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ABSTRACT

Metaphorical auditory displays are increasingly recognized for data presentation and self-reflection.
This article presents the design and evaluation of RainMind, a web-based soundscape application
that represents physiological data with dynamic natural sounds for daily stress reflection. Based
on different combinations of auditory display with visualization, we identified three modes: the
Visual-Aided Mode (VAM), the Audio-Aided Mode (AAM), and the Audio-Visual Mode (AVM).
Through a within-subject study involving 30 participants, we conducted a mixed-methods evalu-
ation to assess the task load, engagement, and user experience among the three modes. The find-
ings indicated that the combination of dynamic natural soundscapes with visualization (AVM)
contributes to a lower task load compared to the other two modes. Moreover, dynamic natural
soundscapes as metaphors for stress data significantly enhanced engagement and user experience
of self-reflection compared to static natural sounds. Based on our study, we discuss the potential
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of leveraging dynamic natural soundscapes as a new way of data-driven self-reflection.

1. Introduction

Approximately 32% of the global population suffers from psy-
chophysiological stress (Sousa et al., 2021). Chronic stress can
lead to physical illnesses such as atherosclerosis and hyperten-
sion (Baum & Posluszny, 1999), and mental illnesses like
anxiety and depression (Herbert, 1997). Effective stress man-
agement can mitigate the adverse effects of stress and enhance
the ability to cope with stressors through mechanisms such as
increased self-efficacy (Liu et al.,, 2024). Therefore, prioritizing
stress management is critical to improving mental health and
overall well-being. For stress management, reflecting on every-
day stress can help individuals gain self-insight and motivate
behavior changes for healthier lifestyles (Bentvelzen et al.,
2022), as well as strengthen the capacity for resilience (Crane
et al,, 2019). Nowadays, advancements in ubiquitous technolo-
gies allow individuals to easily collect physiological data to sup-
port stress-related self-reflection (Ding et al., 2021). A typical
data-driven self-reflection method for stress coping is utilizing
visualizations (Choe et al., 2017). Nevertheless, data visualiza-
tions usually provide limited value in generating desirable
insights, as users are primarily passive readers of information
(Baumer et al., 2014; Khot et al., 2015).

Utilizing alternative modalities, such as auditory or haptic
displays, to present information for self-reflection can enhance
the interactivity between users and data (Bentvelzen et al,
2023). Particularly, auditory displays have been found to be
well-suited for presenting time-series data such as physiological

states, with reduced mental load and enhanced pattern recog-
nition (Kantan et al, 2022). In human-computer interaction
(HCI), mapping mental health data with various types of
sounds as metaphorical displays to facilitate self-reflection,
such as musical sounds (Angeler et al, 2022; Nadri et al,
2023), orchestral sounds (Hinterberger & Fiirnrohr, 2016), and
vocal-like sounds (Borthakur et al, 2019), has been increas-
ingly investigated. Moreover, recent studies have increasingly
advocated for exploring the role of natural effects as metaphors
for personal health data to improve self-reflection experiences
(Jiang et al., 2023; Roo et al.,, 2017; Yu et al., 2017).

In fact, natural sounds have been widely proven to be
effective in inducing relaxation (Song et al., 2023), facilitating
attention restoration (Abbott et al., 2016), and reducing anxiety
(Rejeh et al., 2016), making them valuable for everyday stress
coping (Alvarsson et al., 2010). A few studies have investigated
natural soundscapes as a mean of mindfulness and relaxation
training (Cochrane et al., 2018, 2020; Yu et al, 2018). To the
best of our knowledge, however, there is a dearth of HCI
research on representing stress data with natural sounds to
mediate self-reflection for mental well-being. One exception is
Wagener et al. (2023) who added natural soundscapes as ambi-
ent sounds in a VR-based weather scenario to present stress
data and found it worthwhile to investigate the influence of
coupling natural sound elements with variables of physiological
data to support self-reflection for stress management.

To mind the research gap, therefore, this article presents
the design and evaluation of RainMind, a web-based
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soundscape application that represents physiological data
with the dynamics of natural sounds to support users in
reviewing their stress throughout a day. In this study,
RainMind was utilized as a research probe to examine the
role of natural sounds in representing stress data for facili-
tating self-reflection and was implemented into three modes.
The visual-aided mode (VAM) that only visualizes physio-
logical data into typical graphs with static natural sounds in
the background; The audio-aided mode (AAM) that offers a
dynamic natural soundscape based on physiological data,
without presenting any visualizations; The audio-visual
mode (AVM) that provides both the soundscape and the
visualization. Based on the prototype of RainMind, a within-
subject study with 30 participants was conducted using a
mixed-methods evaluation to compare the three modes with
the following research questions:

1. To what extent does the AVM of RainMind reduce the
task load of mental health self-reflection compared with
VAM and AAM?

2. Whether and how does the AVM of RainMind improve
the engagement in self-reflection compared with VAM
and AAM?

3. Whether and how does the AVM of RainMind enhance
the user experience of self-reflection compared with
VAM and AAM?

2. Related work
2.1. Data-driven reflection for stress management

In HCI, there is a growing effort to understand data-driven
reflection, including its definitions (Baumer, 2015; Bentvelzen
et al., 2022), dimensions (Baumer, 2015; Li et al., 2011), levels
(Fleck & Fitzpatrick, 2010), and other components. By revisit-
ing personal data, users could carry out self-reflection to e.g.,
increase self-awareness, make decisions, and change behaviors
(Bentvelzen et al.,, 2022; Li et al.,, 2010). For short-term stress
coping, there have been many biofeedback systems developed
to enhance self-awareness of stress through real-time interactiv-
ity (Kennedy & Parker, 2019). For example, Yu et al. (2017)
presented a heart rate variability (HRV) biofeedback system
called StressTree, which metaphorically visualizes real-time
HRV data through the growth pattern of a tree to aid relax-
ation training. Wang et al. (2022) developed a biofeedback VR
application to complement stress management through medita-
tion training, using users’ electrocardiogram (ECG) data to
adjust the virtual scenes and help them understand relaxation
levels while training. MacLean et al. (2013) designed a wearable
device named MoodWings to visualize the users™ electrodermal
activity (EDA) and ECG data through the motion of butterfly
wings on the device, helping them to recognize their real-time
stress levels and facilitating self-regulation.

Given the dynamic nature of stress development and dif-
ferent trajectories within the population, it is critical to
understand individuals’ variations in stress levels and their
primary stressors (Liu et al., 2023). Many HCI projects have
focused on helping users identify their sources of stress

(Gonzdlez Ramirez et al., 2023) to empower stress handling
and improve self-efficacy (Liu et al., 2024). For instance,
AffectAura is an emotion memory application that automat-
ically records users’ emotional states and visualizes them
as bubbles on the timeline to support reflective processes
(McDuff et al,, 2012). LifelogExplorer incorporates the visual-
ization of personal physiological data with the digital calendar
to help users understand their stress patterns (Kocielnik &
Sidorova, 2015). Despite the fact that most of the long-term
stress management systems were supported with screen-based
data visualizations, they were found to fail to support self-
reflection due to limited user interaction (Khot et al., 2015).
To address this issue, alternative modalities such as auditory
modality (Clark & Doryab, 2022; Mendoza et al, 2023) have
been increasingly investigated as metaphorical displays for pre-
senting historical personal health data, which is presented in
detail in the next subsection.

2.2. Sounds as metaphorical displays of stress data

As an effective tool to present data, sounds can ease the way
for individuals to detect temporal patterns and analyze spe-
cific features in datasets (Sawe et al, 2020). An increasing
number of studies recommend incorporating metaphorical
methods into auditory display design (Kantan et al., 2022;
Roddy & Bridges, 2020; Roddy & Furlong, 2015). In the
metaphorical auditory display design, various sound ele-
ments have been employed to represent stress data. One
simple way to auditory display stress data is to map its val-
ues directly onto acoustic parameters, e.g., pitch, tempo, and
volume. For instance, Bahameish (2019) used a linear par-
ameter mapping approach to map the HRV values during
mediation exercises onto sound pitch values, and used
sharper and smoother tones to metaphorically represent dif-
ferent types of meditation exercises. Yu et al. (2015) used
the timing variations of major arpeggios to represent HRV
values to support breathing exercises. Their study demon-
strated the effectiveness of their auditory interface, but the
mapping strategy resulted in rapid fast changes in the
musical rhythm which caused anxiety in some participants.
Previous study also suggests using of meaningful sym-
bolic sound elements and metaphorical representation meth-
ods to exploit users’ embodied cognition for improved data
comprehension and user experience (Roddy, 2015). For
example, the semantics of natural sounds have been applied
to some relaxation exercises as metaphors for the physio-
logical state of the user. Yu et al. (2018) iterated their HRV
biofeedback system to foster a more relaxing experience,
using the quietness and richness of a forest soundscape as a
metaphor for users’ HRV state. Roo et al. (2017) developed
a mixed reality sandbox called Inner Garden for mindfulness
practice, the sound of ocean waves was used as a metaphor
for breathing, while the presence of animal sounds repre-
sented the level of cardiac coherence. For stress reflection,
natural elements are often used to metaphorically visualize
individuals’ stress levels (Jiang et al., 2023; MacLean et al,,
2013; Wagener et al.,, 2023). However, natural elements are
less frequently applied in auditory display designs intended



to review stress states for long-term stress management.
Therefore, in this paper, we followed Roddy’s (2015) embod-
ied soundscape sonification framework to investigate the
potential of using natural soundscape to metaphorical audi-
tory display stress data and its impact on facilitating stress
self-reflection.

2.3. Benefits of natural sounds as metaphors of
physiological data

From an ecological perspective, it has been well-established
that natural sounds can be supportive in inducing engaging
experiences (Schafer, 1993; Truax, 1999), evoking memories
of past feelings (Wrightson, 2000), and enhancing interpret-
ation of data (Roddy, 2015). Previous studies have also
shown that incorporating natural sound elements into audi-
tory displays for mental health has several benefits. Firstly,
natural sounds have been proven to be relaxing and pleasant
(Ratcliffe, 2021), and have the function of relieving stress
and anxiety (Abbott et al., 2016; Alvarsson et al., 2010;
Martinez Manchén & Simunié, 2023; Rejeh et al, 2016).
Therefore, the use of natural sounds often leads to an
improved listening experience. Van Kerrebroeck and Maes
(2021) compared the effects of different sound stimuli in a
breathing sonification system for stress reduction. They found
that natural environmental sounds were perceived as the most
pleasant and resulted in the most significant reduction in res-
piration rate. Klamet et al. (2016) incorporated bird song audio
into a wearable system for relaxation and found its significant
effects on creating joyfulness. Hoque et al. (2023) used natural
sounds in multi-data visualizations for visually impaired people
to help them concentrate on data discrimination, with a sense
of relaxation and enjoyment.

Secondly, it has been observed that natural sounds might
play a decisive role in enhancing the task performance of
physiological data analysis. For example, Blanco et al. (2022)
found that the water ambience soundscape could increase
the accuracy of the ST elevation detection in ECG surveil-
lance with a pleasant detection experience. Additionally,
Woagener et al. (2023) added natural sounds to the virtual
reality environment to create engaging mental health self-
reflection experiences. These investigations primarily focused
on applying natural sounds statically for mental health pro-
motion. Nevertheless, how the natural sound elements could
be coupled with different parameters of personal health data
and their resulting effects on mental health self-reflection
are still doubtful (Wagener et al., 2023).

Therefore, in this paper, we developed a research probe
to investigate the data-driven natural soundscape for self-
reflection on everyday stress management.

