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Figure 1: The screenshot of our proposed visualization system including a (A) description view, and a (B) correlation view.

ABSTRACT

Mental health care and monitoring are important. Advancements
in smart home sensing technology also make tracking people’s ac-
tivities easy in the home, enabling the monitoring of mental health
more effectively. Some related works have demonstrated the pos-
sibilities of mental health monitoring using sensor data collected
in smart homes. However, there is a lack of prior research on how
to effectively utilize smart home data visualization to help people
understand how their everyday behaviors are related to their mental
health status. This poster presents a case study on data visualization
for mental health monitoring in a smart home environment. Our
web-based application allows users to browse their self-reported
mental health states and home activities and visualize the correlation
between mental health states and home activities.

Index Terms: Mobile health—Patient-generated health data—
Mental health monitoring;

1 INTRODUCTION

Tracking of human behavioral and environmental changes can be
possible early detection of the symptoms of mental illness which
enables timely intervention based on their behavior data. Early de-
tection and intervention in the initial status of mental illness can have
significant to improve mental management and treatment delivery in
clinical practice and general wellness.

Especially, it is important to collect behavioral data in a smart
home to track mental health. People with poor mental health tend to
spend more time at home [9, 13]. In the smart home environment, it
is easier to track behaviors that are closely associated with mental
health, such as eating and sleep patterns [7]. Additionally, the home
is a place where people feel comfortable and safe [16], allowing for
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the minimization of external factors and enabling the tracking of
individuals’ naturalistic behaviors.

With the advancement of home Internet of Things (IoT) technol-
ogy, it has become possible to track people’s behaviors in smart
home environments. Sensors can be attached to appliances, furni-
ture, and productions in a smart home, or motion sensors can be
installed. While prior studies mostly focused on analyzing cognitive
declines of older adults [3], smart home sensing largely opens up
novel opportunities for assessing functional health [4], which could
be influenced by diverse mental health problems such as major de-
pression symptoms and anxiety disorder. This means that we can
collect various behavioral data in smart homes to help people make
sense of their mental health states. However, there is a lack of studies
exploring how people understand their mental health status through
their home activity data.

Therefore, there is a need to visualize home activity data to assist
people in making sense of their mental health status in the home
environment. Data visualization aids to find relevant information and
quick comprehension of massive behavioral data. Digital feedback
technology through data visualization can be considered one of the
solutions to enhance user participation and continuity of care. This
paper aimed to develop a web application that visualizes smart home
data and self-reported data to enable people to make sense of their
mental health status in a smart home.

2 RELATED WORKS

Mental health monitoring in smart homes has been actively studied.
For monitoring dementia, indoor location, door open/close events,
and bed occupancy are utilized [10,11]. There have also been studies
tracking the activities of people with mild cognitive impairment.
Sensors were attached to household appliances and furniture, such
as coffee machines and stoves, to track medication adherence, phone
use, and coffee-making activities [6]. In another study, sensors were
attached to household objects like stoves and cooking pots to track
medicine adherence and food retrieval [12].

Data visualization to support self-reflection also has been studied.
Health Mashups system visualized weight, sleep, step count, calen-
dar data, location, weather, pain, food intake, and mood [1]. They
present patterns between well-being data and context to promote
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Table 1: Dataset description

Category Data Type Descriptions

Smart home data Frequency of Microwave Usages Attached Aqara door sensor on the microwave

Frequency of Refrigerator Usages Attached Aqara vibration sensor on the refrigera-

tor

Frequency of Cleaner Usages Attached Aqara vibration sensor on the washing

machine

Frequency of Washing Machine Usages Attached Aqara vibration sensor on the washing

machine

Frequency of TV Usages Attached Aqara smart plug on the TV

Outing Frequency Attached Aqara door sensor on the door

Movement Installed Aqara motion sensor inside the house

Chair Movement Attached Aqara vibration sensor on the chair

Sleep Duration Installed Withings sleep mat on the bed

Environmental data Installed Aqara temperature and humidity sensor

and brightness sensor inside the house

Self-reported data Depression Self-reported depression data (PHQ-2)

Anxiety Disorder Self-reported anxiety data (GAD-2)

Stress Self-reported stress data

Arousal/Valence Self-reported arousal/valence data

behavior change. Wearable data, including devices like Fitbit and
MS Band, are also visualized to support people in reflecting on their
data and gaining rich insights through visual data exploration [2].

