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Abstract: The present study proposes a music recommendation service in a mobile environment
using the DASS-21 questionnaire to distinguish and measure certain psychological state instability
symptoms—viz. anxiety, depression, and stress—that anyone can experience regardless of job or
age. In general, the outcome of the DASS-21 from almost every participant did not reveal any single
psychological state out of the abovementioned three states. Therefore, the weighted scores were
calculated for each scale and fuzzy clustering was used to cluster users into groups with similar
states. For the initial dataset’s generation, we used the DASS inventory collected from the Open-
Source Psychometrics Project conducted from 2017 to 2019 on approximately 39,000 respondents,
and the results of the survey showed that the average scores for each scale were 23.6 points for
depression, 17.4 for anxiety, and 23.3 for stress. Based on the datasets collected from fuzzy clustering,
the individuals were classified into three groups: Group 1 was recommended with music for “high”
depression, “high” anxiety, and “low” stress; Group 2 was recommended with music for “normal”
depression, “low” anxiety, and “normal” stress; and Group 3 was recommended with music for
“high” depression, “high” anxiety, and “high” stress. Especially, the largest numbers of recommended
music in the three groups were for Group 1 with “High” depressive (4.64), Group 2 for “Low” anxiety
(4.54), and Group 3 for “High” anxiety (4.76). In addition, to compare the results of fuzzy clustering
with other data, the silhouette coefficient of the samples extracted with the same severity ratio and
those generated by simple random sampling were 0.641 and 0.586, respectively, which were greater
than 0. The proposed service can recommend not only the music of users with similar trends at all
psychological states, but also the music of users with similar psychological states in part.

Keywords: depression; anxiety; stress; music recommendation; fuzzy clustering

1. Introduction

In present days, depression and anxiety are the most common symptoms of unstable
mental health worldwide. Statistics from the National Center of Mental Health reveal that
approximately 62.2% of people suffer from mental health problems, such as depression,
and anxiety over a year, and the percentage of people with stable mental health decreased
to 46.7% [1]. Several causes for such mental health issues have been identified regardless of
occupation and age, such as work overload, interpersonal relationship, and career concerns
among workers, alongside increased pressure from tests or exams and concerns over high
expectations of parents among college students [2,3]. However, most people who experience
negative moods such as depression and anxiety often neglect their emotional problems and
do not take any counseling or medical treatment thinking that their symptoms are merely
some temporary psychological changes. Commonly, depression is a psychological state that
causes a persistent feeling of sadness and loss of interest, and involves negative feelings
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of subjective unhappiness, helplessness, and disappointment. Anxiety is characterized
by feelings such as tension and worried thoughts, and also physical changes such as high
blood pressure. When emotional changes persist and symptoms worsen without any sign
of emotional stability recovery, the daily life and health condition are negatively influenced
by the feeling of helplessness, sleep disturbance, and inappetence [4,5]. Typically, stress
originates due to certain external factors, such as noise and reduced convenience, and
internal factors, such as negative thoughts and extreme thinking. Moreover, the stress
caused by external factors intensifies when the pressure exceeds an individual’s ability to
cope with it [6,7]. Since stress is associated with anxiety symptoms (restlessness, concern,
worry) in its early stage and depressive symptoms with prolonged exposure to stress,
its treatment becomes critical through diagnosis and assessment of psychological status
toward depression, anxiety, and stress.

There are several assessment tools used in the early screening and evaluation of
psychological symptoms, such as the Beck Depression Inventory to evaluate the type
and severity of depression; Hamilton Anxiety Scale to assess anxiety levels; Perceived
Stress Scale—a self-reporting instrument for measuring the perception and interpretation
of stress in the previous month; and the Depression Anxiety Stress Scale (DASS), used
for discriminating anxiety, depression, and stress. The current study used the DASS to
quantitatively assess the severity of depression, anxiety, and stress. Specifically, DASS-21—
a brief version of the 42-item DASS—is widely used by many investigators because of its
advantages, viz. relatively short survey time and public accessibility (free of charge) [8].
The main three items of the DASS-21 are depression consisting of low positive mood;
anxiety comprising physical changes, such as faster heart palpitation and anxiety; and
stress including persistent tension and negative emotion [9]. The three scales of depression,
anxiety, and stress contain a total of twenty-one items, with seven items per scale. The scale
can measure the current emotional states of users and distinguish their emotions based on
quantitative values calculated by adding the scores of the questionnaire items.

