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Abstract:

With the rise of Social Media usage, web
surfing and a long period of uncertainty during
the Pandemic time, there is a sheer concern
about the mental health and anxiety disorders
among people. This increate rate of online
social media use (SMU) opened the possibility
to identify some common traits among people
with various mental disorders and anxiety by
the large dataset provided. In recent years, this
research area has started to evolve, but it
would be extremely valuable during this crisis
period. Although it is a complex task to
perform as mental illness patterns are very
complicated, it showed the light of hope in the
past. Previously, adoptive supervised machine
learning, such as deep neural network
approaches were used to predict the pattern
and level of mental illness; but they failed due
to lack of annotated training data. In this
paper, we are proposing an effective machine
learning architecture, based on Cluster
analysis and Natural Language Processing
(NLP) technique in the analysis of
unstructured data extraction from Social media
platforms.

1. INTRODUCTION

With the outburst of the coronavirus disease
Covid-19 early in 2020, the time spent at home
has increased sharply for people around the
world. But it was after the upsurge of the
pandemic, somewhere in between February
and March, people started to experience strict
lockdown situations to help flatten the
pandemic’s deadly curve. During a long stay
at home, they tend to spend more time on
Social Media platforms, providing an
unexpected boost to engagement on these
platforms. At the same time, as a byproduct of
the coronavirus disease, people start to feel a
strange kind of stress, fear, and anxiety about
being put in such an area of uncertainty. Even
before the pandemic, 1 out of 13 people
globally suffers from anxiety, according to the
World Health Organization (WHQO). The WHO
reports that anxiety disorders are the most
common mental disorders worldwide with
specific phobia, major depressive disorder and
social phobia being the most common anxiety
disorders. For the current situation, of course
there is grief about the sufferings and deaths
that people are witnessing everyday; but even
so, the helplessness is even stronger when
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of sharing the stress, frustration or fear, it is
sometimes only the connection and impact of
the overall Social Media. In other words, the
association between SMU and mental health
may be indicative of a user’s experience and
attitude rather than the volume of SMU. In this
regard, SMU would only be used as a measure
to detect the users’ mental stability and
psychiatric disorder (if there is any); but not to
demonstrate the negative effect of Social
Media usage among them.

2. RELATED WORK

There were many approaches made for
detecting mental disorder and depression of
the social media users in the past. Many of
them dealt with the volume of usage as a
measure of detecting potential SNMD (Social
Network Mental Disorder). That means, they
had a different goal to prove than ours.
Nonetheless, these models helped us identify
the feature extraction well and to formulate a
better classification for clusters.

2.1: AFFECTIVE CONTENT ANALYSIS OF ONLINE
DEPRESSION COMMUNITY BY THIN NGUYEN

Thin Nguyen et al. used affective content
analysis method of Online Depression
Community to design the algorithm for
detecting depression stigma. The dataset was
collected from Weibo and Tweeter- two of the
well-known social media platforms. In this
process, first, the collected dataset was
analyzed using syntax and semantic analysis,
which gave the sense of depression stigma
among the social media posts by different age
groups. The posts where keywords matched
but didn’t qualify for stigma-set, belong to the
Non-stigma group. The posts were then
classified according to the depression and
mental disorder symptoms. The data-modeling
performance was improved by implementing
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classification algorithm like, SLR (Simple
Logistic Regression), SVM (Support Vector
Machine), RF (Random Forest) etc.

This approach only worked with users’ social
media posts and their syntactic analysis and
classification; but there could be some
feelings indicating depression stigma that
were not exposed in the posts. That area wasn’t
dealt in this process.

2.2: DEPRESSIVE SYMPTOMS ANALYSIS USING
ACTIVE AND PASSIVE SMU

Social Media Usage was classified as Active
and Passive to analyze depression symptoms
by César G. Escobar-Viera, Ariel Shensa,
Jaime E Sidani, Brian A. Primack, Nicholas
David Bowman, Jennifer Knight and Everette
James. Their classification was mostly based
on the way social media is used, how much
time people are spending on it and how many
platforms are they visiting. The Active users
are found out to be of improved well-being
whereas the Passive users are likely to have
social anxiety and of decreased well-being.
These opposing effects had varied association
with depression symptoms. They examined
their data-distribution of 7 SMU variables
using Shapiro-Wilk test of Normality and
histogram, Q-Q plots graphical methods. They
initiated the process from the hypothesis that
passive users would have positive association
with mental illness and depression.

