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ABSTRACT
Personal informatics has been widely used to support users’ mental
health management by identifying factors associated with health
indicators from mobile data. However, it remains challenging for
users to develop data-driven coping strategies for mental health
issues, especially when targeting specific situations involving mul-
tiple factors. To address this, we suggest an analysis pipeline for
investigating counterfactual scenarios using mobile data. We also
show how the pipeline generates counterfactuals from an open
dataset, illustrating the feasibility of this approach in providing
practical guidelines for each unique situation. Moreover, we discuss
several considerations for integrating the proposed pipeline into
personal informatics systems.

CCS CONCEPTS
• Applied computing → Health care information systems; •
Human-centered computing → Mobile computing.
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1 INTRODUCTION AND RELATEDWORKS
Mobile devices such as smartphones and wearables have become
pervasive in everyday life, creating opportunities to provide practi-
cal data-driven insights for health management. Systems like per-
sonal informatics enable users to collect data from their daily lives
and use it to reflect on themselves or expand their self-knowledge [4,
13]. These systems are designed to address various health and
well-being issues and are particularly useful for managing chronic
diseases where long-term tracking and monitoring are necessary.
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Previous studies [11, 16] have also demonstrated the use of personal
informatics to support users in the domains of mental health (e.g.,
stress) and affective computing (e.g., emotion and mood).

According to the stage-based model suggested by Li et al. [13],
the final stage is ‘action,’ where users tailor their behaviors based
on self-reflection on their data. To change their goals or take action
in this stage, users first need to understand what affects their target
outcomes from their data. Regarding this, previous personal infor-
matics systems provided correlation analyses, such as the relation-
ships between contextual factors and well-being indicators [1]. Ad-
ditionally, they allowed users to conduct self-experimentation [10]
or identify causal relationships by employing quasi-experimental
approaches [8]. Findings from these analyses help users understand
which factors are positively or negatively related to their mental
health and plan their own strategies to improve their health status.

Yet, personal informatics systems suggested in previous studies
typically conducted analyses on the entire dataset but focused less
on individual instances. They could answerwhether a specific factor
is correlated (or causal) to the mental health indicator in general, but
were limited in guiding what should be done in specific situations
comprising multiple factors. For instance, systems may conclude
that studying leads to higher stress levels. However, at the instance
level, other contextual factors such as place, social settings, and
time (e.g., studying with friends at a cafe in the afternoon) can relieve
the stress caused by studying. This implies that different insights
can be provided depending on whether the relationship between
certain factors and mental health is viewed from the perspective
of the entire dataset or from individual instances. In the latter
case, personal informatics can suggest customized coping strategies
targeting specific combinations of contextual factors, providing
much more detailed and practical guidance. In the example above,
systems can suggest ‘studying with friends’ or ‘studying at a cafe’
for lower stress levels instead of simply saying ‘studying less.’

To enable this analysis, we suggest employing counterfactual
explanations [6], a well-known method in the explainable AI (XAI)
field, in personal informatics. “Counterfactuals,” which indicate sce-
narios contrary to established facts, allow people to consider alter-
native past events that might have led to different outcomes [2, 20].
For example, let us assume that students who usually do not study
much (i.e., factual) receive poor grades on their recent exams. They
might then think about events that did not actually happen such as
“What would have happened if I had spent more time studying or if I
had attended all the classes?” (i.e., counterfactual). The concept of
counterfactuals provides useful insights into machine learning mod-
els, enabling researchers to examine how a prediction can change
by modifying feature values. In the example above, changes in
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Figure 1: The overview of the counterfactual explanation pipeline for mental health proposed in this study

features such as time spent studying or the attendance rate may
alter the predicted grades on exams. Conversely, the model can
suggest which features need to be altered to what extent in order
to predict the desired outcome (e.g., study 15 hours more than in
the recent case to get a good grade with a probability above 75%).
Recent studies [21, 22] have applied counterfactual explanations
to mental health prediction research to reveal significant indica-
tors from machine learning models built on data from multiple
participants. However, since our objective is to provide solutions
to each individual through personal informatics, we chose to build
a model and generate counterfactuals using data collected from
specific individuals. Given that the same situations may affect each
individual’s stress differently, we expect that this approach would
result in more personalized coping strategies for mental health.

In this study, we first propose a counterfactual analysis pipeline
for personal informatics, outlining a process to explore which con-
textual features need to be changed to achieve desired mental health
outcomes using everyday mobile data. In addition, we showcase
how this pipeline generates counterfactual scenarios using an open
dataset consisting of stress levels and multiple contextual factors
(i.e., activity, place, social setting, and time). Based on this case study,
we discuss design considerations for employing counterfactual ex-
planations in personal informatics for mental health management.