The symptoms of depression, anxiety, and stress assessed and diagnosed with the scale
can be treated with pharmacological therapy using antidepressants; however, concerns
exist over long-term drug use due to drug abuse, risk of side effects, and drug depen-
dence [10]. Besides pharmacological therapy, there are also other therapeutic approaches
for psychological stability, such as art therapy. This therapy promotes the understanding
of self-emotional states by stimulating various senses using cognitive behavioral therapy
via exercise or talk therapy provided by counselors, arts, drama, music, and other media-
tors. Cognitive behavioral therapy helps emotional recovery from negative emotions and
behaviors by recognizing maladaptive emotions and behaviors and shifting the negative
thoughts and emotions of an interpersonal relationship towards a more positive direc-
tion. However, since cognitive behavioral therapy requires cooperative interaction between
counselors and counselees and voluntary involvement of the counselee, its effectiveness can
be limited without voluntary participation or for those having difficulty in verbal commu-
nication [11,12]. On the other hand, art therapy has advantages of allowing counselees to
freely share thoughts and open their minds by enabling the expression of emotional states,
which cannot be expressed verbally, in various ways using pictures, music, motions, and
other mediators [13]. Of these mediators, music therapy can be easily accessed by anyone
via improvisation, music composition, and music listening, and managed by themselves
without time and space constrains. Particularly, listening to preferred music can be very
effective in leaving positive effects on emotional states and achieving stress relief [14,15].
Since music preference varies from person to person, many investigations have been per-
formed to achieve stable emotional states effectively by analyzing the music preferences of
people grouped according to similar emotional conditions and recommending individually
tailored music [16].

Recent studies on music recommendation techniques have proposed several data
mining approaches or treadmill algorithms. Hong-Yi Chang et al. (2017) suggested a new
clustering algorithm called K-MeansH that can discriminate stress-relief music and provide
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recommendations based on personal music preferences [17]. This method can minimize
outliers and noise by controlling cluster size via setting a critical value for similarity and
adjusting the number of hierarchical clusters during data clustering. When comparing
the number of cluster formations with regard to algorithm accuracy and data number,
the newly proposed K-MeansH demonstrated better performance by approximately 71%
over the K-Means algorithm and 57% over the K-Medoids. Esha Dutta (2020) proposed a
music recommendation system for improved emotional states by applying a Q-learning
algorithm based on the electroencephalogram (EEG) signals of users measured while they
were listening to music [18]. The Q-learning assigns rewards if the emotional states show
positive EEG signals between two consecutive time intervals. In this regard, the EEG signal
change according to emotions between the present time (t) and the next time interval (t + 1)
were compared for all music tracks. Likewise, the probability for shifting to more positive
EEG signals at time t + 1 compared with those at time t will increase as this algorithm
recommends music with the greatest weighted value from all the music imposed with a
weighted value. However, all these past studies require a portable device for collecting
physiological signals and the users were not categorized into different groups; thus, there
are difficulties in recommending appropriate kind of music for various psychological states.
For example, if a proposed music for improvement of depressive symptoms is not suitable
for anxiety and stress relief, it may not have any fruitful effect on relieving anxiety and
stress [19,20]. Therefore, an effective music recommendation system for emotional relief
is necessary by determining the symptoms and severity of current emotional states and
identifying the appropriate class of music.

The present study used the DASS-21 to quantitatively assess users’ current emotional
states and identify severity levels of depression, anxiety, and stress. A survey was per-
formed in the mobile environment to mitigate time and space constrains. We aimed to
provide a music recommendation system to improve emotional states by proposing music
preferred by users with similar emotional states based on survey scores. A fuzzy clustering
algorithm was used to recommend music according to fuzzy membership degree for each
group of similar users. This is because users do not remain in a single emotional state
of depression, anxiety, or stress. The preferred music was recommended to similar users
within a cluster and even to other users who did not belong to the same group when the
measurements for different emotions were similar or one of the emotional states stood out.
Our music recommendation service is expected to provide relief to the users from their
depression, anxiety, and stress by accumulating data on music they listen to according to
their emotional states over time. Through our proposed service, we expect our results to be
utilized as foundation data for further studies to classify the negative psychological state of
modern people and be aware of the current psychological state. Moreover, the contribution
of this study will surely help in studies that recommend music to alleviate the negative
psychological state of modern people.