This straightforward association between
usage pattern and depression turned out to be
true that depression was not found in the active
users, which proved their initial hypothesis.
But active use of social media can sometimes
involve problematic SMU and addiction,
which is a potential indicator of mental illness.
That extreme case should have been
considered in constructing the model.
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2.3: TENSOR TECHNIQUES APPLIED IN MULTIPLE
ONLINE SOCIAL NETWORKS

Preserving users’ privacy with the help of
separating agents, Sridharan et al. proposed
the depression detection diagnostics using
Convolution Neural Networks (CNN). As the
dataset, he used the data posted by different
users in social networks. Another filtering
mechanism was used to filter out redundant
data to increase the learning of CNN. This
approach made an attempt to automatically
identify potential online users with Social-
Network online disorder detection-framework.
It managed to explore various features from
various data-logs and this is where a new
tensor technique was applied for deriving
latent features from multiple Social Networks.

Again, this method worked only with the posts
from users and tried to identify the latent
features from there. But the intensity of social
media usage or emotional attachment pattern
were not dealt in finding the disorder or
depression symptoms.

3. METHOD

As we stated before, it is a complicated task to
determine the mental illness as the disorder

patterns are very unpredictable and
complicated, we developed patterns of
different user-clusters with extreme

vulnerability. For example, one cluster might
have users with addictive or problematic levels
of SMU, which may be associated with
increased anxiety and mental stress. This
association might be placeable to the increased
likelihood of individuals who experience long
term anxiety specially during pandemic and
subsequently develop addictive behaviors. On
the other hand, there is a group of sensitive
users who do moderate level of SMU but has
immensely strong emotional connection with
social media. So, we would like to define these
clusters first and then start to ascertain the
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susceptibility to severe anxiety and alarming
level of depression.

Besides, mental disorder is perceived not by
observing someone feeling down or depressed
or fearful just for a moment; it would persist
for longer time instances that affects general
cognitive function of the brain. And as a
consequence of witnessing the death toll
around and the inability to interact socially,
the mental illness became a common
phenomenon worldwide.

As we did not specify how many clusters there
would be, we chose the Divisive Hierarchical
Clustering in this regard. This clustering
technique allowed us to identify optimal
number of clusters with distinguishing usage-
pattern. After feeding data against all 3
parameters, our IDE: RStudio unpacked the
packages factoMineR and factoExtra and
with the help of package ggplot2 and
graphics, we concluded with a Dendrogram-
plot with 4 distinctive clusters.

While choosing social media platforms, we
selected 10 most widely used sites, namely:
Facebook, YouTube, Instagram, Twitter,
Tiktok, Weibo, Snapchat, Pinterest, QQ, and
Qzone. Now, considering the time spent on
these social media, frequency of usage,
intensity of use and level of abusing the SMU,
these are the 4 clusters:

1. Low Usage (LU): Not affecting personal

life

2. Moderate Usage (MU): Strong
emotional connection

3. High Usage (HU): High but not

problematic
4. Addictive Usage (AU): Problematic and
addictive social media uses

The measurable parameters that are used to
define these clusters are:

i. Time spent (per day)
ii.  Frequency of use (per day)
iii. ~ Number of SM platforms
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First, an initial classification was drawn
for 4 clusters based on these parameters
above. Here, we used the data from our
social network and online statistics from
datareportal.com3, businessinsider.com?,
statista.com> smartInsights.com®

globalWeblIndex.com, jmir.org” tables.
Total 200 respondents from our network
provided their statistics about average
spending time daily on social media,
number of times these platforms visited
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per day and number of social media active
accounts they have and use during
COVID-19 period. About 100 of them also
participated in filling up tables for their
emotional statistics. The ranges for each
parameter were specified after analyzing
the collected data by the Cluster analysis.
After having the product of cluster range-
value and their corresponding weightage,
and by normalizing the data, the first table
looked like this:

