in the lab-based user study. Participants typi-
cally fixed the activity contexts that interested them and explored
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strategies by changing other context types. They also tended to
focus on context combinations they had previously experienced
to apply the suggested strategies readily. P08 reported, “I focused
on situations I’ve experienced before and chose ones that (1) signifi-
cantly lowered the probability and (2) were easier to achieve.” When
using CounterStress in real-life settings, participants considered
various criteria to determine the optimal strategy, as P09 noted. “I
set constraints to filter out essential tasks and then looked for bet-
ter options by balancing the probability change with the number
of context changes needed.” Some participants explored all results
without specific constraints, driven by curiosity about the analysis
outcomes (P09, P10).

5.3.2 Experience of Utilizing Counterfactual-Based Coping Strate-
gies. The participants reported a range of experiences with using
coping strategies in their diaries. Initially, they attempted to change
the contexts based on the strategies suggested by CounterStress.
P10 reported, “I adjusted my work hours and started working early in
the morning before most of my colleagues arrived.” When making a
new decision, CounterStress serves as a tool to predict the outcomes
of these changes before implementation. Some participants experi-
enced a palpable reduction in stress after following these context
changes, as P09 mentioned, “I tried writing my paper at a cafe in-
stead of at home, and with a friend instead of alone. This really helped
me keep my stress low while also boosting my productivity.” More-
over, there were cases in which participants reconfirmed that the
provided stress information was consistent with real-world stress.
P08 reported, “I was working alone at night and when a colleague
came in, I felt a bit uncomfortable. When I checked CounterStress, I
saw that my stress state shifted from low to high when I was with a
colleague compared to being alone.”

The use of CounterStress in daily life also influenced the thoughts
and behaviors of participants. They recognized that the impact
of context on everyday stress was greater than they had initially
assumed. Drawing insights from CounterStress, they aimed to ac-
tively apply coping strategies to reduce stress, such as spending
more time in stress-relieving locations (P06), completing important
tasks early in the day (P10), and having meals at a restaurant rather
than at the dormitory or convenience store whenever possible (P08).
Some participants found it valuable to try new approaches to stress
management that they had not previously considered. Additionally,
participants expressed interest in integrating the contextual data
with other types of data to gain a more comprehensive understand-
ing of their stress. P09 noted, “I realized that data from other health
apps, like sleep or eating habits, can also affect my stress levels. I’d
like to consider this information too and do a more in-depth analysis.”

In addition to sharing their experiences with CounterStress in
daily life, participants identified potential areas for improving the
system, particularly by expanding the scope of data and incorporat-
ing collective insights from other users. Participants highlighted the
importance of collecting more diverse and detailed data to uncover
actionable insights. For instance, P08 wrote, “It would be helpful
to collect more detailed context. Like, instead of just ‘class,’ it could
say ‘CS101’ so the analysis can be more specific to each situation.”
They also proposed integrating data from external sources, such as
wearables or journals to enhance the system’s recommendations.
As P11 noted in their diary, “Things like exercise and sleep probably

affect stress, too. Since I track that info with my smartwatch automat-
ically, I think it’d be great if it could be used in the coping strategies as
well.” Additionally, they suggested leveraging aggregated data from
other users to broaden the range of feasible coping strategies. P12
wrote, “It might be a good idea to show coping strategies that others
commonly find feasible. That way, even if it’s a situation I haven’t
experienced, I could still try it out.” Such aggregated insights could
also help exclude impractical strategies, as noted by P11: “If none of
the users have tried a certain situation, it could be excluded.”

6 Discussion
6.1 Leveraging Counterfactual Explanations for

Personal Informatics
In this study, we designed a PI system named CounterStress that
supports stress-coping planning using counterfactual explanations.
CounterStress is designed to focus on “practical solutions” for stress-
ful situations encountered in daily life, empowering users to make
informed decisions through actionable and personalized coping
strategies derived from their own data. The system helps users
identify necessary changes in specific situations, offering effective
ways to reduce stress and improve well-being, even when real-
world constraints limit their options. The lab-based and field user
studies demonstrated that CounterStress enabled participants to ex-
plore diverse coping strategies, providing clear, data-driven insights
that helped them manage stress in everyday scenarios.