2. Materials and Methods
2.1. Fuzzy Clustering for Music Recommendation

By examining the information that users want, the recommendation service recom-
mends suitable content by analyzing the users’ similar characteristics, such as age, person-
ality, gender, and preference for choice to reduce the amount of time spent performing the
data search. The commonly used recommendation methods are content-based filtering,
collaborative filtering, and hybrid filtering—the third one is the combination of the results
of the first two techniques [21,22]. Out of these, collaborative filtering is the most popular
recommendation algorithm, which recommends personal information and user orientation
without requiring to peruse the past history of use or assessment. This method uses a
clustering algorithm to group users with similar profiles. The users are placed in different
groups according to their closest distance or high correlation by computing geometric
distance (e.g., Euclidean, Manhattan) or similarity (e.g., Pearson, Cosine) [23,24]. In the
current research, music was recommended for different groups by clustering people with
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similar levels of depression, anxiety, and stress into the same group based on their scores
for DASS-21. Since people typically have more than one emotional state among depression,
anxiety, and stress, fuzzy clustering was used to provide the appropriate music to the
clustered groups. For example, a group with higher scores in depression than in anxiety
or stress was recommended with music for anxiety and stress relief. The fuzzy clustering
aimed to minimize the sum of squares of error to maximize the cohesion between the data
in each group when the groups were formed. The fuzzy clustering process is shown in
Figure 1.

Figure 1. The process of fuzzy clustering and graphical example.

First, the process of fuzzy clustering involves ascertaining the number of clusters
and the number of iterations to perform the algorithm in how many clusters. Second,
depending on the number of clusters, the centers of the clusters are initialized using the
scores of the users’ DASS-21 questionnaire (Figure 1a), and the probability of belonging to
a cluster (Figure 1b) is calculated from Equation (1) based on the distance between each
data point and the center of the cluster [25].

F(U, vi) =
n

∑
i=1

k

∑
j=1

um
ij (xi − cj)

2 (1)

where vi means ith cluster v, U represents the set of users, n is the total number of users, k
is the total number of clusters, and F(U, vi) denotes the probability of a user belonging to
the ith cluster v. Moreover, um

ij denotes the membership degree of the ith user allocated
to the jth group, and m is the weighted value (1.0 < m < ∞) that controls the amount
of fuzziness and implies any real numbers greater than 1. As the fuzzy multiplier values
(m) come closer to 1, the probability of belonging to a cluster becomes higher. When m
increases, the probability of belonging to a cluster cannot be identified because the distances
between the groups become similar. In the current research, to prevent chances of a user
not belonging to any group at all, when the DASS-21 scores and distances between group
centers were the same, the maximum value of membership strength was limited to less
than 2 (1.0 < m < 2.0). In addition, (xi − cj)

2 computes the distance between the ith user’s
DASS-21 score x and jth cluster c. Third, as shown in Figure 1c, the fuzzy membership
degree for x in cluster c is calculated using Equation (2), as shown below [26].
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um
ij =

1
k
∑

l=1
(

xi−cj=1
xi−cj

)
2

m−1

{
1.0 < m < 2.0

xi 6= cj
(2)

where um
ij denotes the fuzzy membership degree of the ith user assigned to the jth cluster

and computes the distance between x, the ith user’s DASS-21 score, and the jth cluster
c as an inverse function. Finally, clustering was repeatedly performed by changing the
coordinates of the center of the cluster until the DASS-21 result scores of all the users met
the criteria shown in Figure 1d for the number of iterations set or until convergence of
fuzzy membership degree was reached and no change was observed. When the repetition
was over, the music preferred by the users of each corresponding group was recommended
to them according to their fuzzy membership degree (m); the higher the fuzzy membership
degree, the greater the number of music that was recommended.

2.2. Mobile Music Application

The mobile application service implemented in this study uses the React Native
(version: 0.62) platform and this app can be run on both IOS 15.5 and Android 12.0
or higher OS. Figure 2 shows the diagram of the music recommendation service. This
service was made available to the new users after they had signed up for membership
and registered with ID and passwords. After completing the registration, the users had
to answer the DASS-21 questionnaire; then, the recommended music was provided by
clustering the users with similarity using fuzzy clustering based on the survey scores. The
questionnaire in DASS-21 comprised a total of 21 questions about anxiety, depression,
and stress, and a four-point Likert scale was employed to classify the responses from 0,
which meant “Did not apply at all”, to 3, signifying “very much or Most of the time”.
The DASS-21 score was added by doubling each depression, anxiety, and stress scale, and
the severity levels of depression, anxiety, and stress were then classified into 5 categories.
For example, for the depression scale, normal depression (0–9), mild depression (10–13),
moderate depression (14–20), severe depression (21–27), and extremely severe depression
(≥28) were used [27]. In addition, the severity baseline score for anxiety and stress scales
other than the depression scale, the content of the entire questionnaire, and guidance on
scoring the score can be found in Figure A1. This study developed a system that provides
an appropriate choice of music by reorganizing the severity levels into three stages: “low”,
comprising normal state; “normal”, consisting of mild and moderate states; and “high”,
including severe and extremely severe conditions.

