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Social rhythms measured via social media use
for predicting psychiatric symptoms
kenji yokotani1 and masanori takano2

Social rhythms have been considered as relevant to mood disorders, but detailed analysis of social rhythms has been limited.
Hence, we aim to assess social rhythms via socialmedia use and predict users’ psychiatric symptoms through their social rhythms.
A two-wave survey was conducted in the Pigg Party, a popular Japanese avatar application. First and second waves of data were
collected from 3504 and 658 Pigg Party users, respectively. The time stamps of their communication were sampled. Furthermore,
the participants answered the General Health Questionnaire and perceived emotional support in the Pigg Party. The results
indicated that social rhythms of users with many social supports were stable in a 24-h cycle. However, the rhythms of users with
few social supports were disrupted. To predict psychiatric symptoms via social rhythms in the second-wave data, the first-wave
data were used for training.We determined that fast Chirplet transformationwas the optimal transformation for social rhythms,
and the best accuracy scores on psychiatric symptoms and perceived emotional support in the second-wave data corresponded
to 0.9231 and 0.7462, respectively. Hence, measurement of social rhythms via social media use enabled detailed understanding
of emotional disturbance from the perspective of time-varying frequencies.
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I . I NTRODUCT ION

Social rhythms are regular temporal patterns of social activ-
ities, such as work, school, recreation, and sleep, and are
relevant to mood [1]. In previous studies, individuals with
stable social rhythms reported lower psychological distress
[2] and higher emotional well-being [3] than those with
disrupted social rhythms. Conversely, individuals with dis-
rupted social rhythms exhibited more depressive and anx-
ious symptoms than those with stable social rhythms [4].
The experience of a disrupted social rhythm also increased
the risks of the onset of bipolar disorders [5]. Moreover,
individuals with major depressive disorders experienced
higher disruption of social rhythm than those without
the disorders [6]. These findings indicate that a relation-
ship between social rhythm and emotional disturbance
exists.
Interpersonal and social rhythm therapy (IPSRT) is a

psychotherapy for regulating social rhythms of people with
mood disorders [1]. Many studies have reported that IPSRT
effectively improves depressive and manic episodes in indi-
viduals [7]. Furthermore, IPSRT prevents the relapse of
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manic episodes [8]. Meta-analysis of IPSRT confirmed
that it is also effective at reducing relapse risks of bipo-
lar disorders [9]. These findings indicate that regulation of
social rhythms encourages individuals to experience calm
moods [1].
Although IPSRT has been effective for mood disorders,

the measurement of social rhythms, the key concept of
IPSRT, had a bias problem. In many previous studies, par-
ticipants’ diaries [2, 6] and questionnaires [3, 4] were used
to measure their social rhythms. Thus, the studies suffered
from the subjective bias of these sources of information.
Although interviews conducted by experts can reduce the
bias [5], these types of interviews require time and thereby
increase costs. Hence, they cannot be utilized in clinical
settings.
To solve the aforementioned problem, we propose to

measure social rhythms via social media use. Recent stud-
ies in social media analysis showed that temporal patterns
of social media use reflect social rhythms. For example,
temporal patterns of social media use were relevant to
sleep–wake cycles [10]. Furthermore, the patterns reflected
the time difference between regions and difference of activ-
ity between weekends and weekdays [11]. Another study
reported that the lack of sleep for social media users on a
particular day increased their probability of tweeting nega-
tive emotions on the next day [12]. These findings indicate
that the temporal patterns of social media use are relevant
to social rhythms.
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Furthermore, social media use has been determined as
relevant to psychiatric symptoms. Studies have indicated
that the excessive use of social media is related to the lack of
sleep [13, 14]. Moreover, several users experienced depres-
sive and anxious symptoms through social media use [15].
Additionally, linguistic features in social media have been
related to depressive symptoms [16]. These findings indi-
cate that the regular patterns of social media use are related
to users’ psychiatric symptoms.
Based on these findings, temporal patterns of social

media use can be considered as relevant to social rhythms
andpsychiatric symptoms.Wehypothesized that individuals
with many psychiatric symptoms can potentially expe-
rience more disrupted social rhythms than those with
few symptoms. To validate this hypothesis, we measured
the social support levels of individuals with psychiatric
symptoms, as these levels exhibit a negative relationship
with psychiatric symptoms [17, 18]. Moreover, given that
social rhythms are regular temporal patterns, the social
rhythms can be transformed via signal processing methods
such as fast-Fourier transform (FFT), short-term Fourier
transform (STFT), discrete wavelet transform (DWT) [19],
and fast Chirplet transform (FCT) [20]. Furthermore, we
determined the transform with the highest accuracy for
predicting psychiatric symptoms from social rhythms.