3. Design of RainMind

As shown in Figure 1, RainMind is designed as a web-based
application that transforms the physiological data into a
dynamic natural soundscape, supporting self-reflection
throughout a day. The RainMind application comprises two
steps (see Figure 2): data processing and sound synthesizing.
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In the data processing step, the raw physiological data is
processed into stress measures. In the sound synthesizing
step, the values of these stress measures are mapped to con-
trol the corresponding sound parameters.

3.1. Data processing

RainMind used HRV, EDA, and heart rate (HR) to represent a
user’s temporal changes in stress levels, which are generally
accepted as stress indicators (Appelhans & Luecken, 2006;
Babaei et al., 2021; Taelman et al., 2009). Presenting three types
of data instead of just one aims to reduce the interference
caused by fluctuations in single physiological data due to fac-
tors such as skin humidity and temperature changes. To collect
physiological data, we applied the E4 wristband because of its
suitability for daily application as a medical-certified device
and its easy-to-export data storage (Empatica Inc., 2024).
Figure 3 illustrates the processing and application proced-
ure of the original IBI, EDA, and HR data collected by the
E4. These data were processed into indices over a specific
time window (t,) to represent stress data. Among them, the
Standard Deviation of IBI data (SDNN) was calculated
within ¢, as the HRV index. The EDA data was processed
into the Skin Conductance Response (SCR) data according
to Taylor et al. (2015). Further, the SCR occurrences within
a t,, were regarded as a data point for the Non-Specific Skin
Conductance Response frequency (NS.SCR frequency), a
valid stress indicator as the EDA index (Boucsein, 2012).
HR was calculated as the average over t,. As shown in
Figure 4, after calculation with ¢,,, each of the three types of
raw data yielded n data points, where n = % Denoting the
reflection duration provided by RainMind as T,, and each
data point’s corresponding audio segment as t;, we have f; =
L — Ly Ror the application of RainMind, Ty, t,, and T,

n Ta
can be set as required.

3.2. Sound synthesizing

For the sound synthesizing (see Figure 5), a rainy-day
acoustic environment was chosen to represent users’ stress
levels. The choice of the rainy-day soundscape serves two
purposes. First, the elements of the rainy-day soundscape
are widely recognized as calming and pleasant (Nishida &
Ovyama-Higa, 2014), potentially positively affecting users’
attention and emotional state during self-reflection. Second,
rain is commonly associated with mental health, often sym-
bolizing negative emotions in art and literature (Martin &
Lopez, 2020).

The sounds of rain, thunder, and chirping, which are
commonly found in the rainy-day soundscape, were chosen
to represent variations in the three physiological measures
(see Table 1). We chose a concise mapping strategy
(Hermann et al., 2011) to reduce the learning cost of
RainMind. First, we utilized the volume of the rainy sound
to represent the SDNN values to indicate the changes in
HRYV levels. Due to the inverse trend of SDNN with respect
to stress, the SDNN inversely controls the volume of the
rain sound, where an increase in volume indicates lower
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RainMind
» Volume of Rain Sound
. 2 A A
| EDA I3 Thunder Audio on/off

® @ %

® ®—

Wearing the wearable Using RainMind to map physiological data Listening to the dynamic natural soundscape

device during daytime g

Figure 1. The concept of RainMind.

(a) Data Processing

with different nature sound elements > for self-reflection at the end of the day

(b) Sound Synthesizing

— Chirping Audio on/off

Volume of Rain Sound

Thunder Audio on/off I:@:]

]I
HRV ‘ SDNN
—
_;\/\_ EDA | NS.SCR Frequency
—J
- HR > Average HR
Processed Data

Dynamic Rainy-Day Soundscape

Figure 2. The structure of the RainMind application.

Raw Data

o~
S

scr R

Taylor et al.’s Algorithm
Figure 3. The data processing step of the RainMind.

SDNN, signifying higher stress. Second, the EDA data were
processed into NS.SCR frequency to further support users in
assessing their stress levels. The average value of NS.SCR
frequency throughout a day was calculated and set as a
threshold to trigger the occurrences of thunder, representing
excessive pressure (Babaei et al., 2021).

Processed Data

Third, a similar mapping mechanism was also applied to
the representation of HR data, where the HR value above
the daily average would trigger the chirping sound to indi-
cate the increased vitality. All audio materials were obtained
from the BBC Sound Effects Archive (BBC Sound Effects,
2024).



3.3. Interaction modes

To facilitate the examination of our proposed sound synthe-
tization, we designed and developed three interaction modes
in the RainMind prototype: the visual-aided mode (VAM);
the audio-aided mode (AAM), and the audio-visual mode
(AVM). The prototype program of RainMind was developed
using JavaScript, CSS, and HTML. Specifically, the visualiza-
tion component was created using D3.js (Mike Bostock and
Observable, Inc., 2024).

3.3.1. The visual-aided mode
In VAM, the data visualization of HRV, EDA, and HR would
be simultaneously unfolded from the left side to the right side,

Row Data A

___________________________________ '
Processed A T
Data 4
1 2 3 n
ti
Audio ( »)
1,
Figure 4. The temporal mapping strategy in RainMind.
Sound Synthesis
SDNN
® & &
77 / 77

NS.SCR frequency

® 9

b4

Figure 5. The sound synthesizing step of RainMind.

Table 1. The mapping strategy of RainMind.

Thunder Audio on/off
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with a static natural soundscape in background (see Figure 6).
Presentations of the three types of data were color-coded into
green, blue, and orange to enhance the readability of the
multi-data graphs. Each area graph includes a horizontal line
indicating the mean value of the physiological data over the
duration of T,. There is a vertical line that spans all three area
graphs, which serves as a progress marker, and a timeline that
shows the actual time of physiological data recording.
Particularly, the vertical axis of the SDNN area graph is
reversed, with higher values at the bottom, to align variations
with stress levels. In this mode, RainMind only performs data
processing to generate visualizations. Identical sound elements
as described in the subsection 3.2 were chosen and edited into
a steady and moderate rainy soundscape with regular presenta-
tions of thunder and chirping sounds, without any correlation
with the visualizations of physiological data.

3.3.2. The audio-aided mode

As shown in Figure 7, in the AAM all the data visualizations
were removed, while the dynamic natural soundscape
mapped with physiological data was enabled. The full detail
mapping strategy has been explained in the subsection 3.2.
Here, we hypothesized that users could close their eyes and
immerse themselves in revisiting stress changes over a day.

3.3.3. The audio-visual mode

As shown in Figure 8, both the animated visualizations and the
dynamic soundscape would be provided in AVM. According to
Hermann et al. (2011) and Enge et al. (2024), the audio-visual
displays of data usually improve task performances and user
experiences. Therefore, with AVM we were interested in know-
ing whether the similar effects would be obtained in biofeed-
back and mental health self-reflection technologies.

Volume of Rain Sound

4

Dynamic Rainy-Day
Soundscape

@

Physiological measures Sound elements

Sound parameters Mapping approach

SDNN Rain
NS.SCR frequency Thunder
Average HR Chirp

Volume Value increases, volume decreases
On/Off Triggered by the threshold
On/Off Triggered by the threshold
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Figure 6. The interface of the visual-aided mode (VAM). Scan the QR code to access to the demo of VAM.

HRV

Value decrease, volume increase

EDA
Triggered by the threshold

Triggered by the threshold

@@12:00 1210 1220 12:30 1240 12:50

Q.
13:00 13:10 13:20 13:30 1340 13:50 14:00

| CIHM Lo
Figure 7. The interface of the audio-aided mode (AAM). Scan the QR code to access to the demo of AAM.
HRV
Mean:49.80
EDA
Mean:8.93
---------------------------------------------------------------------------------------------------------------------------- Mean81.18 | [m] ik [m]
n"
T
1400 1410 1420 1430 1440 1450 1500 1510 1520 1530 1540 1550  16:00 [=]pE

Figure 8. The interface of the audio-visual mode (AVM). Scan the QR code to access to the demo of AVM.

4. The experiment
4.1. Hypotheses

For the experiment, RainMind was used as a research probe
to investigate the roles of the dynamic natural soundscape

based on the multimodal physiological data in facilitating
health review and self-reflection for daily stress manage-
ment. We set out a within-subject study to compare the dif-
ferences among the VAM, AAM, and AVM, with the
following research hypotheses:



Entry the lab

= b
o S

g —

v=

| Instruction  Rest

7h+ © 5min 10min 5min

‘Data COIECHION S@SSION v

C: The audio-visual mode
D: Self-reflection diary

Physiological data collection
A: The visual-aided mode
B: The audio-aided mode

Figure 9. Experimental procedure.

' i' .
Figure 10. A participant was experiencing the AAM.

e HI1: The AVM of RainMind will reduce task load in self-
reflection more than the VAM and AAM.

e H2: The AVM of RainMind will improve the engagement
in self-reflection more than the VAM and AAM.

e H3: The AVM of RainMind will enhance the user experi-
ence of self-reflection more than the VAM and AAM.

4.2. Participants

Thirty-four participants were recruited using an extended net-
work and snowball sampling to enhance the recruiting effi-
ciency. One participant withdrew from the experiment due to
device malfunction and data from three participants were
invalid and thus excluded. In the end, data from 30 participants
(17 females and 13 males, aged between 19 and 30 years,
M=23.1, SD=2.2) were retained for data analysis. Each par-
ticipant had normal hearing, and normal vision or corrected-to-
normal vision. They also reported no history of mental illness
and confirmed that they were in a normal state of life on the
day of the experiment. The study adhered to the Declaration of
Helsinki, and the experimental procedure was approved by the
Medicine and Laboratory Animals Ethics Committee of the
Beijing Institute of Technology. All participants volunteered for
the study and received no compensation.

Randomized Orders of Condition
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Leave tAhe lab

628
mfinl

Interview ©
20min

E: NASA-TLX; UES-SF; UEQ-S; IMI

4.3. Procedure

Prior to the experiment, each participant completed an
informed consent form and was briefed on the basic experi-
mental procedures and equipment usage. As shown in
Figure 9, the experiment comprised two sessions: the data
collection session and the self-reflection session. In the first
session, participants were asked to wear an E4 wristband on
their non-dominant hand continuously for at least 7h
(M=79, SD=0.6). Recording began at any time between
9:00 AM and 10:00 AM. To minimize potential data noise
caused by strenuous physical activity (Stuyck et al., 2022),
participants were instructed to avoid engaging in exercises
during the data collection session.

After the data collection session, participants were invited
to the lab for the self-reflection session between 6:00 PM
and 9:00 PM on the same day. They were required to wear
an acoustic noise-canceling headphone (JBL T760NC) and
the E4 wristband again, and then experience the three reflec-
tion modes. During the study, the VAM, AAM, and AVM
modes appeared in randomized orders and were counterbal-
anced across all the participants (see Figure 9). Before the
experience, the participants were asked to sit quietly in a
chair with their eyes closed for 10 min to achieve a resting
and calm state (Figure 10).

In the experiment, data collected during daylight hours
from each participant served as the data source. The first
15min of collected data were excluded for data quality, and
the remaining continuous 6-h data were extracted and div-
ided into three equal segments. The data in these segments
were presented to participants in chronological order
through randomly ordered modes. Therefore, in the experi-
ment, each mode of RainMind was provided with physio-
logical data for one-third of the data collection duration
(i.e., Ty = 120 minutes). The time window ¢, was set to
2min, and the reflection duration T, was set to 5min.
While experiencing each mode, participants were asked to
fill out a self-reflection diary (see Figure 11), which was
adapted from the Day Reconstruction Method (DRM;
Kahneman et al., 2004). It included an unlimited number of
event description notes (see Figure 11(a)) and a timeline
canvas (see Figure 11(b)).
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Event:
Time:___: —

What were you doing?