Table 1:
Parameters Clusterl Cluster2 Cluster3 Cluster4
LU MU HU AU
Time spent 0.02835 (<1) 0.3366 (1-2) 0.4695 (2-3) 0.6 (>3)
Frequency 0.055 (1-3) 0.15963 (7-9) | 0.14852 (4-6) 0.2575 (>9)
No. of platforms 0.175 (1-4) 0.06875 (4-7) 0.0056 (7-9) 0.00211 (>9)

Tablel: Cluster degree of memberships by social media usage parameters

After drawing the initial clusters, the graph
looked like this:

Initial Cluster-Analysis from parametric
values

1

0.5 -
0
Clusterl Cluster4

Cluster 2 Cluster3

H Time spent Freq per day No. of platforms

Secondly, we gathered posts and popular
hashtags of these individuals and started to
extract the keywords using NLP (Natural
Language Processing) from these posts for
syntactic analysis. Again, we relied on R

and package was mostly Udpipe and
dependencies were dplyr and again
ggplot2. Udpipe Package provides
pretrained language models that we used.

Here, we collected mostly Facebook,
Twitter and Weibo posts and used NLP to
identify the most focused words and
examined the effective keywords by tuning
them up. After getting the keywords, the
association was made from keyword-based
analysis regarding individual’s mental
condition.

So, from 2nd phase, we got our refined
clusters with criteria-related validity and 3
emotional indices from Kaggle
Andbrain_dataset. A part of the analysis
looked like this:
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statistics and for that we asked 100
participants from all 4 clusters of the same
sample to complete the table about their
feelings over the last 7 days. The PROMIS
(Patient-Reported Outcomes Measurement
Information System) depression-scale is a
well stablished way of obtaining the
emotional state of people. This is a 4-item
scale of measuring users’ feelings and items
are scored using a 5-point Likert-type scale.
It was applied to all the clusters including
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Table 2:
SL Posts and hashtags Keywords Tuned up | Depression- | Anxiety- | Fear-
keyword index index index
1 | 97,000 kids tested Covid-19 positive | Tested, Covid- | Covid-19, 0.2114 0.5168 | 0.358
in the US within 2 weeks of School | 19, positive, positive
opening. Bangladesh is planning to | planning, open
open schools by September.
2 | Empty airports and planes at the Empty Empty, 0.41 0.35| 0.112
height of the #COVID-19 pandemic | airports, pandemic
height,
pandemic,
planes
3 | Encouraging people to get virtue, people | virtue, 0.516 0.131 | 0.082
#Coronavirus in the name of Virtue people
4 | This implies there will be no 'after’ virus, vaccine | virus, 0.423 0.315 | 0.259
of it and if there's no vaccine, this vaccine
virus will remain with us
5 | Trying not to be angry about this angry, effects | angry, 0.457 0.241 | 0.238
#coronavirus is hard, talking effects
listening and even seeing the effects
of it
Table 2: Keyword extraction from posts and analyzed with emotion-index
Thirdly, we tried to get the users’ emotional Clusterl (Low Usage). This step is for

emphasizing on the emotional attachment
with social media even when users are not
exposing themselves enough to the online
world.

The raw scores from this table would have
a range from 4 to 20 and greater scores
indicate increased severity of mental
issue, specially depression symptoms. The
probabilities  were calculated from
individuals’ score from this table:

Table 3:
Emotions Never (1) | Rarely (2) | Sometimes (3) | Often (4) | Always (5)
1 | Hopeless J/
2 | Worthless J/
3 | Helpless J
4 | Depressed /

Table 3: An example of how a participant completed the 4-item form
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In the final phase, there were again 100
respondents who agreed on completing the 7-
item Generalized Anxiety Disorders Scale
(GAD-7) to have a clear identification of the
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respondents were asked to state the frequency
of the 7 items that they have been bothered
over the last 4 weeks. Again, the probability
of having Anxiety-symptom was calculated

anxiety vulnerable users among the clusters. for individual’s responses.
GAD-7 is a screener for generalized anxiety The GAD-7 looked like this:
disorder in primary care settings. Those
Table 4:
Emotions Never | Several Over half Nearly
(0) days (1) | the days (2) | everyday (3)