I I . METHODS

A) Source of data
Participants were sampled from a two-wave survey of the
Pigg Party, a popular Japanese avatar community appli-
cation, which has avatars, pseudonym names, and private
rooms [21] (Fig. 1). The first-wave survey was conducted
from April 26 to May 2, 2020, and the second-wave sur-
vey was conducted from June 1 to 7, 2020. Similarly as in
a previous study [22, 23], we analyzed 3504 participants in
the first wave, who agreed to the study and completed our
questionnaire survey without anymissing data. Participants
with missing data were excluded [22, 23]. Similarly, we ana-
lyzed 658 participants in the second wave who completed
the first and second wave surveys without any missing data.
Each participant received 100 Japanese yen of virtual cur-
rency as a reward for their cooperation. Their ages were
in the range of 23–25 years on average (Table 1) and most
participants were cisgender females, who were born and
identified themselves as females and were in relationships
with male partners (50.9 and 77.2 in the first and second
waves, respectively).

B) Outcomes
To evaluate psychiatric symptoms, we used the General
HealthQuestionnaire-12 (GHQ) [24], Japanese version [25].
This questionnaire comprises 12 questions that elicit infor-
mation on psychiatric symptoms such as concentration and
anxiety. The items on the questionnaire are rated on a
four-point scale. The rating method of this questionnaire is

0-0-1-1 [25]. Participants were categorized into GHQ0,
GHQ1, . . . , GHQ12 based on their scores. Higher scores
indicated more psychiatric symptoms. Approximately 20
of participants did not exhibit any psychiatric symptoms
[GHQ0] (Table 1).
To evaluate perceived social support (PES) in Pigg Party,

we used the PES scale [26] with minor revisions for the
Pigg Party users [23]. The scale involved six emotional sup-
port items such as “Cheer up when I am depressed.” The
responses to these items were scored using a five-point scale
ranging from (1) “the friend in the Pigg Party would never
do it” to (5) “the friend in the Pigg Party would likely do
it.” Specifically, participants with scores between 1 and 1.99,
2 and 2.99, 3 and 3.99, and 4.00 and 5.00 were categorized
into PES1, PES2, PES3, andPES4, respectively.Higher scores
indicate higher social support. Approximately 70 of par-
ticipants received emotional support from the Pigg Party
(Table 1).

C) Predictors
To evaluate the communication frequency of the partici-
pants in the Pigg Party, we sampled the time stamps of their
chats using the administrator role. The Pigg Party has two
types of personal chat channels: private and group. In the
private channel, the communication is limited to two users,
and the contents of the chat are only disclosed to the two
users (Fig. 2). The group channel is similar to the private
channel, but it can involve three or more users, and the
contents of the chat are disclosed to the users of the group
(Fig. 2). Time stamps of private and group chats from April
1 to 30 and fromMay 1 to 31 were collected for the first- and
second-wave participants, respectively.
Private and group chat frequencies corresponded to the

number of direct communication paths between two users
in a 1-h slot (Fig. 3(a)). For example, user A privately chats
with user B from 14:20 to 14:50 and privately chats with user
C from 14:55 to 15:10. Hence, user A has two direct commu-
nication paths in the 14:00 time slot, whereas users B and
C have one direct path. Furthermore, users A and C have
one direct path in the 15:00 time slot, whereas user B does
not have any in this time slot. Hence, the frequencies of pri-
vate communication of users A, B, and C in the 14:00 time
slot are 2, 1, and 1, respectively (Fig. 3(b)). Similarly, the fre-
quencies of private communication of users A, B, and C in
the 15:00 time slot are 1, 0, and 1, respectively (Fig. 3(b)). We
used the same method to estimate the frequency of group
communication.
The frequency of group communication was trans-