_ Commuting  _ Working Timeline

_ Shopping _ Eating t

_ Socializing _ Nap/resting

_ On the phone _ Exercising b
_ Doing housework

_ Computer/Internet/email

_ Others (please specify

Where were you?
_ Athome _ At work
_ Somewhere else

Were you interacting with

anyone?
_ Noone _ Friends
_ Boss _ Parents/relatives

_ Spouse/significant other
_ Other people not listed

How did you feel during this

episode?
Happy

Competent/Capable) 1 2 3 4 5 6
Angry/Hostile 0123456
Worried/Anxious 0 1 2 3 4 5 6

Notatall  Very much
012345686 !

(a) Event Description Notes

Figure 11. Self-reflection diary used during the experiment.

After experiencing each mode, participants completed the
NASA Task Load Index (NASA-TLX) (Hart & Staveland,
1988), the short form of the User Engagement Scale (UES-
SF) (O’Brien et al., 2018), the short version of the User
Experience Questionnaire (UEQ-S) (Schrepp et al., 2017),
and the Intrinsic Motivation Inventory (IMI) (Ryan, 1982).
At the end of the experiment, a semi-structured interview
was conducted for each participant. The entire second ses-
sion lasted approximately 75 min.

4.4. Data collection

We collected both quantitative and qualitative data through the
mixed-methods evaluation. For quantitative data, we gathered
self-report data from four questionnaires (NASA-TLX, UEQ-S,
UES-SF, IMI) and objective measures of stress, including
physiological data (SDNN, NS.SCR frequency) from the E4
wristband. Qualitative data were collected through semi-struc-
tured interviews. Each interview was audio recorded and trans-
formed into text for detailed analysis thereafter. These data
represent the assessment content pertaining to our hypotheses.

Task load (H1) affects users’ task performance and subsequent
willingness to use (Born et al, 2019). The impact of different
modes on subjective task load was evaluated using NASA-TLX,
which comprises six subscales: mental demand, physical demand,
temporal demand, performance, effort, and frustration.

User engagement (H2) enhances concentration and
immersion in self-reflection tasks, thereby improving the
effectiveness of the self-reflection process (Kocielnik et al.,
2018; Li et al., 2011; Wagener et al., 2023). We measured
user engagement using the short form of the

Note Paste Area

(b) Timeline Canvas

User Engagement Scale (UES-SF) (O’Brien et al, 2018)
with a 5-point Likert scale, which includes four subscales:
Focus Attention (FA), Aesthetic Appeal (AE), Reward Factor
(RW), and Perceived Usability (PU).

User experience (H3) was measured using the short ver-
sion of the User Experience Questionnaire (UEQ-S; Schrepp
et al, 2017) to assess the pragmatic and hedonic quality
through two subscales. Each of them includes four items
rated on a 7-point Likert scale, with scores scaled from —3
(fully agree with the negative term) to +3 (fully agree with
the positive term). We also evaluated users’ intrinsic motiv-
ation (Deng et al, 2010; Hornbek & Hertzum, 2017)
by choosing four related subscales from the Intrinsic
Motivation Inventory (IMI) (Ryan, 1982): interest/enjoyment,
value/usefulness, perceived competence, and pressure/tension,
with a total of 25 items collected via a 7-point Likert
scale. Additionally, participants’ physiological data (SDNN,
NS.SCR frequency) served as objective indicators of partici-
pants’ stress states during the experiment.

4.5. Data analysis

4.5.1. Quantitative data
The physiological data from the E4 wristbands were proc-
essed using a Python toolbox for neurophysiological signal
processing called NeuroKit2 (Makowski et al., 2021). The
IBI data and EDA data were respectively processed into
SDNN data and NS.SCR frequency data.

Physiological data and questionnaire responses were ana-
lyzed using SPSS software. Normality tests were initially con-
ducted using the Shapiro-Wilk test. Since both the



physiological data and questionnaire responses in this study
did not meet the normal distribution criteria, non-parametric
paired Friedman tests were employed to assess differences
among the modes. Following significant Friedman results,
non-parametric paired Wilcoxon tests were conducted to
identify specific pairwise significance between the modes.

4.5.2. Qualitative data

We used thematic analysis (Braun & Clarke, 2006) to ana-
lyze the interview transcripts. Two authors independently
conducted open coding and subsequently engaged in collab-
orative discussions to integrate the codes and extract themes.
After several rounds of iteration, the emerging themes were

defined and labeled.

5. Results

As shown in Figure 12, this section presents both quantita-
tive and qualitative findings to address research hypotheses.

5.1. Quantitative results

The descriptive results of questionnaires and physiological
measures along with the statistical analyses were organized in
Table 2. Next, we explain our quantitative findings in detail.

5.1.1. Reduced task load of mental health self-reflection (H1)

Overall, the VAM received the highest scores and the AVM
received the lowest scores in all the dimensions, except for
the Mental Demand and Temporal Demand, where the
AAM was rated slightly higher than the VAM. According to

Hypotheses

5.1 Quantitative Results

H1: Task Load

The AVM of RainMind will reduce ‘NASA-TLX
task load in self-reflection more

than the VAM and AAM.

The AVM reduced the task load.
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Friedman tests (see Table 2), there were significant differen-
ces among the three modes in terms of Average workload,
Performance, and Frustration.

For Average workload (see Figure 13(a)), the non-parametric
paired Wilcoxon tests revealed a significant difference in work-
load between the VAM and the AVM (Z=2.997, p=0.003). In
terms of Performance (see Figure 13(f)), participants perceived
their performance in the AAM (Z=2.130, p=0.033) and AVM
(Z=3.006, p=0.003) as significantly better than in the VAM.
For Frustration (see Figure 13(g)), there were significant differ-
ences between VAM and AVM (Z=3.260, p=0.001), as well
as between AAM and AVM (Z=2.311, p=0.021).

To summarize, the results of NASA-TLX suggest that
AVM contributes to a decreased workload in self-reflection
(H1). In detail, the significant differences in the Average,
Performance, and Frustration subscales between VAM and
AVM, showed that the AVM of RainMind helps reduce the
task load of self-reflection than VAM. AVM also demon-
strated a significantly reduced level of frustration compared
to AAM. Nevertheless, compared to the VAM, both the
AVM and the AAM exhibited superior performance, dem-
onstrating the effectiveness of dynamic natural sound as
metaphors in enhancing reflective performance.

5.1.2. Improved user engagement of mental health self-
reflection (H2)

Figure 14 shows the ratings for each subscale and the total
score of the UES-SF displaying a consistent trend where
VAM scores the lowest, and AVM scores the highest. As
shown in Table 2, significant differences were observed
among the three modes in the dimensions of Aesthetic
Appeal, Reward Factor, Perceived Usability, and Total score.

Results

5.2 Qualitative Findings

The Dynamic Natural Soundscape
reduces the task load

H2: User Engagement

The AVM of RainMind will improve ‘UES-SF
the engagement in self-reflection

more than the VAM and AAM.

Both the AAM and the AVM improved
the user engagement.

5.1.2

The Dynamic Natural Soundscape
Shapes a More Engaging Experi-
ence

H3: User Experience

The AVM of RainMind will enhance ‘UEQ-S
the user experience of self-reflec- IMI
tion more than the VAM and AAM.

Physiological Measures

Both the AAM and the AVM improved
the user experience.

The Dynamic Natural Soundscape
brings a more valuable and enjoy-
able user experience

Figure 12. The structure of the results section.

Opportunities and Challenges

}
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Table 2. Mean and SD for NASA-TLX, UES-SF, physiological measures, UEQ-S, and IMI.

M (SD)
Measures VAM AAM AVM Friedman
NASA-TLX
Average 11.40 (3.89) 10.08 (4.01) 8.66 (3.76) 6.780, 0.034"
Mental Demand 12.17 (5.02) 12.30 (5.38) 10.60 (4.45) 1.676, 0.433
Temporal Demand 10.63 (5.60) 11.47 (4.95) 8.87 (5.22) 1.477, 0.478
Physical Demand 7.73 (5.31) 6.97 (5.36) 5.83 (3.72) 3.146, 0.207
Effort 12.00 (5.35) 10.39 (5.42) 9.97 (5.04) 1.733, 0.429*
Performance 10.97 (4.76) 8.57 (4.40) 7.20 (4.15) 9.415, 0.009
Frustration 10.47 (5.07) 8.50 (4.90) 6.87 (4.72) 13.872, 0.001*
UES-SF
Focused Attention 2.75 (0.79) 3.29 (1.03) 3.42 (0.96) 4.294, 0.1 17*
Aesthetic Appeal 3.21 (1.02) 3.94 (0.95) 4.13 (0.93) 8.096, 0.017
Reward Factor 3.24 (1.10) 3.98 (0.91) 4.22 (0.85) 13.96, 0.001°"
Perceived Usability 3.14 (1.19) 3.66 (0.85) 4,06 (0.88) 9.34, 0.009
Total 3.09 (0.79) 3.72 (0.75) 3.96 (0.76) 11.175, 0,004
Physiological measures
SDNN 51.33 (18.02) 52.29 (19.76) 52.68 (21.87) 1.231, 0.54(2e
NS.SCR frequency 3.04 (4.43) 1.84 (4.11) 3.80 (6.11) 7.848, 0.020
UEQ-S
Pragmatic Quality 0.30 (1.56) 1.14 (1.35) 1.74 (1.10) 11.028, 0.004**
Hedonic Quality 0.66 (1.48) 1.73 (1.18) 1.73 (1.11) 12.369, 0'002;:
Overall 0.48 (1.40) 1.43 (1.14) 1.73 (1.04) 15.027, 0.001
IMI
Interest/enjoyment 4.24 (1.43) 5.17 (1.20) 5.46 (1.13) 6.018, 0.049*
Value/usefulness 442 (1.60) 5.40 (1.33) 5.74 (1.16) 15907, <0.001"
Perceived competence 4,19 (1.45) 471 (1.41) 5.26 (1.28) 7.207, 0.027
Pressure/tension 3.56 (1.52) 3.08 (1.28) 2.73 (1.52) 8.220, 0.016"

Results of Friedman tests among the VAM, the AAM, and the AVM. Significance levels are indicated with * for p < 0.05, ** for p < 0.01, and *** for p <

0.001.

For Aesthetic Appeal (see Figure 14(b)), non-parametric
paired Wilcoxon tests revealed significant differences
between the VAM and the AAM (Z=3.098, p=0.002), as
well as between the VAM and the AVM (Z=2.988,
p=10.003). For Reward Factor (see Figure 14(c)). The reward
factor was significantly higher in the AAM (Z=3.351,
p=0.001) and the AVM (Z=3.205, p=0.001) compared to
the VAM. In Perceived Usability (see Figure 14(d)), only the
rating of the AVM was significantly higher than that of the
VAM, with Z=3.395, p=0.01. Finally, for Total score (see
Figure 14(e)), both the AAM (Z=3.268, p=0.004) and the
AVM (Z=3.364, p=0.001) received significantly higher rat-
ings than the VAM.