Figure 2. The music recommendation service process in mobile application.
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As shown in Figure 3, the music comprised a total of 45 music tracks. Music tracks
for depression, anxiety, and stress contained 15 music tracks each, while 5 music tracks
out of those 15 were for each of the scores “High”, “Normal”, and “Low” by scale. The
maximum and minimum numbers of music tracks recommended for each scale of music
tracks were 5 and 1, respectively. Therefore, in this study, seven music tracks were selected
according to the membership degree of fuzzy clustering (e.g., 5 music tracks for depres-
sion (Max.), 1 for anxiety (Min.), and 1 for stress (Min.)). If the total number of music
tracks increases, the maximum number of music tracks that can be recommended for each
scale also increases; therefore, the number of music tracks recommended also increases
accordingly. For example, if there are seven music tracks for depression, seven music tracks
for anxiety, and seven music tracks for stress, then up to seven music tracks on one scale
and at least one music track on the other two scales—i.e., up to nine music tracks—can be
recommended. The playtime of each track was approximately 10–20 min, and the playlist
consisted of music with faster tempo and greater amplitude (sound loudness) for those
with scores closer to “high” for each scale, i.e., depression, anxiety, and stress [28]. Users
with high scores in depression were recommended classical or jazz music genres, effective
in easing tension and stabilizing mood, and music with an allegro (cheerful; 70–80 bpm) or
adagio (calmly, slowly; 60–70 bpm) tempo using a drum-based percussion instrument [29].
After listening to all the recommended music playlists, the changes in emotional states
and listening time were checked at weekly or monthly intervals. Through this process,
the most common emotions exhibited and the most played music were determined, and
characteristics (genre, tempo, musical instrument) of the music preferred by the users were
identified by integrating the played music with respect to emotional status.

Figure 3. Composition of the DASS-21 scale with 45 music tracks.

2.3. Building Initial Datasets Using the Psychometrics’ Open-Source DASS Survey

This study generated initial data using the response datasets of the DASS survey
provided by the Open-Source Psychometrics Project [30]. This DASS survey questionnaire
is available online openly to anyone in the world, and 39,000 respondents participated in
the survey from 2017 to 2019. This study included only the data of participants who agreed
to the statement “Have you given accurate answers and may they be used for research?”
Figure 4 displays the distribution of scores and severity by scale—depression, anxiety, and
stress among participants.

Figure 4a shows the distribution of scores for depression with a mean score of 23.6
points. The mean score belongs to the category “severe (21–27)”. Of all the participants,
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51.2% scored higher than the “severe” level, as shown in Figure 4b. Figure 4c presents the
distribution of scores for anxiety with a mean score of 17.4 points, and the curve distributed
symmetrically to the left side of the median (Skewness = 0.46). The mean score of anxiety
was lower than that of depression because the baseline score of anxiety was lower than that
of depression. In the distribution of anxiety severity, 53.8% participants accounted for the
severity levels higher than “severe”, while 37.4% participants accounted for the “extremely
severe” level, as shown in Figure 4d. Figure 4e,f represent the mean score of stress and
the distribution of severity, respectively. The average score is 23.3 points, signifying the
“moderate (19–25)” category. For stress, the highest proportion of the participants (30.3%)
belonged to the “normal” category. Participants in the “moderate” and “severe” categories
in stress were greater in number than those in depression and anxiety. The above results
were used as initial datasets for grouping users with similar interests. This study designed
services for music proposal by grouping new users using fuzzy clustering.

(a) (b)

(c) (d)

(e) (f)

Figure 4. Distribution of DASS dataset’s score and severity. (a,b) Depression scale. (c,d) Anxiety
scale. (e,f) Stress scale.
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3. Results
3.1. Fuzzy Clustering for Users with Similar DASS-21 Scores

Based on the Psychometrics’ Open-Source DASS survey points, groups with users
having similar interests were formed using fuzzy clustering. Figure 5 shows the cohesion
curve of inter-group data according to the number of groups formed. The graph presents
the changes in the sum of squares errors (SSE) within the groups by consecutively increasing
the number of groups from 1 to 10. A decrease in SSE within groups indicates an increase
in data cohesion. As shown in Figure 5, data cohesion is maximized when the number
of groups is 3 or more. When the number of groups is more than 4, the time spent in the
process of clustering users increases due to the large amount of data to be calculated by
fuzzy clustering, and the change in the level of cohesion is insignificant. For this reason, this
study grouped similar users by deciding the number of groups as 3 for fuzzy clustering.