formed into 168 time frames over 24 h/week and displayed
as a probability distribution in these time frames (hereafter
referred to as communication time distribution) (Fig. 4).
Similarly, the frequency of private communication was
transformed and displayed as a communication time dis-
tribution. The frequencies of group and private chats were
approximately 9 and 3 times per day on average, respectively
(Table 1).
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Fig. 1. Example of online chatting with friends in a Pigg Party room.
Note: Each room has one owner. Room owners can freely change their room decorations. Each avatar corresponds to an individual user who can freely change
his/her appearance. Furthermore, the user’s pseudonym name is denoted at the foot of the avatar.

Table 1. Basic statistics of participants

First-wave dataset N = 3504 Second-wave dataset N = 658
Means (S.D.)
Number () Sampling method

Means (S.D.)
Number () Sampling method

Age 23.84 (13.15) Questionnaire survey conducted
from April 26 to May 2

25.77 (13.16) Questionnaire survey conducted
from June 1 to 7, 2020

Cisgender female 1785 (50.9) 508 (77.2)
Cisgender male 329 (9.3) 54 (8.2)
Other 1390 (39.6) 96 (14.5)
Private communication
frequency per day

3.163 (7.521) Chat log analysis from April 1 to
April 30

3.267 (7.598) Chat log analysis from May 1 to
May 31

Group communication
frequency per day

9.123 (21.727) 9.486 (23.605)

GHQ0 631 (18.01) Questionnaire survey conducted
from April 26 to May 2

129 (19.60) Questionnaire survey conducted
from June 1 to 7, 2020

GHQ1 421 (12.01) 74 (11.25)
GHQ2 413 (11.79) 70 (10.64)
GHQ3 337 (9.62) 52 (7.90)
GHQ4 291 (8.30) 42 (6.38)
GHQ5 263 (7.51) 58 (8.81)
GHQ6 259 (7.39) 59 (8.97)
GHQ7 207 (5.91) 41 (6.23)
GHQ8 190 (5.42) 33 (5.02)
GHQ9 145 (4.14) 22 (3.34)
GHQ10 135 (3.85) 16 (2.43)
GHQ11 113 (3.22) 36 (5.47)
GHQ12 99 (2.83) 26 (3.95)
PES1 498 (14.21) 101 (15.35)
PES2 405 (11.56) 78 (11.85)
PES3 1480 (42.24) 270 (41.03)
PES4 1121 (31.99) 209 (31.76)

Notes: GHQ:GeneralHealthQuestionnaire. GHQ0 indicates no psychiatric symptoms, whereasGHQ12 indicates 12 psychiatric symptoms. PES: perceived
emotional support. PES1 indicates low emotional support level, whereas PES4 indicates high emotional support level in Pigg party.

D) Statistics
To estimate the social rhythm, the peak value of the
autocorrelation function was used. The peak value of the
autocorrelation function is frequently used in speech stud-
ies to estimate the fundamental frequency [27]. To clarify
cyclic errors, window or smoothing functionswere not used
in the autocorrelation function used in this study:

R(j) = 1
N

N∑

i=1
v(i)v(i + j) (1)

In equation (1),V(i) is a signal at i time point andV(i+ j)
is a signal at i+ j time points. When R(k− 1) is lower than
R(k) and R(k) is higher than R(k+ 1), R(k) is considered as
a peak value.
To estimate the explanation rate of a 24-h cycle, we used

time-domain linear regression analysis [28]. In equation (2),
S is a 168-dimensional vector of communication
frequencies. Average is a function that returns average of a
vector. I is a vector with 168 elements, all of which are 1.
Hence, Sadj is a 168-dimensional vector of communication
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Fig. 2. Examples of private and group chat channels in the Pigg Party.