The H2 received partial support, as indicated by the
UES-SF results, which demonstrated that the AVM and
AAM both effectively improved user engagement compared
to the VAM. This is supported by significantly higher rat-
ings in AVM compared to the VAM in the Aesthetic Appeal,
Reward Factor, and Perceived Usability subscales, as well as
the Total Score. And the results for the AAM significantly
surpassed those of the VAM in terms of Aesthetic Appeal,
Reward Factor, and Total score. There were no significant
differences observed between AAM and VAM. In summary,
the dynamic natural soundscapes as metaphors can enhance
user engagement in self-reflection, whether combined with
data visualization or not.

5.1.3. Enhanced user experience of mental health self-
reflection (H3)

5.1.3.1. Physiological measures. We removed data with
excessive fluctuations, resulting in the retention of data from
25 participants for subsequent physiological data analysis. We

calculated SDNN and NS.SCR frequency to measure partici-
pants’ stress states while experiencing the three modes.

As shown in Figure 15, the SDNN values in the three
modes were similar, while the NS.SCR frequency values
exhibited a decreasing trend. The Friedman test revealed no
significant difference in SDNN among the three modes
(X*(2) = 1.231, p = 0.540).

However, significant differences were observed in NS.SCR fre-
quency (X*(2) = 7.848, p = 0.020). Subsequent non-parametric
paired Wilcoxon tests revealed a significant difference in NS.SCR
frequency between the VAM and the AVM (Z2=2427,
p=0015).

5.1.3.2. UEQ-S. As illustrated in Figure 16, participants indi-
cated that VAM has the lowest Pragmatic Quality (see
Figure 16(a)) compared to AAM (Z=2.418, p=0.016) and
AVM (Z=3.644, p <0.001). Similarly, participants reported
the lowest Hedonic Quality (see Figure 16(b)) during the
VAM than AAM (Z=3.691, p<0.001) and the AVM
(Z=3.033, p=0.002). However, the Hedonic Quality scores
for both the AAM and the AVM are nearly identical.
Opverall, the user experience with both the AAM (Z=3.486,
p<0.001) and the AVM (Z=3.591, p<0.001) was per-
ceived to be significantly superior to the VAM (see
Figure 16(c)).

5.1.3.3. IMI. As depicted in Figure 17, participants perceived
that the AVM, compared to the VAM and the AAM,
resulted in higher levels of interest/enjoyment, value/useful-
ness, and perceived competence, along with lower levels of
pressure/tension. According to Friedman tests, all the dimen-
sions in the IMI show statistical significance.
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Figure 15. The results of participants’ SDNN and NS.SCR frequency during the VAM, the AAM, and the AVM experiences.
For of Interest/Enjoyment (see Figure 17(a)), the AAM was significantly lower than the VAM (Z=2.395,
(Z2=2.479, p= 0.013) and the AVM (Z=2.877, p= 0.004) p= 0.017).

received significantly higher ratings than the VAM. For
Value/Usefulness (see Figure 17(b)), participants perceived
both the AAM (Z=3.266, p=0.001) and the AVM
(Z=3.630, p<0.001) to be significantly more valuable and
useful than the VAM. For Perceived Competence (see
Figure 17(c)), there was a significant increase in ratings
between VAM and AVM (Z=2.897, p=0.004). For
Pressure/Tension, the tests showed that the AVM rating

Overall, the results partially support H3, indicating that
the AVM and AAM can both enhance the user experience
of self-reflection. There were no significant differences
between AAM and AVM, and they both exhibited a ten-
dency to outperform VAM, regardless of the outcomes in
physiological data, UEQ-S, or IMI. This indicates that
dynamic natural soundscape had the capability to enhance
both pragmatic and hedonic quality, as well as perceived
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Figure 16. The results of the short version of the User Experience Questionnaire (UEQ-S) among the VAM, the AAM, and the AVM.
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Figure 17. The results of the Intrinsic Motivation Inventory (IMl) among the VAM, the AAM, and the AVM.

enjoyment and value in stress self-reflection, whether
combined with data visualization or not. However, only
the comparison between the VAM and AVM showed sig-
nificant differences in the Perceived Competence and
Pressure/Tension dimensions, and there were no signifi-
cant differences between VAM and AAM in these two
subscales. A similar situation was also observed in the
physiological data results. These might be attributed to
the higher learning cost associated with solely auditory
displays.

5.2. Qualitative analysis

In this section, we summarized user feedback into four
main themes, including 5.2.1 about task load (H1), 5.2.2
emphasizing user engagement (H2), 5.2.3 highlighting user
experience (H3), and 5.2.4 emphasizing opportunities and
challenges.

5.2.1. The dynamic natural soundscape reduces the task
load

Generally, participants reported that they were able to effect-
ively identify data cues from the dynamic natural sound-
scape to support their self-reflection. Relative to solely visual
data acquisition, they perceived the addition of auditory sig-
nals as beneficial in reducing the burden of information
identification. As P7 described, “I can identify periods of sig-
nificant sound changes. It (the dynamic natural soundscape)

can selectively alert me to periods where something has hap-
pened.” P6 also mentioned that “Maybe it’s because impor-
tant things are always signaled to the user through sound, I
find it less taxing for me to get information through audio.”
Relying only on auditory information could also lead to
concerns about missing critical data, as indicated by P10,
who stated,” I have to keep listening (in the AAM). It’s like
I'm taking a listening test.” And P11 mentioned that “I keep
worrying about missing some important data points (in the
AAM).” P9 said, “I can find the start time of a particular
event, but often struggle to locate the end time. And I can’t
overview my data to identify outliers.”

In contrast, the AVM, as opposed to the VAM and
AAM, offers a synergistic blend of visual and auditory ele-
ments, thereby enhancing information identification through
multimodal channels and potentially reducing task load. It
was observed that participants adjusted their attention
between the two methods based on their habits and needs
in the AVM. Some participants primarily focused on data
visualization, considering the auditory display as a supple-
mentary enhancement. For instance, P28 stated,” I prefer to
get information primarily through visualization, and I see the
audio as an experiential enhancement.” Another group of
participants relied more on the auditory display for informa-
tion and turned their attention to the graphs when add-
itional details were needed. P21 explained,” I get information
primarily through the audio, and only when I hear something
special do I look at the graphs to see what’s happened to the
data there.”



5.2.2. The dynamic natural soundscape shapes a more
engaging experience

Participants described their self-reflection experience within
the AAM and AVM as “immersive” (P7) and “absorbing”
(P2). Two key factors contributed to this deep engagement
in the self-reflection experience. Firstly, participants found it
fascinating to transform their physiological data into natural
soundscape audio. Their curiosity kept them engaged in it.
For example, P10 explained,” I'm curious about what sound
effect is going to come up next, which keeps me focused on
the audio.” Secondly, the virtual nature scene created by the
natural sound elements provided a sense of immersion. For
instance, some participants mentioned that “The sound of
the rain (in the AAM and the AVM) was soothing and tense
at times, making me feel immersed in the raining environ-
ment” (P2), and “It (the AAM) allowed me to just focus on
the sound and close my eyes to fully experience the natural
environment created by the natural sounds” (P25).

5.2.3. The dynamic natural soundscape brings a more
valuable and enjoyable user experience

In the interviews, participants expressed greater pleasure and
enjoyment in the AAM and the AVM. The main factor behind
this was the efficacy of metaphorical auditory displays in stim-
ulating their rapid comprehension. Additionally, participants’
subconscious responses to natural sounds contribute to emo-
tional arousal, leading to subsequent reflective behavior. We
provide detailed explanations for the two reasons.

First, prior knowledge enhanced the comprehension of
complex physiological data through metaphorical associa-
tions with audio symbols. Participants mentioned that their
existing knowledge of natural sounds made it easier to
understand the characteristics of the physiological data. For
example, P1 explained, “Thunder is a sudden natural occur-
rence that helps me understand that this physiological data
(NS.SCR frequency) indicates a sudden increase in my stress
level.” P6 mentioned, “I see the thunder sounds as a warning
signal, telling me that the data during that time means I'm
dealing with a higher stress level.”

However, it is worth noting the direction of data meta-
phors, which necessitates adjustment based on individual
cognition. During the interviews, all 30 participants con-
veyed an understanding that heavier rain metaphorically
represented increased stress. Still, 3 participants found the
selection of thunder peculiar, and 8 participants deemed the
use of chirping sound inappropriate. For example, P4 men-
tioned, “Thunder has a strong sense of warning, but I don’t
see my change in stress as something that needs to be warned
about”, and P30 expressed confusion about the use of chirp-
ing sound, “I thought the birds songs represented a positive
intention, but they were triggered when I was stressed, which
made me feel confused.”

Second, the natural soundscape evoked new emotions
that facilitated participants’ self-reflection. Some participants
mentioned that listening to thunderstorms or chirping cre-
ated a sense of tension, causing them to re-experience their
stress and gain a new awareness of their previous states of
stress. For example, P2 mentioned, “When I hear the sound
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of thunder and rain, I become slightly nervous. It’s as if I am
directly sensing the stress from my past experiences’, and
“The heavy rain sounds really stressed me out, and it made
me realize I was under a lot of pressure during that moment
(public speaking). I think I need to practice my public speak-
ing skills more” (P20). However, not everyone is receptive to
such emotional arousal. Two participants found the new
negative emotions uncomforting, who expressed a preference
for a more relaxing self-reflection process.

5.2.4. Opportunities and challenges

5.2.4.1. Opportunities. It was observed that RainMind
enhanced participants’ willingness to share and exchange
data. Some participants mentioned that using audio as a
data presentation method and employing a metaphorical
approach made them less reluctant to share their personal
data with others. At the same time, they expressed curiosity
about the audio generated from others’ physiological data.
Participants believed that sharing the audio generated by
RainMind in close relationships and on social media plat-
forms could serve as a form of self-disclosure, providing a
means of stress release and evoking empathy from others.
For instance, P14 mentioned that “I would really like to
share this audio with my parents and my supervisor so that
they can understand the stress I am under during the exam
preparation.”

5.2.4.2. Challenges. During the interviews, participants dis-
cussed the challenges they encountered while using the three
modes of RainMind. About the reflection function, they
expressed a desire for RainMind to incorporate audio con-
trol functions (pause, play, progress adjustment, etc.) as well
as features that support self-reflection, such as making anno-
tations, recording thoughts, and reviewing specific periods.
They also expressed the necessity for personalization in
RainMind. They suggested that data presentation methods
could be personalized, enabling them to switch between data
visualization and auditory display based on their individual
states and needs. For example, P21 mentioned that “When I
have a normal day, I prefer to quickly review my physio-
logical data (through visualization). On days with more stres-
sors, I like to listen attentively to the gradual changes in my
stress levels (through the dynamic natural soundscape).” In
terms of auditory display design, participants expressed the
need for personalized adjustments to the soundscape, sound
elements, physiological data parameters, and mapping strat-
egy in RainMind. For example, “I really don’t like the rain
sound. Can I change it to the wind sound?” (P5), and “Some
of my stress, like the stress from working out, is not a bad
thing for me. 1 want to express that part of my stress in a
more positive sound, like fire” (P9).