Figure 5. Optimization for number of fuzzy clustering.

Since there are limitations in producing the results of clustering 39,000 participants on
a coordinate plane, 390 persons with the same severity ratio were sampled and the number
of groups was three. Figure 6 shows the results of clustering the samples into three groups
using fuzzy clustering. The higher the value of fuzzy membership degree in each group,
the clearer the group colors. The mean scores (center of Group 1’s cluster) for the three
scales in Group 1 were 31.1 for depression, 23.2 for anxiety, and 8.6 for stress. Similarly,
the mean scores for the three scales in Group 2 were 12.1, 7.3, and 16.1, and in Group 3
they were 31.3, 22.4, and 34.8, respectively. With higher fuzzy membership degree (which
means the nearer the average score is), the music selected for “high” depression, “high”
anxiety, and “low” stress is recommended for the participants within the corresponding
average scores of Group 1. For users with higher fuzzy membership degree, the music
for “normal” depression, “low” anxiety, and “normal” stress is recommended for the
participants in Group 2, and music for “high” depression, “high” anxiety, and “high” stress
for the participants in Group 3.

For example, when a random user scores 29 in depression, 13 in anxiety, and 7 in stress
on the DASS-21, the music appropriate for “high” depression, “normal” anxiety, and “low”
stress is recommended. The fuzzy membership degree of this user is computed as 0.583,
0.246, and 0.171 for Group 1, Group 2, and Group 3, respectively. In the current study, a
total of 7 music tracks are recommended, consisting of 4 tracks for depression, 2 for anxiety,
and 1 for stress.

The recommended list of 7 music tracks had the highest fuzzy membership degree
(0.583) in Group 1. Since the severity level was highest in depression—i.e., the highest
score (29 points) on the DASS-21 scale—the recommend music included 4 tracks for “high”
depression preferred by the participants in Group 1, 2 tracks for the “normal” anxiety in
Group 2, and 1 track for the “low” stress in Group 3. If a user’s scores are the same in two
or all three scales, the music for the scales with low baseline scores is recommended [31].
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Figure 6. Visualization of fuzzy clustering for three groups using open-source DASS survey.

Table 1 shows the proportion of recommended music tracks by DASS severity and
the number of tracks in each group after fuzzy clustering conducted with 390 individuals
having the same severity level ratios.

Group 1 had the highest chance of music recommendation for “high” depression and
“normal” stress at 0.81 and 0.76, respectively. By contrast, “normal” depression and “high”
anxiety at 0.19 and 0.18, respectively, had the lowest chance of music recommendations. The
number of music tracks recommended for “high” depression was 4.64 (the largest number),
while no music was recommended to users with “low” depression and “high” stress
because they did not obtain any DASS score. The highest chance of music recommendation
in group 2 was for “low” anxiety at 0.64, and the lowest chance was for “high” stress at 0.11.
The number of music tracks recommended for “low” anxiety was 4.54 (the highest number),
while 0.79 was the smallest in Group 2. The highest chance of music recommendation in
group 3 was for “high” depression and “high” anxiety at 0.74 and 0.84, respectively. This
mobile application does not provide music for “low” levels of all scales. Since the ratios of
the severe levels were relatively higher in Group 3 than in the other two groups, the music
for “low” levels of all scales was not recommended.

Table 1. Results of proportion and average number of music tracks by DASS severity.