However, there is a lack of research that focuses on visualizing
data collected from home appliances and furniture in smart home
environments to support self-reflection on mental health. In this
work, we explore how we can visualize various sensor data collected
from home environments to support retrospective reviewing of their
behaviors along with their self-reported mental health states.

3 CASE STUDY

3.1 Smart Home Dataset Collection
We will collect smart home data and self-reported data as shown
in Table 1. To prevent identification issues in appliance usages, we
plan to collect data only from single person households. For smart
home data collection, commercial sensors such as the Aqara sensor
and Withings sleep tracking mat will be used. The Aqara sensor
collects data on household appliance usage, furniture usage, and
indoor environmental data. Specifically, we use Aqara’s vibration
sensor, door sensor, motion sensor, temperature and humidity sensor,
brightness sensor, and smart plug. For collecting usage data of chairs,
refrigerators, cleaners, and washing machines, a vibration sensor
will be used to measure a vibration to be counted as one usage of the
following home appliances. The door sensor is used to count one
opening of the door as one usage of the following home appliances.
The motion sensor is used to track the user’s movement, and the
brightness sensor and the temperature and humidity sensor is used
to collect the user’s home environment data. The Withings sleep
tracking mat collects data on sleep duration. In addition, we ask
people to answer the survey regarding their emotions, stress levels,
depression, and anxiety. Depression and anxiety will be collected
through PHQ-2 [8] and GAD-2 [5].

3.2 Data Visualization for Mental Health Monitoring
We developed a prototype for data visualization that enables users to
monitor the collected data. The web application consists of a descrip-
tion view and a correlation view, as shown in Fig. 1. The description
view visualizes summarized collected data, and the correlation view
displays the relationship between sensor data and mental health.

In the description view, the left side of the screen allows users to
explore data by enabling them to select a specific period and data
type. This feature helps users to focus on the particular data they are
interested in, facilitating the efficient exploration of the dataset [17].

On the right side of the screen, self-reported data and sensor data
are visualized according to the period and data type selected by the
user. For data visualization, we choose bar graphs and line graphs,
which facilitate the comprehension of different information [14].
Each data was visualized as a bar graph, while the environmental
information of the home was visualized using a line graph. In the
case of environmental data, we use line graphs because the trends of
the data are more important than individual data points. For other
types of data, which encompass counts of home appliance usage or
mental health statuses, the value itself is important. Consequently,
bar graphs are employed [15].

In the correlation view, each sensor data is presented graphically,
along with an explanation of its correlation to specific mental health
aspects. The correlation between the mean of daily self-reported
data and daily sensor data is calculated using the Pearson correlation
coefficient. The sensor data that exhibits a high correlation with
each mental health category (such as depression, anxiety, emotional
arousal, and emotional valence) is displayed in descending order.
This allows users to identify and explore the sensor data that show
a high correlation with each specific mental health. In this view as
well, users can select the time range and data types to focus on.

4 CONCLUSIONS

We presented a case study of building a visualization tool for mental
health self-tracking based on self-report data and smart home activ-
ity data. We expect that the visualization tool will allow users to
understand their own mental health. Furthermore, visual exploration
tools will provide opportunities for clinicians and researchers to
assess patients’ mental health status and develop mental health care
services based on smart home sensor data. As further research, we
plan to analyze the individuals’ own motivations and perceptions of
activities correlating with mental health status for data interpretation.
In addition, we will consider focusing on the correlation between
positive mental status and sensor data as positive mental status (e.g.,
excitement, happiness) may also affect appliance usage.
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