2 COUNTERFACTUAL EXPLANATION
PIPELINE FOR MENTAL HEALTH

We suggest an analysis pipeline for investigating counterfactual sce-
narios for managing mental health using mobile data. As illustrated
in Figure 1, this pipeline consists of three steps: (1) data collec-
tion and preprocessing, (2) determining the target counterfactual
scenario, and (3) exploration of counterfactual cases.

2.1 Data Collection and Preprocessing
The first step is collecting and preprocessing mobile data to con-
struct a basic lifelogging dataset. As suggested in previous stud-
ies [17], mobile devices such as smartphones and wearables can
automatically collect various types of sensor data, allowing us to

extract features that represent human behaviors, contexts, and
mental health states. As exemplified by Jung et al. [9], mobile data
collected from passive sensors (e.g., GPS and accelerometer) and
interactions with devices (e.g., touching or swiping the smartphone
screen) can be preprocessed and converted into features such as sig-
nificant places, physical activities, and mobile app usage behaviors.
Moreover, mental health indicators such as perceived stress levels
can also be inferred from data recorded through microphones dur-
ing conversations [14] or collected via body-worn sensors such as
photoplethysmography (PPG) and electrocardiography (ECG) [7].

However, some features, such as perceived stress levels, may be
challenging to capture relying solely on automatically collected data.
In such cases, the experience sampling method (ESM) with mobile
devices [24] can be used, allowing individuals to self-report their in-
situ experiences, including mental health status. ESM data is useful
for gaining a more detailed understanding of the individual as it
complements the information extracted from passive sensor data.
Through this process, we can construct a dataset that describes the
individual’s situation and mental health status at specific moments.

2.2 Target Counterfactual Scenarios
In the second step, we determine the target counterfactual scenario
by specifying the individual instance to be investigated and the
desired outcome. As explained in the previous section, counterfac-
tual scenarios provide insights into what the potential outcomes
might have been if alternative choices or situations, which did not
actually occur, had been made. By comparing the outcomes derived
from the factual and counterfactual cases, it can be evaluated which
choice would have been preferable.

Conversely, this concept can help identify the proper counterfac-
tual cases that could change the outcome prediction to the desired
one. In this step, we choose a target instance to be investigated,
consisting of factual contextual features (X) and the corresponding
(predicted) mental health outcome (𝑌 ), from the dataset built in the
previous step. Moreover, we decide on a desired health outcome
(𝑌 ′) different from 𝑌 , and subsequently identify the counterfactual
feature set (X’) that predicts the 𝑌 ′.
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2.3 Exploration of Counterfactual Cases
Based on the target instance (X, 𝑌 ) and the desired outcome (𝑌 ′),
we explore the counterfactual feature set (X’). In this step, we train
a machine learning model to predict the mental health outcome
using the given features. Then, we explore the changes in feature
values required to achieve the desired outcome using the model.

Previous studies have suggested several approaches to identify-
ing counterfactuals following Wachter et al.’s pioneering work [25],
such as Actionable Recourse [23], Diverse Counterfactual Explana-
tions (DiCE) [18], and Multi-Objective Counterfactuals (MOC) [3].
We chose to employ theMOC due to its capability to provide diverse
counterfactual sets while considering trade-offs between multiple
objectives, making it practical for suggesting more alternatives to
personal informatics users. Specifically, this approach searches for
counterfactuals by optimizing four objectives, resulting in counter-
factuals that (1) have predicted outcomes close to the desired one,
(2) minimize the change in each feature, (3) minimize the number
of features changed, and (4) are likely to be in the actual dataset.
Dandl et al. [3] demonstrated the usefulness of the MOC by com-
paring it with other relevant approaches, showing that it offers
more counterfactuals that resemble the training data more closely
and require fewer feature changes.

Consequently, this process provides a counterfactual contextual
feature set that would bring about the desired health outcome and
describes the probability of predicting those outcomes. Also, it can
produce multiple counterfactuals, allowing individuals to choose
the most useful ones while considering their feasibility in practice.

3 CASE STUDY
3.1 Method
We showcase how the proposed pipeline generates counterfactual
scenarios for mental health management from a lifelogging dataset.
As a case study, we utilized an open dataset collected in a recent
study [8] exploring causal relationships between contextual features
and perceived stress levels. This dataset consists of ESM data from
24 participants collected over 6 weeks, including contextual features
(i.e., activity, location, social setting, and time) and perceived stress
levels on a 5-point Likert scale. Hereafter, we refer to combinations
of these contextual features as ‘contextual feature sets.’