1 | Feeling nervous, anxious, or on edge J

2 | Not being able to stop worrying J

3 | Worrying too much about different things v

4 | Trouble relaxing J

5 | Being so restless that it's hard to sit still J

6 | Becoming easily annoyed or irritable v

7 | Feeling afraid as if something awful might happen J

Table 4: An example of how a participant completed the GAD-7 form
The Anxiety measure here would be: (1+1+3+2+0+3+2)/21 = 12/21 = 0.5714
4. DATA ANALYSIS Initial Clustering using
social media usage parameters
B Product

4.1: From_TabIel, we can see the cluster- Clusterd ﬂm
membership was classified by percent of
users approving some levels of each SMU Clusters IS 0.018732553
characteristic. Also, not any one cluster is Cluster 2 -
exclusively giving high values for all Clusterl I0'0011:553
parameters. It is rather 3 of them- MU ,HU 0 0.02 0.04 0.06

and AU which were seemingly found as
vulnerable in terms of higher value. The
collinearity between these predictor
variables was assessed and Clusterl (LU)
fell below 0.01, that justifies the initial
classification. But we are not going to omit
this cluster for the next step and parsing
would be done on posts of all 4 cluster
users.

Figl: Collinearity between Cluster-variables

4.2: Next, the keywords were obtained from
the social media posts which were used as
positive-labelled training data for an NLP
classifier. Here, we took just one post from
single user. For the sentiment analysis, these
keywords were projected on emotions sensor
dataset containing top English words
classified statistically using Naive Bayes
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Algorithm into 7 basic emotions. We picked up
indices of three emotions that are relevant with
our goal: fear, anxiety and depression. These
indices are then examined for multi-
collinearity by the multivariate correlation
matrix. This helped evaluating the criterion-
related validity of the cluster solution. At the
end of this step, we’ll have a more concise
version of the correlation.

5 Depression- Anxiety-index | Fear-index
index

De‘i)r:fjsesion- 10.208849 0.110137 0108766

ADEY" | 0110137 |1 ceoey | 0.057358

Fear-index 0.108766 0.057358 10.056644

Fig2: Multivariate correlation matrix

4.3. After step2, we’ll get more improved
classification of the clusters and identify those
individuals having higher index-values for
anxiety and depression and their belonging
clusters. Now, we would analyze the PROMIS-
score for users’ depression measurement. For
that we would examine the probability of each
table filled up by users. Then the probabilities
would be ranked on Depressive symptoms like:

Symptom Calculated Cluster
level Probability
None to slight P<0.4 LU
Mild 0.4< P<=0.5 HU
Moderate 0.5< P =0.8 MU
Severe 0.8<P=1 AU

Fig3: Depressive Symptom level from PROMIS

4.4: Lastly, we would focus on individual’s
anxiety and fear measurement during
pandemic and the probability of anxiety level
was calculated from the GAD-7 tables.
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Anxiety measure from GAD-7

e None to slight Mild

Moderate 1 1 Severe

6/ Qb 2

Fig4: Anxiety level from GAD-7 table

5. RESULT AND DISCUSSION

We started the entire procedure with 200
participants’ statistics from our network and
other stats from online portals for initial
cluster analysis and analyzed 250 posts from
social media platforms of 200 users. In the
third phase, we managed to get 100
individuals who completed the PROMIS form
and we ended up having the same 100 people
filling up the final GAD-7 table. Although
the number of participants along with the
percentages varied in different phases, it
yielded 4 distinct patterns of their social
media use and relevant mental condition.

During the initial cluster analysis, we found
that the LU-cluster (Low Usage) had lowest
score for all the 3 variables- time, frequency
and no. of platforms use. As a result, they had
fewer participation in posting feelings in
social media. For applying the 2
psychological disorder screeners, we did not
take out the LU-cluster even though they
failed to look vulnerable in terms of any
mental ailment. From the keyword extraction
phase, this LU-cluster began to fade out and
ended up as the group that is ‘not associated’
with an any mental illness.