Fig. 3. Example of the estimation of private chat frequencies.

frequencies minus its mean. In equation (3), F and F−1 are
discrete Fourier transformation and inverse discrete Fourier
transformation, respectively. Ffull involves all valid 84 fre-
quencies. Real is a function that only returns real numbers.
Hence, S′

full is the signal simply recovered by the Fourier
transform and Fourier inverse transform. In equation (4),

F24 involves only a 24-h frequency (frequency is 0.4166)
and the other frequencies are 0. Hence, S′

24 is the sig-
nal expressed only in a 24-h cycle. In equation (5), R2 is
a function that returns the coefficient of determination.
The denominator and numerator show the coefficients of
determination for S′

full and S′
24, respectively. Hence, rate
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Fig. 4. Group communication time distributions among users with psychiatric symptoms.
Notes: There are 13 classes of GHQ, from 0 to 12, but only the top two and bottom two are shown in the figure.

represents the explanation rate of a 24-h cycle ranging
between 0 and 1. If the sum of S is 0, we remove these data
from the analysis of the explanation rate, because these data
always return rate as 1.0 and overestimate the rate:

Sadj = S − Average(S) × I (2)

S′
full = Real(F−1(Ffull(Sadj))) (3)

S′
24 = Real(F−1(F24(Sadj))) (4)

rate = R2(S′
24, Sadj)

R2(S′
full, Sadj)

(5)

For transformation of communication time frequencies,
we used five transformations. First, by dividing the individ-
ual frequencies by the sum of all frequencies, the individ-
ual frequencies were expressed as probabilities (probability,
Fig. 4). The number of time points was 168 (7 days× 24 h)
and the number of communication channels was two (pri-
vate and group). Hence, the total number of features of raw
data and probability was 336. Second, we used FFT. Given
that FFT requires the time points to be as a power of 2, we
repeated the first 88 time points, and thus used a total of
256 time points (28). Based on the sampling theorem, FFT
extracted 128 features with one intercept for both private
and group communication times. Hence, the total num-
ber of features of FFT was 258. Third, we used STFT on
the aforementioned 256 time points. We used a window
size of 24 without overlap because many studies indicated
that 24-h cycles were prevalent in social media use [11, 12].
We obtained 598 magnitude features via STFT. Fourth, we
used DWT on the aforementioned 256 time points, and

Fig. 5. Neural architecture of the psychiatric symptom classifier. 2D-CNN,
2-dimensional convolutional neural network; LSTM, long-short term
memory.

obtained 256 approximation coefficients and 256 detail coef-
ficients. Fifth, we used the FCT. We set the longest duration
of Chirplet as 24 and obtained 200 features.
The neural architecture of the psychiatric symptom

classifier involved a two-dimensional convolutional neural
network [29] and bidirectional long short-term memory
(LSTM) frame [30] (Fig. 5). As the dimensionalities of
the input data were different, all the data were expanded
to 1000 dimensions and then stored as two-dimensional
arrays. The two-dimensional arrays were input into the
two-dimensional convolutional layer, which summarizes
features in the near region. To summarize features in the
remote region, we also used a bidirectional LSTM layer.
The results of the bidirectional LSTM were in an array
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Table 2. Details of the neural architecture of the GHQ symptom classifier

Layer Output shape Number of parameters Hyperparameters and activation

Input* (None, 336) 0
Dense (None, 1000) 337 000 Activation= “relu”
Batch normalization (None, 1000) 4000
Reshape (None, 50, 10, 2) 0
Conv2D (None, 49, 9, 50) 450 Window size= (2, 2)
MaxPooling2D (None, 24, 4, 50) 0 Pool size= (2, 2)
Dropout (None, 24, 4, 50) 0 Dropout rate= 0.35
Dense (None, 24, 4, 500) 25 500 Activation= “relu”
Reshape (None, 50, 960) 0
Bidirectional LSTM (None, 50) 197 200 Units= 25
Dropout (None, 50) 0 Dropout rate= 0.15
Dense† (None, 13) 663 Activation= “softmax” regularizers.12= 0.001

Note: None in output shape means sample size.
*The number of input dimensions was changed according to the transformation model.
†The number of output dimensions was changed according to the prediction outcomes. The optimizer was the adaptive moment estimation algorithm
(Adam). Learning rate: 0.001, beta_1: 0.9, beta_2: 0.999, epsilon: 1× 10−7, and decay: 0.0.
Conv, convolutional; 2D, two-dimensional; LSTM, long short-term memory.