Music Group 1 Group 2 Group 3

DASS Severity Prop. No. Music Prop. No. Music Prop. No. Music

Depression
High 0.81 4.64 0.35 1.45 0.74 4.52

Middle 0.19 0.83 0.32 1.51 0.26 1.24
Low - - 0.33 1.29 - -

Anxiety
High 0.18 1.89 0.16 2.58 0.84 4.76

Middle 0.41 2.28 0.20 1.71 0.16 1.61
Low 0.32 2.43 0.64 4.54 - -

Stress
High - - 0.11 0.79 0.58 1.54

Middle 0.76 1.47 0.52 2.57 0.42 2.78
Low 0.24 1.12 0.37 2.12 - -

3.2. Comparison with Other Samples in the Dataset

Based on the Open-Source DASS Survey, 390 samples were extracted with the same
severity ratio, and a dataset of samples with the same size (n = 390) was generated through
non-restore simple randomization. The dataset was then compared with the results of
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fuzzy clustering. The distribution of the resulting scores with regard to depression, anxiety,
and stress scales of the two extracted samples is shown in Figure 7. Figure 7a shows the
distribution of samples extracted having the same severity ratio, and the average score and
standard deviation of their depression, anxiety, and stress scale results were depression
23.9 ± 11.0 points, anxiety 18.2 ± 9.3 points, and stress 22.7 ± 12.2 points. Figure 7b shows
the distribution of samples generated through non-restore simple randomization, and the
average score and standard deviation of their depression, anxiety, and stress scales were
depression 21.4 ± 10.7 points, anxiety 22.5 ± 12.3 points, and stress 18.2 ± 9.7 points. In
addition, an independent sample t-test (α = 0.05) was performed to test whether there was
a difference in average scores for the two samples extracted, and there were statistically
significant differences in the scores of depression (t = 2.671, p = 0.04), anxiety (t = 3.127,
p = 0.03), and stress (t = 2.584, p = 0.04).

(a) (b)

Figure 7. Results of DASS-21 scores by samples. (a) Sampling with severity ratio samples. (b) Simple
random sampling without replacement.

Figure 8 shows a comparison of the silhouette coefficients representing the degree of
cohesion within the same cluster and the degree of separation between different clusters
based on distance to evaluate the fuzzy clustering results of samples with the same severity
ratio and samples with non-restore simple randomization. In Figure 8a,b, when the number
of clusters was set to 3, the degree of data cohesion in all the clusters was greater than 0,
and the average silhouette coefficient was 0.641 and 0.586, respectively. Here, the silhouette
coefficient has a value between −1 and 1; if it is greater than 0 and closer to 1, the data
within the same cluster can be interpreted as homogeneous and heterogeneous when the
data are in different clusters. Furthermore, the smaller and closer to −1 the Silhouette
coefficient, the more heterogeneous data are classified into the same cluster [32]—that is,
the cluster results were appropriately achieved even for different datasets.
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(a) (b)

Figure 8. Results of silhouette coefficient by samples. (a) Sampling with severity ratio samples.
(b) Simple random sampling without replacement.

3.3. Music Recommendation in Mobile Application

Based on the above results, Figure 9 shows the process of music recommendation
screen in the mobile application, displaying the recommended music list and the outcomes
after listening to them based on the above findings. Figure 9a shows the login screen when a
user executes the mobile application, and when the ID and password are entered. Figure 9b
shows the screen on which the user answers the DASS-21 questionnaire and where scores
from 0 to 3 are given for each of the 21 questions. The final score for all of the 21 questions is
shown as Figure 9c, and if the user acquires 24 points for depression, 12 points for anxiety,
and 16 points for stress in each scale, the music tracks corresponding to depression “High”,
anxiety “Normal”, and stress “Low” are recommended. The music list recommended to
this user for depression, anxiety, and stress depends on fuzzy membership degree based
on the DASS scores, as shown in Figure 9d. In addition, the three colors on the left side of
each music distinguish the music appropriate for depression, anxiety, and stress, and the
location of the colors (top, middle, bottom) indicates the music for different severity levels,
“high”, “normal”, and “low”. For example, the music marked in blue on top means it is for
“high” depression, and the music marked in red in the middle is for “normal” anxiety. After
listening to the music, the changes in the DASS scores and music listening time by each
scale are shown in Figure 9e. These findings reveal the changes in weekly and monthly
DASS scores; emotional states; preferred music; and listening time, which depends upon
different emotional states.