For the MU-cluster, the time spent was a
moderate 1-2 hours and they had 4-7 active
SM accounts, but the frequency is in bit
higher range (7-9 times per day). This group
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indicates those people who spent not a huge
amount of time but have strong emotional
connection with social media and engage in
attention seeking behaviors like frequent
status-updates and subsequent checking for
‘Like’ in online world. This obsession may
lead to depression if the individuals do not
receive the desired feedback from his or her
social media audience. It might get elevated
during lockdown phase which was reflected
from the PROMIS-scale result as they
showed moderate (0.5-0.8) probability of
Depressive symptoms. No wonder, they
demonstrated maximum participation and
hence had more posts for keyword extraction.

We found interesting analysis for HU-cluster,
who spent 2-3 hours every day having 7-9
active SM accounts. They tend to stay
connected to their online world and showed
less frequency in checking their own account
for feedback. In both psychological disorder
screeners, they exhibited probabilities below
0.5, signifying their positive mental state.
They tend to share life experience even
during pandemic-time and respond quickly
and frequently to other users which leads to
their improved well-being.

Finally, we defined Cluster-4 as ‘Addictive’
since all 3 variables associated with them
gave us the highest values in doing initial
cluster-analysis. The ‘Fear Of Missing Out’
(FOMO) felling made them stay continually
connected in social media losing real-life
interactions triggered the elevated anxiety
and fear symptoms. In case of keyword
extraction, their posts indicated high index-
values of not just depression and anxiety,
they were also linked with fear. Additionally,
they unveiled probabilities in the range 08-
0.95 in both psychological tests which yields
extremely high risk of mental syndromes.
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Scores 0-4 5-10 11-16
— |o- 0.238— | 0.5238-

Probability 0.1904 | 0.47619 | 0.7679

Cluster LU HU bils

Table 5: Results from GAD-7 scale

Hence from this 4-phase analysis, it was clear
that people from Cluster-2 (MU) and Cluster-
4 (AU) are closely associated with mental
ailment.

Cluster classfied after 4-phase analysis

3
2.5
2
1.5
1
0.5

| —

Clusterl

Cluster 2 Cluster3 Cluster4

B Anxiety Probability from GAD-7
B Depression Probability from PROMIS
M No. of platforms

Frequency

B Time spent

Fig5: Final Cluster result from 4-phase analysis

However, some border-line values of
Cluster-3 (HU) individuals also need to
have a close look at the mental health for
their well-being.

6. LIMITATIONS

The dataset we constructed was entirely
from our network and thus we got the
values for the two psychological
screeners. Without accessing our own
network, these sensitive values were not
possible to collect. On the contrary, these
responses could not get diverse in terms of
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different Ethnicity and race and social
positions. Yet, we tried to have variations
in selecting social media users concerning
their age, gender, occupation, and religion.
We could have done an analysis of Phase-
1 and phase-2 from online datasets, but the
mental-health screening would not be
conducted in that case. Even though this
dataset is seemingly small, the data
collected were authentic and legitimate
and the information were taken carefully
preserving their privacy.

7. CONCLUSION

The deterioration of people’s mental health
during pandemic period can result in severe
mental disorder. For different people, the
combination of emotions is different- for
most of them, it’s anxiety for the family,
relatives and his/herself. It is a tremendous
grief for losing our normal day-to-day social
interactions  which leads to severe
depression. Sometimes it is not just general
anxiety or depression, it is the fear about
what is going to happen to the society, to the
economy and for how long it is going to last.
If the uncertainty lasts for more than a year
and people suffer from that during the entire
time or longer, it would become daunting.
And it needs to be identified and treated as
early as possible. Detecting earlier
depression and anxiety can be a huge step to
address the mental illness and offer support
to the people suffering from this terrible
mental illness. This four-phase approach
using cluster analysis, NLP and two
psychological screener that we proposed in
this paper and the associations between the
parameters are quite relevant and obtainable.
Among the 4 distinct clusters, the 2 specific
patterns- MU and AU with elevated symptom
levels of depression and anxiety are
undoubtedly at higher risk. This realistic
diagnosis of mental disorder should be
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considered seriously in clinical interventions
and therefore should be taken care at the
early stage for the individuals at highest risk.
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