Previous studies have designed PI systems that analyze and pro-
vide insights into factors affecting users’ health and well-being [5,
45, 61], or that support the experimentation process [23, 48]. How-
ever, critical challenges remained in the coping planning process
using personal data, mainly due to multiple, simultaneously occur-
ring stress-influencing factors and practical constraints that limited
direct control over stressors. Through our exploration of RQ1, we
found that the use of counterfactual explanations in the coping
planning process could effectively address these challenges. Coun-
terStress enabled users to explore coping strategies without
the need for complex data analysis. Furthermore, it generated
diverse counterfactual-based coping strategies, each differing in
the contextual factors to be changed, allowing users to select
the most suitable options for each situation. This variety in
counterfactuals also accounted for real-world constraints, facil-
itating the provision of feasible and actionable solutions.

Participants could understand contextual factors that causally
influenced stress through the causal inference analysis provided
on the Analysis screen of CounterStress. These causal factors were
also considered when exploring coping strategies on the What-If
screen. However, when directly addressing these causal factors was
not feasible, participants relied on counterfactual explanations to
effectively plan alternative coping strategies. Both counterfactual
explanations and causal inference aim to answer “what if?” ques-
tions by analyzing the impact of changing a treatment (i.e., cause)
condition on an outcome. While they share this common purpose,
they differ fundamentally in methodological rigor and assumptions.

Counterfactual explanations typically analyze data without con-
trolling for confounding variables, relying on correlation-based
approaches. In contrast, causal inference ensures that observed
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Friends, Evening
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Counterfactual Explanations
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Figure 6: The combination of counterfactual explanations and causal inference: Based on the altered condition in the counter-
factual scenario (e.g., from Library to Dormitory), we can further investigate whether this change is the “cause” of a reduction
in stress levels. This is achieved through a quasi-experimental approach, which controls for confounding factors (e.g., activity,
social setting, and time at those locations) and estimates causal effects [45].

differences in outcomes are solely attributable to the treatment con-
dition by balancing the distribution of confounding variables across
comparison groups. This distinction highlights a limitation of coun-
terfactual explanations: i.e., their lack of control for confounding
variables may lead to less rigorous and potentially biased insights.
Despite this limitation, exploring counterfactual explanations is still
valuable because multiple variables (including both confounders
and outcome predictors) can be simultaneously examined to find a
feasible alternate reality with a desirable outcome.

To enhance the robustness of findings, as a promising solution,
exploring counterfactural explanations can be combinedwith causal
analysis. For instance, Figure 6 illustrates a counterfactual scenario

where the location changes from [studying, library, alone, after-
noon] to [studying, dormitory, alone, afternoon]. Here, after view-
ing this counterfactual scenario, a user may want to subsequently
validate a causal relationship. We can apply a quasi-experimental
approach, such as matching, as briefly illustrated in Section 3.3;
e.g., after setting ‘library’ as a control group and ‘dormitory’ as
a treated group, remaining contextual factors (activity, social set-
ting, and time) are matched for treatment effect estimation [46].
Consequently, integrating counterfactual explanations with
causal inference enables users to validate the effectiveness
of strategies, offering analytical rigor while maintaining
exploratory flexibility. Beyond quasi-experimental approaches,
causal ML techniques could also be considered as an alternative for
integrating causal estimation into CounterStress [31]. Methods such
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as causal forests [86] or deep-learning-based treatment effect esti-
mation [64, 78] may provide more scalable and data-driven ways to
estimate causal effects. Unlike traditional quasi-experimental meth-
ods requiring manual feature selection and predefined model struc-
tures, causal ML techniques automatically learn relevant variables
and capture complex, nonlinear relationships in high-dimensional
data. This enables more flexible and adaptive causal effect estima-
tion while complementing counterfactual explanations.