(a) (b) (c) (d) (e)

Figure 9. Screen of music recommendation process in mobile application. (a) Login page. (b) DASS-21
survey. (c) Score of DASS-21. (d) Recommended music list. (e) Trends of DASS score and music
listening time.
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4. Discussion

The current research recommended music to users with the most common mental
health problems, viz. depression, anxiety, and stress. The mean score for each scale was
23.6 points in depression, 17.4 in anxiety, and 23.3 in stress. The average score was lowest
in the anxiety scale. The baseline score for “severe” was 21 points in depression and 15
in anxiety, respectively. The mean score (17.4) of anxiety was lower than the mean score
(23.6) of depression, but the proportions of severity levels were similar for all scales. In
particular, the proportion was largest in “extremely severe” for both depression and anxiety
scales. On the contrary, the baseline score for “severe” was 26 points in stress, which was
relatively higher than that of depression and anxiety. For this reason, the majority of the
respondents were distributed below “moderate” within the ranges of moderate level. The
percentage of each severity level was the highest for “normal”. This distribution of severity
in the current study was obtained by examining the degree of depression and anxiety stress
among medical workers during the COVID-19 outbreak, viz. 64.7% for all the participants,
51.6% for anxiety, and 41.2% for stress. This severity distribution result is similar to that of
Elbay et al. (2020) [33]. Furthermore, since the baseline scores for distinguishing severity
levels varied with scale, there may be problems in recommending music based on the
scores of different scales. For example, even though a respondent obtains the same score of
15 points in all scales, the severity level is assessed as “moderate” for depression, “severe”
for anxiety, and “mild” for stress. Therefore, despite the same score in all scales, this person
may be recommended with music appropriate for severe anxiety.

To design a system that can recommend music according to the severity of each scale—
viz. depression, anxiety, and stress—users with similar emotional states were clustered
using fuzzy clustering based on open datasets and divided into three groups based on the
cohesion curve. When emotional states are classified according to data clustering, users
with high severity levels can be recommended with music according to the severity levels
of different scales. Likewise, M.C. Chiu et al. (2017) also categorized music to alleviate
negative psychological conditions. Fuzzy clustering was applied by the authors to classify
musical characteristics (tempo, volume, amplitude) for music treatment. However, such a
method differs from the one used in the current study where fuzzy clustering was applied
to classify the users with similar psychological states [34]. Consequently, users with a high
fuzzy membership degree for Groups 1 and 3 were recommended with choices of music
falling under “high” depression and anxiety. By contrast, Group 1 was provided with
music appropriate for “low” stress, while Group 3 was suggested music suitable for “high”
stress. Group 2 consisted of users at relatively “moderate” levels or below. The chances
of music recommendation for low emotional scales increased for users with high severity
levels, as the number of users belonging to this group increased.

Furthermore, the silhouette coefficient of sampling with severity ratio was compared
with simple random sampling without replacement, and the values were found to be 0.641
and 0.586, respectively, which were greater than 0. The data cohesion in each cluster greater
than 0 means that each datum is classified into the nearest cluster. This can be considered
an appropriate classification of clusters through fuzzy clustering in the two samples, where
the silhouette coefficients for different samples were similar and close to 1.

5. Limitations

In the present study, the reliability of the DASS-21 questionnaire score may decrease
if the questionnaire is memorized by the user. Moreover, the psychological state was
measured only once a week, and music was recommended based on the result score.
Therefore, since the music list was not recommended by evaluating the emotional state
in real time, the limitation is that the same music list was recommended for a week. In
addition, since the music list was recommended for a week based on the time of measuring
the psychological state, there is a limitation that the music list corresponding to the changing
psychological state was not recommended.
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6. Conclusions

In this study, based on the DASS-21 questionnaire that quantitatively measures the
current psychological state of users and can distinguish the severity of depression, anxiety,
and stress, we proposed a music recommendation service in a mobile environment using
fuzzy clustering. Further studies are warranted to clarify in detail the characteristics
of groups by using a variety of datasets and including more parameters such as age,
gender, and personality traits so that a wider choice of music genres tailored and optimized
for different users can be recommended. Accordingly, research should be conducted to
collect DASS questionnaire data from participants of various age groups, genders, and
occupations, and to recommend music more suitable for users’ current psychological state
through fuzzy clustering.

Moreover, since satisfaction with the recommended music is expected to increase
when the feature of the preferred music gradually accumulates after consistent listening
to initially recommended music, further studies are needed to evaluate satisfaction and
accuracy in recommended music according to the length of time. Furthermore, the effect
of music needs to be verified by determining how effectively the recommended music
provides emotional relief for each scale by assessing the changes in user’s emotional states
over time. In particular, a comparative study on the correlation and association of emotional
relief with music composed for this study and ordinary music (classical music, jazz, blues,
and other genres) is expected to be helpful in recommending more suitable music for
current emotional states for anyone. Additionally, further studies are anticipated to provide
more appropriate choices of music for users with more unstable emotional states and
serious mood shifts by exploring advanced music recommendation algorithms to improve
concentration difficulty and insomnia.
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Appendix A

 

DASS21  Name:       Date: 

 
 
Please read each statement and circle a number 0, 1, 2 or 3 which indicates how much the statement 
applied to you over the past week. There are no right or wrong answers. Do not spend too much 
time on any statement. 
 