6. Discussion

Our study investigated the usage of dynamics of natural
sounds to metaphorically present the changes in stress-
related physiological data, and evaluated its applications of
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RainMind in supporting self-reflection in a daily stress man-
agement setting for mental health promotion. By comparing
the visual-aided mode (VAM), the audio-aided mode
(AAM), and the audio-visual mode (AVM), this paper
revealed the potential values of the physiological data-driven
dynamic natural soundscape in the following aspects. First,
quantitative and qualitative findings indicated that the AVM
contributed to a lower task load compared to both the AAM
and the VAM (H1). This could be attributed to the auditory
displays of natural sound clips for significant vital signals
(i.e., increased NS.SCR frequency and HR) efficiently sup-
ported users to memorize unique moments of the day,
whereas the animated visualization of physiological data
provided a mental health overview of the day. This finding
is in line with earlier studies on multisensory integration,
which can be valuable to diminish the split of attention
(Latif et al., 2022) and enhance the information processing
capabilities (Enge et al, 2024). Second, both AAM and
AVM equally contributed to significantly increased user
engagement compared to the VAM (H2). This is primarily
due to the curiosity fostered by the metaphorical auditory
display and the immersion provided by the natural sound-
scape, as suggested by Hoque et al. (2023) and Roddy
(2015). Third, both RainMind’s AAM and AVM enhanced
user experience more significantly than VAM (H3), whereas
no differences were produced between AAM and AVM.
Consistent with previous research (Blanco et al., 2022; Van
Kerrebroeck & Maes, 2021), the inclusion of natural sounds
in the auditory display design could be decisive in creating
relaxing and pleasurable experiences. Moreover, we summar-
ize a set of design implications for the next HCI develop-
ments of mental health self-reflection tools empowered by
data-driven natural soundscapes.

6.1. Design implications

6.1.1. Sonifying remarkable physiological states with nat-

ural sound clips to support data reading at ease

The results of our study indicated that integrating data visual-
ization with dynamic natural soundscapes to present various
physiological data reduced task load during self-reflection.
Particularly, our design used sound clips of natural elements in
the soundscapes to sonify significant physiological states, which
might be useful in reducing task load by allowing users to
manage their attention. This effect was similar to the multisen-
sory integration (Ren et al, 2021). In qualitative analysis, we
observed distinct patterns of attention allocation among partici-
pants engaging with AVM. While participants generally
focused on self-reflection, they shifted their attention to data
visualizations for detailed insights when encountering thunder
and chirping sounds. For example, P14 mentioned that “I was
relaxed during AVM, but when I heard thunder and birds
chirping, 1 started paying closer attention to the data fluctua-
tions in that area.” Therefore, we recommend sonifying
remarkable physiological states with natural sound clips to sup-
port data reading at ease in the reflection-support applications.
This approach can promote the formation of long-term
reflective habits by reducing the task load of self-reflection.

Dedicated machine learning algorithms can be incorporated
into this process (Vos et al., 2023), enabling accurate detection
of noteworthy vital states from the physiological data.

6.1.2. Shaping immersive reflection experiences with
dynamic natural sounds through representing multimodal
psychophysiological data

In our study, both AAM and AVM significantly enhanced
user engagement, underscoring the pivotal role of dynamic
natural soundscapes. In RainMind, dynamic natural sound-
scapes shaped virtual nature scenes to bring about a more
immersive self-reflection experience, sparking curiosity and
encouraging users to slow down the pace of reflection
(Bentvelzen et al., 2022). During interviews, we found that
the utilized multimodal data were no longer read separately,
but were intertwined through auditory displays to formulate
a soundscape that was perceived as a whole. For example,
P12 mentioned that “I focused on one-fold and disregarded
the other two when looking at visualizations, using auditory
cues makes overall judgments easier.” This not only deepens
understanding of stress-induced physiological changes but
also facilitates the exploration of data relationships. In future
designs, a variety of psychophysiological data such as EEG
(Norata et al., 2023), behavioral data (Clark & Doryab,
2022), and subjective reporting data (Angeler et al., 2022)
could be incorporated to form a more vivid and meaningful
dynamic natural soundscape. However, unlike our findings,
Du et al. (2018) did not observe a significant increase in
user engagement when presenting multimodal data from
sports competitions using both auditory display and visual-
ization. They attributed this to inappropriate sonic cues that
caused confusion in the interpretation of the sounds. In the
design of RainMind’s auditory display, we employed meta-
phorical techniques to create effective mapping strategies, as
recommended by Roddy and Bridges (2020). Therefore, we
suggest selecting meaningful sound elements and designing
mapping strategies that enhance meaning-making to create
authentic natural soundscapes, thereby enhancing mental
health self-reflection experiences.

6.1.3. Re-experiencing emotions in self-reflection support
systems with personalized natural soundscapes

Our study results suggested that dynamic natural sound-
scapes facilitated enjoyable and effective self-reflection expe-
riences. During interviews, participants reported sensations
of previous emotions, particularly in response to the rainy
ambience, which is consistent with Hoque et al. (2023) find-
ings that natural sounds evoke emotions and provide listen-
ers with a sense of realism. Participants noted that these
emotions enabled them to re-experience stress and gain
insights into their past stress levels in an embodied way, fos-
tering deeper insights and motivating behavioral changes.
Sonification has been seen as an emotionalizing carrier that
could effectively convey both information and emotions
(Ronnberg, 2021). In addition, compared to the other preva-
lent methods for enhancing user-data interactions, such as
physicalization (Bentvelzen et al., 2023; Sauvé et al., 2020;



Thudt et al,, 2018) and virtual reality (Jiang & Ahmadpour,
2021; Wagener et al.,, 2023), auditory displays require low-
level setups that maximize the accessibility for users (Ha &
Kim, 2020). Therefore, incorporating dynamic natural
soundscapes into existing visual-based self-reflection applica-
tions, such as digital apps or wearable devices could foster
long-term self-reflection habits in a lightweight manner.

Besides, from interviews, we observed that participants
had distinct preferences for soundscapes and sound ele-
ments, as well as the mechanism of data mapping. As sug-
gested by Yu et al. (2018), individual preferences over
specific sound elements could significantly influence their
overall experiences of the auditory biofeedback.
Additionally, participants indicated the potential needs to
adapt data presentation methods based on individual states
in a long run. Hence, we recommend enabling personaliza-
tion in a wide variety of the parameters in natural sound-
scapes to satisfy individual differences and changes in
personal status. For example, considering factors such as
perceived stress, stress trajectory class, sleep duration, and
family background (Ekuni et al, 2022; Liu et al, 2023,
2024), adaptive natural soundscapes could be generated
through machine learning integrated into the self-reflection
system (Oyebode et al., 2023).

6.2. Limitations and future work

There are several limitations to this study that require dis-
cussion. First, similar to the studies by Yu et al. (2018) and
Wagener et al. (2023), our participants consisted of young
adults from the same cultural background, which may limit
the generalizability of perspectives.

Therefore, the effectiveness of RainMind in other age
groups is not guaranteed and should be further explored.
Future study could be conducted with a larger number of
participants from a diversity of age groups to improve the
representativeness of the results. Second, in this study, every
participant experienced each reflection mode in RainMind
once in a laboratory setting, which might cause the novelty
effects (Kjaerup et al, 2021) to our design. The real-world
applicability of RainMind in daily situations, along with its
potential to cultivate long-term habits of self-reflection, has
not been validated. To obtain insights into long-term stress
coping assisted with RainMind, in the future we plan to
carry out a longitudinal study with updated prototypes to
understand daily adoptions of data-enabled mental health
self-reflection with data-driven natural soundscapes. Third,
another limitation is the reliance on subjective reports for
evaluating RainMind’s effectiveness. Objective evaluations,
such as the number, type, and depth of the participants’
insights, are crucial for future research.

In our future work, we will further design the audio-
aided mode and audio-visual mode of RainMind to meet
users’ everyday self-reflection and personalized needs in dif-
ferent contexts. For instance, the shared stress-related reflec-
tion might be incorporated into RainMind, which has been
proven to be effective for curing overstress (Jiang et al.,
2023) and such mechanisms have been increasingly applied
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in a variety of health promotion contexts, such as healthy
eating (Lukoff et al, 2018), physical activity (Ren et al,
2018), and so on. This exploration may provide additional
insights into shared data representation methods.

7. Conclusion

In this article, we present RainMind, a soundscape that rep-
resents physiological data with dynamics of natural sounds
to support users reviewing their stress throughout a day.
Through a within-subject study involving 30 participants, we
evaluated the effectiveness of RainMind in facilitating self-
reflection by comparing its three data presentation modes
(VAM, AAM, and AVM) in task load, user engagement,
and enhancing user experience. Qualitative and quantitative
findings suggested that the integration of dynamic natural
soundscape and visualization contributes to a lower task
load in self-reflection. Furthermore, whether combined with
visual elements or not, the use of dynamic natural sound-
scape as metaphors for stress data can help enhance user
engagement and user experience. We further propose design
implications for using dynamic natural soundscape as a new
way of data-driven self-reflection for mental health promo-
tion in the daily setup. This article aims to inspire the use
of metaphorical auditory displays in presenting physiological
data and encourages their application in a broader range of
health-related contexts.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

This work was supported by the National Social Science Fund of China
(21CG192).

ORCID

Ran Yan
Xipei Ren
Siming Wang
Xinhui Bai
Xiaoyu Zhang

http://orcid.org/0009-0006-4503-1152
http://orcid.org/0000-0001-6040-5366
http://orcid.org/0009-0000-5507-972X
http://orcid.org/0009-0001-7053-0512
http://orcid.org/0009-0005-1350-7518

References

Abbott, L. C., Taff, D., Newman, P., Benfield, J. A., & Mowen, A. J.
(2016). The influence of natural sounds on attention restoration.
Journal of Park and Recreation Administration, 34(3), 5-15. https://
doi.org/10.18666/JPRA-2016-V34-13-6893

Alvarsson, J. J., Wiens, S., & Nilsson, M. E. (2010). Stress recovery during
exposure to nature sound and environmental noise. International
Journal of Environmental Research and Public Health, 7(3), 1036-1046.
https://doi.org/10.3390/ijerph7031036

Angeler, D. G., Eyre, H. A, & Berk, M. (2022). Listening to the silent
struggles of bipolar disorder through sonification of iMoodJournal
data. Bipolar Disorders, 24(6), 689-692. https://doi.org/10.1111/bdi.
13210


https://doi.org/10.18666/JPRA-2016-V34-I3-6893
https://doi.org/10.18666/JPRA-2016-V34-I3-6893
https://doi.org/10.3390/ijerph7031036
https://doi.org/10.1111/bdi.13210
https://doi.org/10.1111/bdi.13210

16 R. YAN ET AL.

Appelhans, B. M., & Luecken, L. J. (2006). Heart rate variability as an
index of regulated emotional responding. Review of General Psychology,
10(3), 229-240. https://doi.org/10.1037/1089-2680.10.3.229

Babaei, E., Tag, B., Dingler, T., & Velloso, E. (2021). A critique of elec-
trodermal activity practices at CHI. In Proceedings of the 2021 CHI
Conference on Human Factors in Computing Systems (pp. 1-14).
ACM. https://doi.org/10.1145/3411764.3445370

Bahameish, M. (2019). Can changes in heart rate variability represented in
sound be identified by non-medical experts?. In Extended Abstracts of
the 2019 CHI Conference on Human Factors in Computing Systems
(pp. 1-6). ACM. https://doi.org/10.1145/3290607.3308456

Baum, A., & Posluszny, D. M. (1999). HEALTH PSYCHOLOGY:
Mapping biobehavioral contributions to health and illness. Annual
Review of Psychology, 50(1), 137-163. https://doi.org/10.1146/annurev.
psych.50.1.137

Baumer, E. P. S. (2015). Reflective informatics: Conceptual dimensions
for designing technologies of reflection. In Proceedings of the 33rd
Annual ACM Conference on Human Factors in Computing Systems
(pp. 585-594). ACM. https://doi.org/10.1145/2702123.2702234