containing a temporal order and were compressed into a
one-dimensional array matching the number of prediction
outputs. The architecture also involved two drop out layers
and L2 regularization to avoid overfitting [31]. Details of the
architecture are provided in Table 2.
The data from first-wave participants were used as train-

ing data, and the data from second-wave participants were
used as testing data. Training data were unbalanced by the
number of psychiatric symptoms; thus, we used the syn-
thetic minority over-sampling technique [32]. Although the
early stopping function was involved, the classifier trained
up to 20 epochs, which corresponds to the maximum num-
ber of epochs for all six types of inputs.
To show statistically significant differences of accura-

cies between trainedmodel and random classifiers, we used
1000 random classifiers. Random classifiers are models that
randomly predict the label of the test data based on the dis-
tribution of labels in the training data. Through the 1000
randomclassifiers, we obtained 1000 accuracies. These 1000
accuracies were considered to be independent of each other
and normally distributed [22, 33]. Therefore, it was possi-
ble to estimate a confidence interval based on the normal
distribution for these 1000 accuracies. If the accuracy of the
trained model was higher than the upper limits of the con-
fidence interval, then it was significantly higher than the
accuracy of the random classifier.

I I I . RESULTS

A) Comparison of social rhythms based on
group communication among individuals with
different psychiatric symptoms
Figure 4 shows group communication time distributions.
Individuals with few psychiatric symptoms (GHQ0 and 1)
were active in afternoon periods, such as from 13:00 to
22:00, and inactive frommidnight tomorning, such as from

1:00 to 7:00. These figures indicate that their active and inac-
tive times were fixed for different days. Conversely, group
communication time distributions of individualswithmany
psychiatric symptoms (GHQ11 and 12) were sparse. They
ranged from being active at a time point in a day and sub-
sequently inactive at the same time point during the next
day. The figures indicate that active and inactive times of
individuals were flexible for different days.
Furthermore, autocorrelations of group communication

confirmed the aforementioned findings (Fig. 6). The cycle
of autocorrelation of GHQ0 was stable in a 24-h cycle.
Increases in the number of psychiatric symptoms disrupted
the cycles of autocorrelations and resulted in many peaks in
a day. Autocorrelations among GHQ9, 10, 11, and 12 exhib-
ited more peaks in a day than those among GHQ0, 1, 2,
and 3. This indicated that group communication cycles of
GHQ9, 10, 11, and 12 did not correspond to a 24-h cycle and
instead fluctuated to cycles corresponding to a few hours.
We compared explanation rates of 24-h cycles between these
groups to confirm this tendency, and observed no signifi-
cant differences (F(12,1319) = 1.228, p= 0.258).

B) Comparison of social rhythms based on
private communication among individuals
with different psychiatric symptoms
Figure 7 shows private communication time distributions.
Similarly as in the group communication time distributions,
active and inactive time periods were fixed for different
days among individuals with few psychiatric symptoms
(GHQ0 and 1), whereas active time periods were flexible
for different days among individuals with many psychiatric
symptoms (GHQ11 and 12). Furthermore, autocorrelations
for private communication confirmed the aforementioned
findings (Fig. 8). Autocorrelations for private communi-
cation were stable in the 24-h cycle among individuals
with GHQ0 and 1, and flexible among individuals with
GHQ11 and 12. This was in agreement with the findings of
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Fig. 6. Comparison of social rhythm measured via group communication considering the number of psychiatric symptoms.
Notes: GHQ: General Health Questionnaire. GHQ0 denotes no psychiatric symptoms, whereas GHQ12 denotes 12 psychiatric symptoms. AC means
autocorrelation coefficient. There are 13 classes of GHQ (General Health Questionnaire), from 0 to 12, but only the top four and bottom four are shown in the
figure.

group communication time distribution, wherein individu-
als with many psychiatric symptoms exhibited more peaks
during private communication than individuals with few
psychiatric symptoms. We compared explanation rates of
24-h cycles between these groups to confirm this tendency,
and observed no significant differences (F(12,2459) = 0.653,
p= 0.798).