To show the feasibility, we provide an in-depth analysis of one
participant (ID: 24). We selected this participant from among sev-
eral others to gather as many self-report stress labels as possible
(726 samples) in order to create a model for counterfactual explana-
tions. Out of a total of 726 samples, we identified 132 unique sets
of contextual features, each consisting of different combinations of
activity, location, social setting, and time. We used these contex-
tual feature sets as target instances for exploring counterfactuals.
Furthermore, for simplicity, we binarized the stress levels into high
and low based on the mean stress level. This binarization may also
make the explanations provided to users simpler and more intuitive
(e.g., an explanation like “to have below-average stress” rather than
“to have a stress level of 2”). The collected self-report stress data
exhibited a bimodal distribution, so there was less potential for
issues that could arise from dividing the data based on the mean
value, which can occur with a unimodal distribution [5].

We trained a random forest model to predict the perceived stress
levels based on the set of contextual features. Depending on the pre-
dicted outcome of the target instance, we explored counterfactual
contextual features that would result in the opposite outcome via
Multi-Objective Counterfactuals (MOC) [3]. If the predicted stress
level was high, the pipeline provided sets of contextual features
that would predict a low stress level, and vice versa. By doing so,
individuals can alter their behaviors or environments by examining
the suggested set of contextual features as potential stressors.

3.2 Results
Among the 132 unique sets of contextual features, 39 were predicted
to result in high stress and 93 in low stress. For each of these sets, an
average of 3.9 counterfactual cases were identified (SD: 4.1, Max: 22,
Min: 1). Two-thirds of the unique contextual feature sets generated
three or fewer counterfactuals, while three sets generated more
than 20 counterfactuals. Also, 96.7% of the identified counterfactuals
changed only 1 or 2 features from the factual case, indicating that
changes were minimized when searching for counterfactuals.

As an example, we illustrate how the counterfactual cases were
generated for the contextual feature set {studying, dormitory, alone,
morning}, which occurred most frequently in the original dataset
(65 times out of 726 samples). This set showed an average stress
level of 3.92 (SD: 0.85) out of 5, and the trained model predicted
high stress with a probability of 98.4% (Accuracy: 0.764, F1-Score:
0.766). During the counterfactual exploration process, the pipeline
generated three counterfactual cases for this set of factual fea-
tures. Table 1 shows details of the counterfactuals, including their
contextual features and probabilities of being predicted as either
high-stress or low-stress using the model. The results highlight that
stress could be lowered if the activity is changed from ‘studying’ to
‘resting,’ ‘leisure activity,’ or ‘eating.’ In fact, these counterfactuals
can act as coping strategies, helping individuals understand which
contextual features should be changed to manage their stress better.

Table 1: The counterfactual cases for the contextual feature
set {studying, dormitory, alone, morning} (F: Factual, CF:
Counterfactual)

Activity Location Social Time High
stress

Low
stress

F Studying Dormitory Alone Morning 0.984 0.016
CF Resting Dormitory Alone Morning 0.018 0.982
CF Leisure activity Dormitory Alone Morning 0.188 0.812
CF Eating Dormitory Alone Morning 0.384 0.616

Conversely, we could select cases predicted to have low stress
and explore which feature changes would result in the undesired
outcome (i.e., high stress). For example, we started with the con-
textual feature set {resting, dormitory, alone, afternoon}, which
showed a low stress level (Mean: 2.67, SD: 1.41). For this set of
features, the trained model predicted low stress with a probability
of 90.8% (Accuracy: 0.770, F1-Score: 0.745), and four counterfactual
cases were generated through the proposed pipeline, as illustrated
in Table 2. This person may utilize these findings to avoid situations
that could increase stress from the current situation. In this case,
changing the activity from resting to studying, social activity, or
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class, or moving from the dormitory to the classroom, may cause
the person to experience higher stress. The individual may then
avoid these changes when they are in {resting, dormitory, alone,
morning}. In addition, note that the counterfactuals can be gener-
ated by changing different feature types (i.e., activity or location),
as shown in this example.