The process by which CounterStress supports coping planning
can be interpreted through the lens of Lazarus and Folkman’s trans-
actional model of stress and coping [55]. Based on the insights
provided in the Review and Analysis screens, users undergo the pri-
mary appraisal to identify whether their stress levels are acceptable
and which contexts may affect their stress. If users discover that
a particular context is a stressor, they then undergo the secondary
appraisal, evaluating whether they can control or manage that con-
text using their information. During this process, CounterStress
provides potential coping strategies derived from counterfactu-
als. These strategies can be considered either problem-focused or
emotion-focused coping, depending on whether they control the
stressor itself or change other contexts to reduce stress. Coun-
terStress can also effectively represent the latter, where stress is
managed by indirectly controlling emotional responses instead of
directly addressing the stressor. Thus, the coping planning facil-
itated by CounterStress provides actionable, context-tailored
strategies while aligning closely with established theoretical
frameworks, underscoring its practical relevance and theoretical
grounding in stress management.

6.2 Considerations for Generating and
Delivering Effective Counterfactuals in
Personal Informatics

In this study, we explored how CounterStress could support stress
management by generating multiple counterfactuals for target sit-
uations. However, findings from the lab-based user study (RQ2)
indicated that not all counterfactuals were viable as coping strate-
gies, and users prioritized different criteria when evaluating their
applicability. Similarly, insights from the field user study (RQ3)
highlighted additional considerations for generating and delivering
effective counterfactual-based coping strategies, such as leveraging
other users’ data and insights. In particular, users gave higher pri-
ority to counterfactuals resembling situations they had previously
experienced, emphasizing the need to assess their feasibility in real-
world contexts. Based on these findings, we propose approaches
to refine the generation and evaluation of counterfactuals to
provide users with more feasible and actionable solutions.

6.2.1 Generating Counterfactuals by Incorporating User Preferences.
First, we explored ways to create more relevant coping strategies
when generating counterfactuals. Although the overall trends were
similar, the users showed slight differences in the criteria they
prioritized. These differences can be incorporated into the counter-
factual generation process by assigning weights to the objective
functions in the existing counterfactual explanation methods.

For example, Dandl et al. [22] minimized four objectives (i.e.,
validity, similarity, minimality, and plausibility) in the loss function.

By weighing these objectives based on user priorities, different
sets of counterfactuals can be generated. These weights can either
be manually set by users or adaptively adjusted based on their
feedback on counterfactuals. Consequently, users receive coping
strategies that align better with their situation and preferences.

6.2.2 Improving Feasibility of Counterfactuals with Statistical Ap-
proaches. In our study, the feasibility was assessed by simply tal-
lying the frequency of a specific situation in the existing dataset.
However, this frequency-based approach has limitations since it
does not consider the interactions between individual contexts (e.g.,
“I am often in the dormitory at night”) and fails to provide addi-
tional insights for context combinations that have never occurred,
as they are simply assigned a frequency of zero. To address this,
the likelihood of a counterfactual occurring may be calculated by
leveraging the conditional probabilities between the contexts
included in that counterfactual, thereby using this as a criterion
for assessing its feasibility.

For example, if the counterfactual for a target situation [studying,
library, alone, afternoon] is [studying, dormitory, alone, afternoon],
the probability can be calculated as 𝑃 (studying, dormitory, alone,
afternoon) = 𝑃 (dormitory | studying, alone, afternoon) · 𝑃 (studying,
alone, afternoon). In addition, by applying smoothing techniques
(e.g., Laplace smoothing), a probability of zero no longer needs to be
assigned to combinations that have never occurred, thus generating
more informative estimates. Furthermore, many situations that are
completely unrealistic can be filtered out by providing only the
counterfactuals that exceed a certain probability threshold.

6.2.3 Leveraging User Feedback for Feasible Counterfactual Solu-
tions. We propose employing user feedback on provided coun-
terfactuals to exclude infeasible counterfactuals from future rec-
ommendations as options for a coping strategy. For example, if
a counterfactual such as [studying, dormitory, girlfriend, night]
is provided, information can be collected from the user regarding
subsets of contexts that cannot exist together (e.g., dormitory, girl-
friend), whereby counterfactuals containing such subsets are not
generated. Alternatively, as suggested in our user study, only com-
binations that are realistically possible can be considered. However,
this approach may remove new possibilities that users have not
previously tried. Therefore, it would be preferable to focus on ex-
cluding only those combinations that are entirely impossible while
supporting users in making the final decision within the remaining
counterfactuals.