C) Comparison of social rhythms based on
group and private communications among
individuals with different perceived emotional
support
To validate the relation between social rhythms and psy-
chiatric symptoms, we also examined the relation between
social rhythms and PES (Fig. 9). As expected, individu-
als who perceived a high emotional support (PES4) level
in Pigg Party were active during daytime and inactive at
midnight, whereas those who received low emotional sup-
port in Pigg Party changed their active/inactive times every
day. Furthermore, autocorrelations among these communi-
cations corroborated the aforementioned findings (Fig. 10).
Individuals with high emotional support levels were
stable in the 24-h cycle in both group and private com-
munications, whereas those with low emotional support
(PES1) were unstable and exhibited many peaks during
24 h. To confirm this tendency, we compared explanation
rates of 24-h cycles between these groups. We found that

explanation rates of both private and group communi-
cations were significantly different between these groups
(private: F(3,2468) = 19.627, p< 0.001, group: F(3,1328) = 4.619,
p= 0.003). Figure 11 also indicates that those with high
emotional support level (PES4) had higher explanation
rates in a 24-h cycle than those with low emotional support
level (PES1).

D) Comparison of different transformations
to predict psychiatric symptoms and perceived
emotional support levels via social rhythms
To examine the optimal transformation for social rhythms,
we compared classification accuracies of GHQ symptoms
and PES levels via one non-transformed and five trans-
formed inputs, respectively, as shown in Table 3. Although
all accuracies significantly outperformed the accuracies of
random classifiers, raw data and probability transformed
data indicated worse accuracies in the prediction of GHQ
symptoms and PES levels. The findings revealed that
transformations are required for preprocessing of
communication time distribution data. Specifically, FCT
exhibited optimal predictive accuracy for GHQ symptoms
and PES levels among all the transformations used. Other
transformations, such as FFT, STFT, and DWT, exhibited
overfitting accuracy score in training, whereas FCT did
not. The findings indicate that FCT can reduce the risk of
overfitting.
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Fig. 7. Private communication time distributions considering the number of psychiatric symptoms.
Notes: GHQ: General Health Questionnaire. GHQ0 denotes no psychiatric symptoms whereas GHQ12 denotes 12 psychiatric symptoms. There are 13 classes of
GHQ, from 0 to 12, but only the top two and bottom two are shown in the figure.

Fig. 8. Comparison of social rhythms measured via private communication among individuals with psychiatric symptoms.
Notes: AC means autocorrelation coefficient. GHQ: General Health Questionnaire. GHQ0 denotes no psychiatric symptoms whereas GHQ12 denotes 12
psychiatric symptoms. There are 13 classes of GHQ, from 0 to 12, but only the top four and bottom four are shown in the figure.
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Fig. 9. Group and private communication time distributions with respect to PES levels.
Notes: Green distributions denote group communication whereas blue distributions denote private communication. PES, perceived emotional support. PES1
indicates low emotional support level, whereas PES4 indicates high emotional support level in Pigg party.

Fig. 10. Comparison of social rhythms measured via group and private communications with respect to PES levels.
Notes: The upper lines denote social rhythms measured via group communication, whereas lower lines denote social rhythms measured via private
communication. AC means autocorrelation coefficient. PES, perceived emotional support. PES1 indicates low emotional support level, whereas PES4 indicates
high emotional support level in Pigg party.
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Fig. 11. Comparison of explanation rates of 24-h cycles with respect to PES levels.
Notes: PES: perceived emotional support. PES1 indicates low emotional support level, whereas PES4 indicates high emotional support level in Pigg party.

Table 3. Comparison of classification performance among data transformations

GHQ (13 classes) PES (4 classes)

Number of features Accuracy of training data Accuracy of testing data Accuracy of training data Accuracy of testing data

Raw data 336 0.9345 0.9136** 0.8224 0.6922**
Probability 336 0.9462 0.9086** 0.8899 0.6938**
FFT 258 0.9304 0.9231** 0.8035 0.7014**
STFT 598 0.9328 0.9231** 0.8131 0.6968**
DWT 512 0.9370 0.9231** 0.8569 0.6949**
FCT 200 0.9231 0.9231** 0.7511 0.7462**

FFT, fast Fourier transform; STFT, short-time Fourier transform; DWT, discrete wavelet transform; FCT, fast Chirplet transform.
** p< 0.001. The mean accuracies of 1000 random classifiers on GHQ symptoms and PES levels were 0.02938 and 0.105599, respectively. The confidence
interval of accuracies of random classifiers on GHQ symptoms at 99 ranged between 0.028843 and 0.029917. The confidence interval of accuracies
of random classifiers on PES levels at 99 ranged between 0.104619 and 0.106579. All accuracies in our trained model significantly outperformed the
accuracies of random classifiers.