Baumer, E. P. S, Khovanskaya, V., Matthews, M., Reynolds, L.,
Schwanda Sosik, V., Gay, G. (2014). Reviewing reflection: On the
use of reflection in interactive system design. In Proceedings of the
2014 Conference on Designing Interactive Systems (pp. 93-102).
ACM. https://doi.org/10.1145/2598510.2598598

BBC Sound Effects (2024). https://sound-effects.bbcrewind.co.uk/

Bentvelzen, M., Dominiak, J., Niess, J., Henraat, F., & Wozniak, P. W.
(2023). How instructional data physicalisation fosters reflection in
personal informatics. In Proceedings of the 2023 CHI Conference on
Human Factors in Computing Systems (pp. 1-15). ACM. https://doi.
org/10.1145/3544548.3581198

Bentvelzen, M., Wozniak, P. W., Herbes, P. S. F., Stefanidi, E., & Niess,
J. (2022). Revisiting Reflection in HCI: Four Design Resources for
Technologies that Support Reflection. Proceedings of the ACM on
Interactive, Mobile, Wearable and Ubiquitous Technologies, 6(1), 1-
27. https://doi.org/10.1145/3517233

Blanco, A. L., Hermann, T., Tiesmeier, J., Persson, J., & Grautoff, S.
(2022). Sonification enables continuous surveillance of the ST seg-
ment in the electrocardiogram. The American Journal of Emergency
Medicine, 58, 286-297. https://doi.org/10.1016/j.ajem.2022.05.016

Born, J., Ramachandran, B. R. N., Pinto, S. A. R, Winkler, S., &
Ratnam, R. (2019). Multimodal study of the effects of varying task
load utilizing EEG, GSR and eye-tracking. BioRxiv, 798496. https://
doi.org/10.1101/798496

Borthakur, D., Grace, V., Batchelor, P., Dubey, H., & Mankodiya, K.
(2019). Fuzzy C-means clustering and sonification of HRV features.
In 2019 IEEE/ACM International Conference on Connected Health:
Applications, Systems and Engineering Technologies (CHASE) (pp.
53-57). IEEE. https://doi.org/10.1109/CHASE48038.2019.00024

Boucsein, W. (2012). Electrodermal activity. Springer. https://doi.org/10.
1007/978-1-4614-1126-0

Braun, V., & Clarke, V. (2006). Using thematic analysis in psychology.
Qualitative Research in Psychology, 3(2), 77-101. https://doi.org/10.
1191/1478088706qp0630a

Cain, B. (2007). A review of the mental workload literature. DTIC
Document.

Chen, H., Liu, C., Zhou, F., Chiang, C.-H., Chen, Y.-L, Wu, K,
Huang, D.-H., Liu, C.-Y., & Chiou, W.-K. (2022). The effect of ani-
mation-guided mindfulness meditation on the promotion of creativ-
ity, flow and affect. Frontiers in Psychology, 13, 894337. https://doi.
org/10.3389/fpsyg.2022.894337

Choe, E. K., Lee, B, Zhu, H, Riche, N. H., Baur, D. (2017).
Understanding self-reflection: How people reflect on personal data
through visual data exploration. In Proceedings of the 11th EAI
International Conference on Pervasive Computing Technologies for
Healthcare (pp. 173-182). ACM. https://doi.org/10.1145/3154862.
3154881

Clark, M., & Doryab, A. (2022). Sounds of health: Using personalized
sonification models to communicate health information. Proceedings
of the ACM on Interactive, Mobile, Wearable and Ubiquitous
Technologies, 6(4), 1-31. https://doi.org/10.1145/3570346

Cochrane, K. A., Loke, L., De Bérigny, C., & Campbell, A. (2018).
Sounds in the moment: Designing an interactive EEG nature sound-
scape for novice mindfulness meditators. In Proceedings of the 30th
Australian Conference on Computer-Human Interaction (pp. 298-
302). ACM. https://doi.org/10.1145/3292147.3292215

Cochrane, K., Loke, L., Campbell, A., & Ahmadpour, N. (2020).
Mediscape: Preliminary design guidelines for interactive rhythmic
soundscapes for entraining novice mindfulness meditators. In
32nd  Australian Conference on Human-Computer Interaction
(pp. 379-391). ACM. https://doi.org/10.1145/3441000.3441052

Crane, M. F., Searle, B. ], Kangas, M., & Nwiran, Y. (2019). How
resilience is strengthened by exposure to stressors: The systematic
self-reflection model of resilience strengthening. Anxiety, Stress, and
Coping, 32(1), 1-17. https://doi.org/10.1080/10615806.2018.1506640

Deng, L., Turner, D. E., Gehling, R., & Prince, B. (2010). User experi-
ence, satisfaction, and continual usage intention of IT. European
Journal of Information Systems, 19(1), 60-75. https://doi.org/10.
1057/ejis.2009.50

Ding, X. S., Wei, S., Gui, X,, Gu, N., & Zhang, P. (2021). Data engage-
ment reconsidered: A study of automatic stress tracking technology
in use. In Proceedings of the 2021 CHI Conference on Human
Factors in Computing Systems (pp. 1-13). ACM. https://doi.org/10.
1145/3411764.3445763

Du, M., Chou, J.-K., Ma, C., Chandrasegaran, S., & Ma, K.-L. (2018).
Exploring the role of sound in augmenting visualization to enhance
user engagement. In 2018 IEEE Pacific Visualization Symposium
(PacificVis) (pp. 225-229). IEEE. https://doi.org/10.1109/PacificVis.
2018.00036

Ekuni, R., Souza, B. M. N., Cogo-Moreira, H., Louren¢o, F. C, &
Pompeia, S. (2022). Bidirectional longitudinal dynamics of self-
reported total sleep time and perceived stress: Establishing potential
causal relationships. Sleep Health, 8(4), 406-409. https://doi.org/10.
1016/j.s1eh.2022.01.004

Empatica Inc (2024). E4 wristband. https://www.empatica.com/en-int/
research/e4/

Enge, K., Elmquist, E., Caiola, V., Ronnberg, N., Rind, A., Iber, M.,
Lenzi, S., Lan, F., Holdrich, R., & Aigner, W. (2024). Open your
ears to take a look: A State-of-the-Art report on the integration of
sonification and visualization. arXiv Preprint arXiv, 2402, 16558.
https://doi.org/10.48550/arXiv.2402.16558

Fleck, R., & Fitzpatrick, G. (2010). Reflecting on reflection: Framing a
design landscape. In Proceedings of the 22nd Conference of the
Computer-Human Interaction Special Interest Group of Australia on
Computer-Human Interaction (pp. 216-223). ACM. https://doi.org/
10.1145/1952222.1952269

Gonzédlez Ramirez, M. L., Garcla Vazquez, J. P., Rodriguez, M. D.,
Padilla-Léopez, L. A., Galindo-Aldana, G. M., & Cuevas-Gonzilez, D.
(2023). Wearables for stress management: A scoping review.
Healthcare (Basel, Switzerland), 11(17), 2369. https://doi.org/10.3390/
healthcare11172369

Ha, S. W., & Kim, J. (2020). Designing a scalable, accessible, and effect-
ive mobile app based solution for common mental health problems.
International Journal of Human-Computer Interaction, 36(14),
1354-1367. https://doi.org/10.1080/10447318.2020.1750792

Hart, S. G., & Staveland, L. E. (1988). Development of NASA-TLX
(Task Load Index): Results of empirical and theoretical research.
Advances in Psychology, 52, 139-183. https://doi.org/10.1016/S0166-
4115(08)62386-9

Herbert, J. (1997). Fortnightly review: Stress, the brain, and mental ill-
ness. BM] (Clinical Research ed.), 315(7107), 530-535. https://doi.
org/10.1136/bm}.315.7107.530

Hermann, T., Hunt, A., & Neuhoff, J. G. (2011). The sonification hand-
book. Logos Verlag.

Hinterberger, T., & Firnrohr, E. (2016). The sensorium:
Psychophysiological evaluation of responses to a multimodal neuro-
feedback environment. Applied Psychophysiology and Biofeedback,
41(3), 315-329. https://doi.org/10.1007/s10484-016-9332-2

Hoque, M. N., Ehtesham-Ul-Haque, M., Elmqvist, N., & Billah, S. M.
(2023). Accessible data representation with natural sound. In
Proceedings of the 2023 CHI Conference on Human Factors in


https://doi.org/10.1037/1089-2680.10.3.229
https://doi.org/10.1145/3411764.3445370
https://doi.org/10.1145/3290607.3308456
https://doi.org/10.1146/annurev.psych.50.1.137
https://doi.org/10.1146/annurev.psych.50.1.137
https://doi.org/10.1145/2702123.2702234
https://doi.org/10.1145/2598510.2598598
https://sound-effects.bbcrewind.co.uk/
https://doi.org/10.1145/3544548.3581198
https://doi.org/10.1145/3544548.3581198
https://doi.org/10.1145/3517233
https://doi.org/10.1016/j.ajem.2022.05.016
https://doi.org/10.1101/798496
https://doi.org/10.1101/798496
https://doi.org/10.1109/CHASE48038.2019.00024
https://doi.org/10.1007/978-1-4614-1126-0
https://doi.org/10.1007/978-1-4614-1126-0
https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.3389/fpsyg.2022.894337
https://doi.org/10.3389/fpsyg.2022.894337
https://doi.org/10.1145/3154862.3154881
https://doi.org/10.1145/3154862.3154881
https://doi.org/10.1145/3570346
https://doi.org/10.1145/3292147.3292215
https://doi.org/10.1145/3441000.3441052
https://doi.org/10.1080/10615806.2018.1506640
https://doi.org/10.1057/ejis.2009.50
https://doi.org/10.1057/ejis.2009.50
https://doi.org/10.1145/3411764.3445763
https://doi.org/10.1145/3411764.3445763
https://doi.org/10.1109/PacificVis.2018.00036
https://doi.org/10.1109/PacificVis.2018.00036
https://doi.org/10.1016/j.sleh.2022.01.004
https://doi.org/10.1016/j.sleh.2022.01.004
https://www.empatica.com/en-int/research/e4/
https://www.empatica.com/en-int/research/e4/
https://doi.org/10.48550/arXiv.2402.16558
https://doi.org/10.1145/1952222.1952269
https://doi.org/10.1145/1952222.1952269
https://doi.org/10.3390/healthcare11172369
https://doi.org/10.3390/healthcare11172369
https://doi.org/10.1080/10447318.2020.1750792
https://doi.org/10.1016/S0166-4115(08)62386-9
https://doi.org/10.1016/S0166-4115(08)62386-9
https://doi.org/10.1136/bmj.315.7107.530
https://doi.org/10.1136/bmj.315.7107.530
https://doi.org/10.1007/s10484-016-9332-2

Computing Systems 1-19).
3544548.3581087

Hornbzk, K., & Hertzum, M. (2017). Technology acceptance and user
experience: A review of the experiential component in HCI. ACM
Transactions on Computer-Human Interaction, 24(5), 1-30. https://
doi.org/10.1145/3127358

Jiang, J., & Ahmadpour, N. (2021). Beyond immersion: Designing for
reflection in virtual reality. In 33rd Australian Conference on
Human-Computer Interaction (pp. 208-220). ACM. https://doi.org/
10.1145/3520495.3520501

Jiang, Y., Ding, X., Ma, X,, Sun, Z., & Gu, N. (2023). IntimaSea:
Exploring shared stress display in close relationships. In Proceedings
of the 2023 CHI Conference on Human Factors in Computing
Systems (pp. 1-19). ACM. https://doi.org/10.1145/3544548.3581000