Additionally, as noted in the user study, common sense can be
incorporated as feedback to evaluate the feasibility of counterfac-
tuals. For instance, the general assumption is that people study,
work, or hold meetings in libraries, whereas social activities and
dining typically occur at bars. Although studying at a bar is not
entirely impossible, using common sense, this option would be
rarely chosen. Therefore, by incorporating common sense, a lower
priority can be assigned to combinations that are unlikely to occur
in real life, thereby providing counterfactuals accordingly.

Furthermore, by aggregating feedback from multiple users on
various counterfactuals, coping strategies that are generally con-
sidered acceptable or preferred can be identified. This approach
increases the likelihood of presenting counterfactuals that users
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are likely to attempt. By continuously updating the criteria for ap-
propriate counterfactuals based on user feedback, the system can
offer even more personalized coping strategies.

6.2.4 Delivering Coping Strategies at Opportune Moments. Finally,
opportune moments for providing coping strategies can be
considered to ensure that users can utilize themmore effectively [41,
69]. Our field user study revealed that users tended to review these
coping strategies before certain situations and utilize them to plan
ways to reduce stress. Based on this, we considered the following
delivery approaches.

First, by analyzing users’ self-tracking data, we can identify their
routines and predict stress levels in upcoming situations. If a situa-
tion is predicted to be stressful, coping strategies can be provided
in advance, allowing users to proactively manage their stress. Ad-
ditionally, the system may deliver this information when users are
reflecting on their day and planning for tomorrow. This would
further enhance their stress management skills and capabilities by
leveraging their self-knowledge from PI systems.

6.3 Limitations and Future Work
Our user study results indicated that counterfactual-based coping
strategies have the potential to be effective in managing daily stress.
A more rigorous evaluation of CounterStress requires conducting
controlled experiments with larger samples. The system’s effective-
ness can be assessed by comparing the number of coping strategies
generated by users after using the system and the actual reduction
in stress after applying these strategies. Additionally, continuous
data collection is essential for determining whether newly gener-
ated strategies remain effective over time.

In our study, the entire data consisted of categorical variables,
which may have limited the generation of counterfactuals. For
instance, the number of combinations may be limited, and subtle
changes may be more difficult to reflect than numerical variables.
Therefore, future research can consider generating counterfactuals
by incorporating numerical variables such as step count or sleep
duration, which can influence stress levels. Utilizing passive sensor
data collected from smartphones or wearables can be an option for
enabling this, with the added benefit of reducing the burden of data
collection on users. Incorporating more detailed and fine-grained
contextual information can further enhance the effectiveness of
counterfactual-based strategies.

Finally, we suggest exploring future research beyond stress cop-
ing because the proposed approach is not limited to stress-related
scenarios and can be adapted to other types of data. For exam-
ple, when monitoring blood glucose levels in diabetic patients,
counterfactual-based strategies can generate personalized coping
strategies for problematic situations. Key factors like sleep qual-
ity, physical activity, and carbohydrate intake can be tracked, and
strategies using these factors can be delivered when glucose levels
are expected to exceed acceptable ranges. These strategies may be
pre-simulated or provided as concrete actions when glucose levels
increase. Similarly, this counterfactual-based approach can be ex-
tended to other health and behavioral scenarios, offering tailored
solutions targeting specific situations.

7 Conclusion
In this study, we introduced a PI system, CounterStress, which lever-
ages counterfactual explanations to help users plan coping strate-
gies for high-stress situations. We investigated the user experience
with CounterStress to understand how PI users explore and apply
counterfactual-based coping strategies. Our study demonstrated
the feasibility of this approach for stress-coping planning, present-
ing how users evaluate and prioritize the different counterfactuals
suggested by the system. We also uncovered several design implica-
tions for generating and delivering counterfactual-based solutions
that can be more personalized and effective for stress management.
Additionally, we found that counterfactual explanations have the
potential to expand users’ self-awareness and improve their ability
to manage health-related challenges. By integrating this approach
with existing PI systems, we believe that our system can offer better
support not only for self-reflection but also for providing practical
guidance leading to meaningful actions.
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