The rating scale is as follows: 
 
0 Did not apply to me at all 
1 Applied to me to some degree, or some of the time 
2 Applied to me to a considerable degree or a good part of time 
3 Applied to me very much or most of the time 
 

1 (s) I found it hard to wind down  0 1 2 3 

2 (a) I was aware of dryness of my mouth  0 1 2 3 

3 (d) I couldn’t seem to experience any positive feeling at all  0 1 2 3 

4 (a) 
I experienced breathing difficulty (e.g. excessively rapid breathing, 
breathlessness in the absence of physical exertion) 

 0 1 2 3 

5 (d) I found it difficult to work up the initiative to do things  0 1 2 3 

6 (s) I tended to over-react to situations  0 1 2 3 

7 (a) I experienced trembling (e.g. in the hands)  0 1 2 3 

8 (s) I felt that I was using a lot of nervous energy  0 1 2 3 

9 (a) 
I was worried about situations in which I might panic and make a fool 
of myself 

 0 1 2 3 

10 (d) I felt that I had nothing to look forward to  0 1 2 3 

11 (s) I found myself getting agitated  0 1 2 3 

12 (s) I found it difficult to relax  0 1 2 3 

13 (d) I felt down-hearted and blue  0 1 2 3 

14 (s) 
I was intolerant of anything that kept me from getting on with what I 
was doing 

 0 1 2 3 

15 (a) I felt I was close to panic  0 1 2 3 

16 (d) I was unable to become enthusiastic about anything  0 1 2 3 

17 (d) I felt I wasn’t worth much as a person  0 1 2 3 

18 (s) I felt that I was rather touchy   0 1 2 3 

19 (a) 
I was aware of the action of my heart in the absence of physical 
exertion (e.g. sense of heart rate increase, heart missing a beat) 

 0 1 2 3 

20 (a) I felt scared without any good reason  0 1 2 3 

21 (d) I felt that life was meaningless  0 1 2 3 

Figure A1. Cont.
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DASS-21 Scoring Instructions 
 
The DASS-21 should not be used to replace a face to face clinical interview. If you are experiencing significant 
emotional difficulties you should contact your GP for a referral to a qualified professional.  
 
Depression, Anxiety and Stress Scale - 21 Items (DASS-21) 
 
The Depression, Anxiety and Stress Scale - 21 Items (DASS-21) is a set of three self-report scales designed to 
measure the emotional states of depression, anxiety and stress.  
 
Each of the three DASS-21 scales contains 7 items, divided into subscales with similar content. The depression 
scale assesses dysphoria, hopelessness, devaluation of life, self-deprecation, lack of interest / involvement, 
anhedonia and inertia. The anxiety scale assesses autonomic arousal, skeletal muscle effects, situational 
anxiety, and subjective experience of anxious affect. The stress scale is sensitive to levels of chronic non-
specific arousal. It assesses difficulty relaxing, nervous arousal, and being easily upset / agitated, irritable / 
over-reactive and impatient. Scores for depression, anxiety and stress are calculated by summing the scores 
for the relevant items. 
 
The DASS-21 is based on a dimensional rather than a categorical conception of psychological disorder. The 
assumption on which the DASS-21 development was based (and which was confirmed by the research data) is 
that the differences between the depression, anxiety and the stress experienced by normal subjects and 
clinical populations are essentially differences of degree. The DASS-21 therefore has no direct implications for 
the allocation of patients to discrete diagnostic categories postulated in classificatory systems such as the 
DSM and ICD.  
 
Recommended cut-off scores for conventional severity labels (normal, moderate, severe) are as follows: 
 
 

NB Scores on the DASS-21 will need to be multiplied by 2 to calculate the final score. 
 
 

 Depression Anxiety Stress 

Normal 0-9 0-7 0-14 

Mild 10-13 8-9 15-18 

Moderate 14-20 10-14 19-25 

Severe 21-27 15-19 26-33 

Extremely Severe 28+ 20+ 34+ 

 
 
 
 
 
 
Lovibond, S.H. & Lovibond, P.F. (1995). Manual for the Depression Anxiety & Stress Scales. (2

nd
 Ed.)Sydney: Psychology Foundation. 

 

 

Figure A1. DASS-21 questionnaire and scoring instructions.
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