I V . D ISCUSS ION

Similarly as previous findings in social media analysis
[10–12], the results indicated that social rhythm can be
measured via social media use. Specifically, peaks of auto-
correlations indicated stable and disrupted social rhythm of
people with few and many psychiatric symptoms, respec-
tively. Although many studies focused on the relevance
between volume/contents of social media usage and short
sleep [13–16], our findings indicate that the temporal
patterns of social media usage are related to short sleep.
Measurement of social rhythm via social media use can
validate the relevance between social rhythms and mood
disorders [2–6] and the effects of IPSRT [1, 7–9].
Our findings also imply that appropriate regular use

of social media could improve users’ social rhythm and
their mental health [14]. Previous studies suggested that
mental health experts regulate their clients’ social rhythm
through advise and improved their emotional disturbance
[1, 7, 8]. Similarly, administrators of social media might reg-
ulate their users’ social rhythm through bonus points and
improve their emotional disturbance. For example, login
bonus points in early morning could encourage users to
wake up early, to regulate their social rhythm, and to reduce
their emotional disturbance. Evidently, treatment effects
of regular use of social media on emotional disturbance
would have to be tested in the experimental design, but
social media might be a useful platform to treat emotional
disturbance.

The results also indicated that FCT corresponds to the
optimal transformation for social rhythm. Given that FCT
is known to exhibit optimal resolution when signals exhibit
time-varying frequencies [19, 20], FCT can grasp time-
varying frequencies of individuals with many psychiatric
symptoms. Furthermore, a GHQ symptom classifier based
on raw data exhibited overfitting problems. This indicates
that the classifier based on raw data inaccurately over-
learned activities at specific time points as important fea-
tures of psychiatric symptoms. Conversely, a classifier based
on FCT could accurately capture a variety of time-varying
frequencies as important features of psychiatric symptoms.
This implication is also consistent with many peaks of
autocorrelations among individuals with several psychiatric
symptoms. The findings indicate that individuals with
psychiatric symptoms can exhibit many time-varying fre-
quencies, and entropy of frequency distributions can be
associated with their disrupted social rhythms, disrupted
sleep, and disrupted emotion.
Our study includes three limitations. First, the test accu-

racy of PES was always below 0.80 for all the classifiers.
This is because PES can be affected by annual conversa-
tion as opposed tomonthly conversation [17, 18].Hence, our
training data are potentially too short to estimate PES. Sec-
ond, the first-wave dataset was sampled at the time of the
first “mild lockdown” in Japan [34]. The firstmild lockdown
ranged fromApril 7th toMay 25th in 2020, which fully cov-
ered the first-wave questionnaire survey period (April 26th
to May 2nd in 2020). During the mild lockdown, residents
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in Japan were requested to refrain from going out of their
houses and to restrict the use of stores. However, enforce-
able measures were limited in Japan and those who did
not obey these requests received no penalties. Therefore,
mild lockdown is a state of lockdown specific to Japan rely-
ing on voluntary public cooperation without punishment.
Given that mild lockdown can affect participants’ psychi-
atric symptoms and daily activities [34], a yearly dataset
in the absence of lockdown should be sampled in a future
study. Third, the study was an observational study and did
not reveal causal effects from social rhythms on psychiatric
symptoms. A future study should include an experimen-
tal design involving individuals with mood disorders and
groups with and without IPSRT [1, 7–9].

V . CONCLUS ION

The findings corroborated the relationship between dis-
rupted social rhythm and psychiatric symptoms via tempo-
ral patterns of social media usage [1]. Disruption of social
rhythm can be estimated in detail via the frequency trans-
formation approach in signal processing fields [19, 20].
Although frequency transformation and psychiatric symp-
toms were separately examined in signal processing and
clinical psychology fields, respectively, the concept of social
rhythm can lead to a new fusion area that integrates the two
different methodologies and assists in detailed understand-
ing of human emotion.
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