Kahneman, D., Krueger, A. B., Schkade, D. A., Schwarz, N., & Stone,
A. A. (2004). A survey method for characterizing daily life experi-
ence: The day reconstruction method. Science (New York, N.Y.),
306(5702), 1776-1780. https://doi.org/10.1126/science.1103572

Kantan, P., Spaich, E. G., & Dahl, S. (2022). An embodied sonification
model for sit-to- stand transfers. Frontiers in Psychology, 13, 806861.
https://doi.org/10.3389/fpsyg.2022.806861

Kennedy, L., & Parker, S. H. (2019). Biofeedback as a stress manage-
ment tool: A systematic review. Cognition, Technology & Work,
21(2), 161-190. https://doi.org/10.1007/s10111-018-0487-x

Khot, R. A, Lee, J., Aggarwal, D., Hjorth, L., & Mueller, F. (2015).
TastyBeats: Designing palatable representations of physical activity.
In Proceedings of the 33rd Annual ACM Conference on Human
Factors in Computing Systems (pp. 2933-2942). ACM. https://doi.
org/10.1145/2702123.2702197

Kjeerup, M., Skov, M. B, Nielsen, P. A, Kjeldskov, J., Gerken, J., &
Reiterer, H. (2021). Longitudinal studies in HCI research: A review
of CHI publications from 1982-2019. In E. Karapanos, J. Gerken, J.
Kjeldskov, & M. B. Skov (Eds.), Advances in longitudinal HCI
research (pp. 11-39). Springer International Publishing. https://doi.
org/10.1007/978-3-030-67322-2_2

Klamet, J., Matthies, D. J. C., & Minge, M. (2016). WeaRelaxAble: A
wearable system to enhance stress resistance using various kinds of
feedback stimuli. In Proceedings of the 3rd International Workshop
on Sensor-Based Activity Recognition and Interaction (pp. 1-6).
ACM. https://doi.org/10.1145/2948963.2948965

Kocielnik, R,, & Sidorova, N. (2015). Personalized stress management:
Enabling stress monitoring with LifelogExplorer. KI - Kiinstliche
Intelligenz, 29(2), 115-122. https://doi.org/10.1007/s13218-015-0348-1

Kocielnik, R., Xiao, L., Avrahami, D., & Hsieh, G. (2018). Reflection
companion: A conversational system for engaging users in reflection
on physical activity. Proceedings of the ACM on Interactive, Mobile,
Wearable and Ubiquitous Technologies, 2(2), 1-26. https://doi.org/10.
1145/3214273

Latif, S., Tarner, H., & Beck, F. (2022). Talking realities: Audio guides
in virtual reality visualizations. IEEE Computer Graphics and
Applications,  42(1), 73-83.  https://doi.org/10.1109/MCG.2021.
3058129

Li, I, Dey, A. K., & Forlizzi, J. (2011). Understanding my data, myself:
Supporting  self- reflection with ubicomp technologies. In
Proceedings of the 13th International Conference on Ubiquitous
Computing (pp. 405-414). ACM. https://doi.org/10.1145/2030112.
2030166

Li, I, Dey, A., & Forlizzi, J. (2010). A stage-based model of personal
informatics systems. In Proceedings of the SIGCHI Conference on
Human Factors in Computing Systems (pp. 557-566). ACM. https://
doi.org/10.1145/1753326.1753409

Liu, X., Li, Y., & Cao, X. (2024). Bidirectional reduction effects of per-
ceived stress and general self-efficacy among college students: A
cross-lagged study. Humanities and Social Sciences Communications,
11(1), 1-8. https://doi.org/10.1057/s41599-024-02785-0

Liu, X,, Zhang, Y., Gao, W., & Cao, X. (2023). Developmental trajectories
of depression, anxiety, and stress among college students: A piecewise
growth mixture model analysis. Humanities and Social ~Sciences
Communications, 10(1), 1-10. https://doi.org/10.1057/s41599-023-02252-2

(pp- ACM. https://doi.org/10.1145/

INTERNATIONAL JOURNAL OF HUMAN-COMPUTER INTERACTION 17

Lukoft, K., Li, T., Zhuang, Y., Lim, B. Y. (2018). TableChat: Mobile
food journaling to facilitate family support for healthy eating.
Proceedings of the ACM on Human-Computer Interaction, 2(CSCW),
1-28. https://doi.org/10.1145/3274383

MacLean, D., Roseway, A., & Czerwinski, M. (2013). MoodWings: A
wearable biofeedback device for real-time stress intervention. In
Proceedings of the 6th International Conference on PErvasive
Technologies Related to Assistive Environments (pp. 1-8). https://doi.
org/10.1145/2504335.2504406

Makowski, D., Pham, T., Lau, Z. J., Brammer, J. C., Lespinasse, F.,
Pham, H., Scholzel, C., & Chen, S. A. (2021). NeuroKit2: A Python
toolbox for neurophysiological signal processing. Behavior Research
Methods, 53(4), 1689-1696. https://doi.org/10.3758/s13428-020-
01516-y

Martin, M. E., & Lopez, A. S. (2020). Analysing conceptual metaphors of
emotion in mindfulness literature. Universitat Jaume I. http://hdlLhandle.
net/10234/189393

Martinez Manchén, F. D. A., & Simunié, A. (2023). Effects of short-
term exposure to interactive vs. non-interactive virtual nature on
cognitive performance and mental health in college students.
International Journal of Human-Computer Interaction, 0(0), 1-11.
https://doi.org/10.1080/10447318.2023.2235122

McDuff, D., Karlson, A., Kapoor, A., Roseway, A., & Czerwinski, M.
(2012). AffectAura: An intelligent system for emotional memory. In
Proceedings of the SIGCHI Conference on Human Factors in
Computing Systems (pp. 849-858). ACM. https://doi.org/10.1145/
2207676.2208525

Mendoza, J. I, Danso, A., Rantalainen, T., Palmberg, L., Luck, G., &
Chastin, S. (2023). Musical sonification of daily physical activity
data: A proof of concept study. arXiv Preprint arXiv, 2312, 06298.
https://doi.org/10.48550/arXiv.2312.06298

Mike Bostock and Observable, Inc. (2024). D3 by observable. https://
d3js.org/

Nadri, C., Matar, H. A., Morrison, S., Tiemann, A., Song, I., Lee, T. H.,
& Jeon, M. (2023). Neurodivergence in sound: Sonification as a tool
for mental health awareness. In Proceedings of the 28th International
Conference on Auditory Display (ICAD 2023). https://doi.org/10.
21785/icad2023.7111

Nishida, K., & Oyama-Higa, M. (2014). The influence of listening to
nature sounds on mental health. In T. D. Pham, K. Ichikawa, M.
Oyama-Higa, D. Coomans, & X. Jiang (Eds.), Biomedical informatics
and technology (pp. 319-323). Springer. https://doi.org/10.1007/978-
3-642-54121-6_30

Norata, D., Broggi, S., Alvisi, L., Lattanzi, S., Brigo, F., & Tinuper, P.
(2023). The EEG pen-on-paper sound: History and recent advances.
Seizure: European Journal of Epilepsy, 107, 67-70. https://doi.org/10.
1016/j.seizure.2023.03.011

Nown, T. H., Upadhyay, P., Kerr, A., Andonovic, L, Tachtatzis, C., &
Grealy, M. A. (2023). A mapping review of real-time movement
sonification systems for movement rehabilitation. IEEE Reviews in
Biomedical Engineering, 16, 672-686. https://doi.org/10.1109/RBME.
2022.3187840

O’Brien, H. L., Cairns, P., & Hall, M. (2018). A practical approach to
measuring user engagement with the refined user engagement scale
(UES) and new UES short form. International Journal of Human-
Computer Studies, 112, 28-39. https://doi.org/10.1016/j.ijhcs.2018.01.
004

Oyebode, O., Fowles, J., Steeves, D., & Orji, R. (2023). Machine learn-
ing techniques in adaptive and personalized systems for health and
wellness. International Journal of Human-Computer Interaction,
39(9), 1938-1962. https://doi.org/10.1080/10447318.2022.2089085

Ratcliffe, E. (2021). Sound and soundscape in restorative natural envi-
ronments: A narrative literature review. Frontiers in Psychology, 12,
570563. https://doi.org/10.3389/fpsyg.2021.570563

Rejeh, N., Heravi-Karimooi, M., Tadrisi, S. D., Jahani, A., Vaismoradi,
M., & Jordan, S. (2016). The impact of listening to pleasant natural
sounds on anxiety and physiologic parameters in patients under-
going coronary angiography: A pragmatic quasi- randomized-con-
trolled trial. Complementary Therapies in Clinical Practice, 25, 42—
51. https://doi.org/10.1016/j.ctcp.2016.08.001


https://doi.org/10.1145/3544548.3581087
https://doi.org/10.1145/3544548.3581087
https://doi.org/10.1145/3127358
https://doi.org/10.1145/3127358
https://doi.org/10.1145/3520495.3520501
https://doi.org/10.1145/3520495.3520501
https://doi.org/10.1145/3544548.3581000
https://doi.org/10.1126/science.1103572
https://doi.org/10.3389/fpsyg.2022.806861
https://doi.org/10.1007/s10111-018-0487-x
https://doi.org/10.1145/2702123.2702197
https://doi.org/10.1145/2702123.2702197
https://doi.org/10.1007/978-3-030-67322-2_2
https://doi.org/10.1007/978-3-030-67322-2_2
https://doi.org/10.1145/2948963.2948965
https://doi.org/10.1007/s13218-015-0348-1
https://doi.org/10.1145/3214273
https://doi.org/10.1145/3214273
https://doi.org/10.1109/MCG.2021.3058129
https://doi.org/10.1109/MCG.2021.3058129
https://doi.org/10.1145/2030112.2030166
https://doi.org/10.1145/2030112.2030166
https://doi.org/10.1145/1753326.1753409
https://doi.org/10.1145/1753326.1753409
https://doi.org/10.1057/s41599-024-02785-0
https://doi.org/10.1057/s41599-023-02252-2
https://doi.org/10.1145/3274383
https://doi.org/10.1145/2504335.2504406
https://doi.org/10.1145/2504335.2504406
https://doi.org/10.3758/s13428-020-01516-y
https://doi.org/10.3758/s13428-020-01516-y
http://hdl.handle.net/10234/189393
http://hdl.handle.net/10234/189393
https://doi.org/10.1080/10447318.2023.2235122
https://doi.org/10.1145/2207676.2208525
https://doi.org/10.1145/2207676.2208525
https://doi.org/10.48550/arXiv.2312.06298
https://d3js.org/
https://d3js.org/
https://doi.org/10.21785/icad2023.7111
https://doi.org/10.21785/icad2023.7111
https://doi.org/10.1007/978-3-642-54121-6_30
https://doi.org/10.1007/978-3-642-54121-6_30
https://doi.org/10.1016/j.seizure.2023.03.011
https://doi.org/10.1016/j.seizure.2023.03.011
https://doi.org/10.1109/RBME.2022.3187840
https://doi.org/10.1109/RBME.2022.3187840
https://doi.org/10.1016/j.ijhcs.2018.01.004
https://doi.org/10.1016/j.ijhcs.2018.01.004
https://doi.org/10.1080/10447318.2022.2089085
https://doi.org/10.3389/fpsyg.2021.570563
https://doi.org/10.1016/j.ctcp.2016.08.001

18 R. YAN ET AL.

Ren, X, Yu, B, Lu, Y., & Brombacher, A. (2018). Exploring coopera-
tive fitness tracking to encourage physical activity among office
workers. Proceedings of the ACM on Human-Computer Interaction,
2(CSCW), 1-20. https://doi.org/10.1145/3274415

Ren, Y., Zhao, N,, Li, J., Bi, J., Wang, T., & Yang, W. (2021). Auditory
attentional load modulates audiovisual integration during auditory/
visual discrimination. Advances in Cognitive Psychology, 17(3), 193
202. https://doi.org/10.5709/acp-0328-0

Roddy, S. (2015). Embodied sonification [Doctoral diss]. Trinity College
Dublin.