Table 2: The counterfactual cases for the contextual fea-
ture set {resting, dormitory, alone, afternoon} (F: Factual,
CF: Counterfactual)

Activity Location Social Time High
stress

Low
stress

F Resting Dormitory Alone Afternoon 0.092 0.908
CF Studying Dormitory Alone Afternoon 0.998 0.002
CF Social activity Dormitory Alone Afternoon 0.954 0.046
CF Class Dormitory Alone Afternoon 0.738 0.262
CF Resting Classroom Alone Afternoon 0.700 0.300

We also discovered cases where multiple features needed to be
changed together to predict the desired outcome. Table 3 describes
the counterfactual cases for the contextual feature set {class, class-
room, alone, morning}, which was predicted to show high stress
with a probability of 92.4% (Accuracy: 0.778, F1-Score: 0.790). In
this case, the top three counterfactual cases with the highest proba-
bility of being predicted to have low stress required changes in two
different feature types simultaneously (i.e., both activity and loca-
tion). These results could occur because the MOC method produces
counterfactuals that show different trade-offs between objectives.
Individuals can observe these counterfactuals and choose one, con-
sidering the trade-off between the number of features to be changed
(i.e., requiring more effort) and the closeness to the desired mental
health outcome (i.e., achieving low stress).

Table 3: The counterfactual cases for the contextual feature
set {class, classroom, alone, morning}, illustrating the top 5
out of 16 counterfactuals by the probability of low stress (F:
Factual, CF: Counterfactual)

Activity Location Social Time High
stress

Low
stress

F Class Classroom Alone Morning 0.924 0.076
CF Leisure activity Private space Alone Morning 0.022 0.978
CF Leisure activity Private space Alone Morning 0.174 0.826
CF Leisure activity Private space Alone Morning 0.180 0.820
CF Class Home Alone Morning 0.306 0.694
CF Class Club room Alone Morning 0.306 0.694
... ... ... ... ... ... ...

4 DISCUSSION AND CONCLUSION
This study proposes the application of counterfactual explanation
techniques to mobile data to explore ways to manage mental health
in everyday life. By following the steps of the suggested pipeline,
individuals can understand which contextual features should be
changed in specific situations to achieve the desired mental health
status. As existing studies have revealed, users of personal infor-
matics are highly interested not only in investigating which factors

affect their health but also in developing appropriate coping behav-
iors [12]. We envision that this approach can be utilized in personal
informatics to guide alternative ways to lower stress levels or im-
prove emotional states.

The strength of this method lies particularly in providing an-
swers tailored to an individual’s situation, which involves a combi-
nation of multiple contextual features. Typical personal informatics
only offer overall associations between each feature and health
status (e.g., correlation or causality), limiting the understanding of
whether the health status would improve by manipulating that fea-
ture within a specific situation. However, the suggested approach
allows users to assume a unique contextual feature set that is likely
to occur, predict stress levels based on it, and explore alternatives
(i.e., counterfactuals) proactively. Given that counterfactual expla-
nations enhance human interpretation of machine learning results,
we could evaluate these counterfactuals through user studies. For
instance, we could assess whether the counterfactuals effectively
achieve the desired mental health outcomes (e.g., reducing stress
levels) as well as evaluate their feasibility in real-world applications.

There are several considerations for employing counterfactual
explanation techniques in personal informatics. First, we need to
explore when and how to deliver these counterfactual scenarios
to users better. They can be displayed when users reflect on their
stress retrospectively or before they are exposed to situations where
stress levels are expected to be high. The system may focus more
on relatively frequent situations and provide coping strategies. In
addition, we may enable users to set constraints in generating
counterfactuals by changing features. For example, if users cannot
help but continue the ‘studying’ activity in Table 1, the system
may analyze counterfactual cases that keep the activity unchanged
but alter other feature types. Furthermore, we can investigate how
users apply these counterfactual findings in practice, particularly
when there is a gap between their self-knowledge and the system’s
analysis [15] or those counterfactual cases are not applicable [19].

As a case study, we mainly employed ESM data that were man-
ually reported. As outlined in the pipeline, it is also possible to
use features extracted from passive sensor data, along with self-
reported data. The data used in this study includes a limited number
of contexts collected from users. However, by collecting a wider
range of factors from daily life that could potentially influence or be
causally related to stress, we can explore a variety of counterfactu-
als to support stress management. Moreover, we may utilize various
counterfactual searching approaches for mobile data analysis and
compare their outcomes.

We may extend this study to scenarios beyond mental health. For
example, if individuals employ multiple strategies to lose weight
(e.g., exercise, sleep, diet, water intake, and vitamin intake), the
system may offer ways to improve the effectiveness of the current
health management strategy. This approach would utilize contin-
uous values for each feature, potentially generating more diverse
counterfactual cases. In conclusion, by leveraging counterfactual
explanation techniques, wemay provide personalized, actionable in-
sights that empower individuals to proactively manage their mental
health and overall well-being.
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