Roddy, S., & Bridges, B. (2020). Mapping for meaning: The embodied
sonification listening model and its implications for the mapping prob-
lem in sonic information design. Journal on Multimodal User Interfaces,
14(2), 143-151. https://doi.org/10.1007/s12193-020-00318-y

Roddy, S., & Furlong, D. (2015). Sonification listening: An empirical
embodied approach. In Proceedings of the 2Ist International
Conference on Auditory Display (ICAD 2015).

Rénnberg, N. (2021). Sonification for conveying data and emotion.
In Proceedings of the 16th International Audio Mostly Conference
(pp. 56-63). ACM. https://doi.org/10.1145/3478384.3478387

Roo, J. S., Gervais, R., Frey, J., & Hachet, M. (2017). Inner Garden:
Connecting inner states to a mixed reality sandbox for mindfulness.
In Proceedings of the 2017 CHI Conference on Human Factors in
Computing Systems (pp. 1459-1470). ACM. https://doi.org/10.1145/
3025453.3025743

Ryan, R. M. (1982). Control and information in the intrapersonal
sphere: An extension of cognitive evaluation theory. Journal of
Personality and Social Psychology, 43(3), 450-461. https://doi.org/10.
1037/0022-3514.43.3.450

Sauvé, K., Bakker, S., Marquardt, N., & Houben, S. (2020). LOOP:
Exploring physicalization of activity tracking data. In Proceedings of
the 11th Nordic Conference on Human-Computer Interaction:
Shaping Experiences, Shaping Society (pp. 1-12). ACM. https://doi.
org/10.1145/3419249.3420109

Sawe, N., Chafe, C., & Trevino, J. (2020). Using data sonification to
overcome science literacy, numeracy, and visualization barriers in
science communication. Frontiers in Communication, 5, 46. https://
doi.org/10.3389/fcomm.2020.00046

Schafer, R. M. (1993). The soundscape: Our sonic environment and the
tuning of the world. Simon and Schuster.

Schrepp, M., Hinderks, A., & Thomaschewski, J. (2017). Design and
evaluation of a short version of the User Experience Questionnaire
(UEQ-S). International Journal of Interactive Multimedia and Artificial
Intelligence, 4(6), 103. https://doi.org/10.9781/ijimai.2017.09.001

Song, I, Baek, K., Kim, C., & Song, C. (2023). Effects of nature sounds
on the attention and physiological and psychological relaxation.
Urban Forestry & Urban Greening, 86, 127987. https://doi.org/10.
1016/j.ufug.2023.127987

Sousa, G. M. D., Tavares, V. D. D. O., de Meiroz Grilo, M. L. P,,
Coelho, M. L. G,, Lima- Aratjo, G. L. D., Schuch, F. B., & Galvao-
Coelho, N. L. (2021). Mental health in COVID-19 pandemic: A
meta-review of prevalence meta-analyses. Frontiers in Psychology, 12,
703838. https://doi.org/10.3389/fpsyg.2021.703838

Stuyck, H., Dalla Costa, L., Cleeremans, A., & Van den Bussche, E.
(2022). Validity of the Empatica E4 wristband to estimate resting-
state heart rate variability in a lab-based context. International
Journal of Psychophysiology, 182, 105-118. https://doi.org/10.1016/j.
ijpsycho.2022.10.003

Taelman, J., Vandeput, S., Spaepen, A., & Van Huffel, S. (2009).
Influence of mental stress on heart rate and heart rate variability. In
J. Vander Sloten, P. Verdonck, M. Nyssen, & J. Haueisen (Eds.), 4th
European Conference of the International Federation for Medical and
Biological Engineering (pp. 1366-1369). Springer. https://doi.org/10.
1007/978-3-540-89208-3_324

Taylor, S., Jaques, N., Chen, W., Fedor, S., Sano, A., & Picard, R. (2015).
Automatic identification of artifacts in electrodermal activity data. In

2015 37th Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (EMBC) (pp. 1934-1937). IEEE. https://
doi.org/10.1109/EMBC.2015.7318762

Thudt, A., Hinrichs, U., Huron, S., & Carpendale, S. (2018). Self-reflec-
tion and personal physicalization construction. In Proceedings of the
2018 CHI Conference on Human Factors in Computing Systems (pp.
1-13). ACM. https://doi.org/10.1145/3173574.3173728

Truax, B. (1999). Handbook for acoustic ecology [CD-ROM].
Cambridge Street Publishing. www.sfu.ca/~truax/handbook.html

Van Kerrebroeck, B., & Maes, P. J. (2021). A breathing sonification
system to reduce stress during the COVID-19 pandemic. Frontiers
in Psychology, 12, 623110. https://doi.org/10.3389/fpsyg.2021.623110

Vos, G., Trinh, K, Sarnyai, Z., & Rahimi Azghadi, M. (2023).
Generalizable machine learning for stress monitoring from wearable
devices: A systematic literature review. International Journal of
Medical Informatics, 173, 105026. https://doi.org/10.1016/j.ijmedinf.
2023.105026

Wagener, N., Bentvelzen, M., Dinekas, B., Wozniak, P. W., & Niess, J.
(2023). VeatherReflect: Employing weather as qualitative representa-
tion of stress data in virtual reality. In Proceedings of the 2023 ACM
Designing Interactive Systems Conference (pp. 446-458). ACM.
https://doi.org/10.1145/3563657.3596125

Wang, S.-Y,, Liu, Y., Bang, H,, Kim, M., & Raiti, J. (2022). Stress
management through a neuro and biofeedback meditation virtual
reality application. In Proceedings of the 15th International
Conference on PErvasive Technologies Related to Assistive
Environments (pp. 325-326). ACM. https://doi.org/10.1145/3529190.
3534789

Wrightson, K. (2000). An introduction to acoustic ecology. Soundscape:
The Journal of Acoustic Ecology, 1(1), 10-13.

Yu, B, Feijs, L. M., Funk, M., & Hu, J. (2015). Designing auditory dis-
play of heart rate variability in biofeedback context. In Proceedings
of the 21st International Conference on Auditory Display (ICAD
2015). http://hdLhandle.net/1853/54153

Yu, B., Funk, M., Hu, J., & Feijs, L. (2017). StressTree: A metaphorical
visualization for biofeedback-assisted stress management. In
Proceedings of the 2017 Conference on Designing Interactive Systems
(pp. 333-337). ACM. https://doi.org/10.1145/3064663.3064729

Yu, B., Funk, M., Hu, J., & Feijs, L. (2018). Unwind: A musical bio-
feedback for relaxation assistance. Behaviour ¢ Information
Technology, 37(8), 800-814. https://doi.org/10.1080/0144929X.2018.
1484515

About the authors

Ran Yan is a graduate student at Design Intelligence for Vitality Lab,
Beijing Institute of Technology, Beijing, China. Her research mainly
focuses on digital health, multimodal data presentation, and embodied
interaction.

Xipei Ren is Associate Professor at the School of Design and Arts,
Beijing Institute of Technology and Principal Investigator of the
Design Intelligence for Vitality Lab. His current research interests
include data-enabled health promotion, healthy interfaces, and assistive
robots for active aging.

Siming Wang is a PhD student at the Design Intelligence for Vitality
Lab, Beijing Institute of Technology, Beijing, China. Her research inter-
ests include HCI and Social innovation and sustainable design.

Xinhui Bai is a graduate student at Design Intelligence for Vitality Lab,
Beijing Institute of Technology, Beijing, China. Her research interests
include HCI and technology support for health care.

Xiaoyu Zhang is a graduate student at Design Intelligence for Vitality Lab,
Beijing Institute of Technology, Beijing, China. Her current research interests
are data visualization and physicalization, and VR user experience.


https://doi.org/10.1145/3274415
https://doi.org/10.5709/acp-0328-0
https://doi.org/10.1007/s12193-020-00318-y
https://doi.org/10.1145/3478384.3478387
https://doi.org/10.1145/3025453.3025743
https://doi.org/10.1145/3025453.3025743
https://doi.org/10.1037/0022-3514.43.3.450
https://doi.org/10.1037/0022-3514.43.3.450
https://doi.org/10.1145/3419249.3420109
https://doi.org/10.1145/3419249.3420109
https://doi.org/10.3389/fcomm.2020.00046
https://doi.org/10.3389/fcomm.2020.00046
https://doi.org/10.9781/ijimai.2017.09.001
https://doi.org/10.1016/j.ufug.2023.127987
https://doi.org/10.1016/j.ufug.2023.127987
https://doi.org/10.3389/fpsyg.2021.703838
https://doi.org/10.1016/j.ijpsycho.2022.10.003
https://doi.org/10.1016/j.ijpsycho.2022.10.003
https://doi.org/10.1007/978-3-540-89208-3_324
https://doi.org/10.1007/978-3-540-89208-3_324
https://doi.org/10.1109/EMBC.2015.7318762
https://doi.org/10.1109/EMBC.2015.7318762
https://doi.org/10.1145/3173574.3173728
http://www.sfu.ca/%7Etruax/handbook.html
https://doi.org/10.3389/fpsyg.2021.623110
https://doi.org/10.1016/j.ijmedinf.2023.105026
https://doi.org/10.1016/j.ijmedinf.2023.105026
https://doi.org/10.1145/3563657.3596125
https://doi.org/10.1145/3529190.3534789
https://doi.org/10.1145/3529190.3534789
http://hdl.handle.net/1853/54153
https://doi.org/10.1145/3064663.3064729
https://doi.org/10.1080/0144929X.2018.1484515
https://doi.org/10.1080/0144929X.2018.1484515

	RainMind: Investigating Dynamic Natural Soundscape of Physiological Data to Promote Self-Reflection for Stress Management
	Abstract
	Introduction
	Related work
	Data-driven reflection for stress management
	Sounds as metaphorical displays of stress data
	Benefits of natural sounds as metaphors of physiological data

	Design of RainMind
	Data processing
	Sound synthesizing
	Interaction modes
	The visual-aided mode
	The audio-aided mode
	The audio-visual mode


	The experiment
	Hypotheses
	Participants
	Procedure
	Data collection
	Data analysis
	Quantitative data
	Qualitative data


	Results
	Quantitative results
	Reduced task load of mental health self-reflection (H1)
	Improved user engagement of mental health self-reflection (H2)
	Enhanced user experience of mental health self-reflection (H3)
	Physiological measures
	UEQ-S
	IMI


	Qualitative analysis
	The dynamic natural soundscape reduces the task load
	The dynamic natural soundscape shapes a more engaging experience
	The dynamic natural soundscape brings a more valuable and enjoyable user experience
	Opportunities and challenges
	Opportunities
	Challenges



	Discussion
	Design implications
	Sonifying remarkable physiological states with natural sound clips to support data reading at ease
	Shaping immersive reflection experiences with dynamic natural sounds through representing multimodal psychophysiological data
	Re-experiencing emotions in self-reflection support systems with personalized natural soundscapes

	Limitations and future work

	Conclusion
	Disclosure statement
	Funding
	Orcid
	References


