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Abstract. Mental illness is a pressing issue that needs urgent attention, as the
number of people suffering from mental disorders continues to increase. Diagnosing
mental health disorders can be challenging, and gathering information about a
patient's medical history and symptoms is crucial for an accurate diagnosis. Self-
disclosure on social media can provide valuable insights into whether users may be
suffering from a mental illness. This paper proposes a method for automatically
collecting data from social media users who disclosed their depression. The
proposed approach yielded a 97% accuracy rate with a majority of 95%.
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1. Introduction

Mental illnesses are a pressing issue that needs to be addressed urgently, as the number
of people suffering from mental disorders continues to increase. According to a report
by the World Health Organization (WHO), an estimated 280 million people are
experiencing mental health issues [1]. Mental illnesses are also a major cause of life
problems. These disorders are difficult to diagnose and prevent.

The diagnosis of mental health disorders can be challenging. Gathering information
about the patient's medical history and symptoms is crucial for an accurate diagnosis.
Medical professionals who diagnose mental illness must often rely on information
provided by the patient or those close to them [2]. However, this can be difficult as
patients may have difficulty recalling information about their symptoms or history over
the past few weeks or even months.

Mental health self-disclosure by users on social media platforms can provide insight
into whether users may be suffering from a mental illness [3,4. This information is
publicly available online.

The main purpose of this paper is to propose a method for automatically collecting
data from social media users who have depression. This method does not require human
assistance or manual data annotation.
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2. Related work

This work focuses on text analysis and an automatic approach for collecting social media
users who exhibit symptoms of depression. Relevant publications in this area are
reviewed below.

Collecting data from users who exhibit symptoms of depression is a crucial and
challenging task. Various methods are used to collect this data, including asking
participants to screen their depressive symptoms using questionnaires [5,6]. Self-
disclosure is a common approach, where users openly state that they suffer from
depression [3].

Textual content analysis tools have been developed and advanced to better
understand the content of generated text. These tools help researchers explore insightful
information behind self-disclosure in mental health, and machine learning models can
potentially detect social media users with depression [7].

The use of hashtags has become widespread as a means of representing short
meanings of generated textual content. They have proven to be useful in various areas,
including tracing users' interests and capturing trending topics [8]. The co-occurrence of
hashtags can provide semantically related information about a tweet. Word embedding
techniques can also capture correlated topics [9].

3. Methods

A search was conducted for public tweets containing the hashtag "#depression" within a
10-week window between October 1st and December 9th, 2022. This search yielded
4,673 tweets from 2,668 unique users. The dataset was then refined by removing tweets
with a number of hashtags greater than the average, resulting in a final dataset of 1,676
tweets from 1,289 unique users after further exclusion of tweets that were replies to other
users.

Of these 1,676 tweets, 1,842 hashtags were identified. Any hashtags used by only
one user were removed, leaving 72 hashtags from 395 unique users. A word embedding
model was built using Word2Vec from Gensim [10], using all included hashtags. The
dimensions of Word2Vec were 300.

After building the word embedding model, we extracted 10 hashtags related to
depression from the model. These hashtags are mentalhealthmatters, sad, depressed,
bipolardisorder, bipolar, mentalhealthawareness, mentalhealth, sadness,
seasonalaffectivedisorder, and mentalillness. Users who only tweeted these hashtags
were included in our dataset, resulting in 73 user profiles.

Next, we randomly searched for tweets publicly posted between December 1st and
December 7th, 2022, and set the number of tweets collected per day to 260. This resulted
in a total of 1,820 tweets from 1,360 unique users, because some users published many
tweets during the time window. We then collected tweets on the profiles of 1,360 users
who did not self-disclose depression.

4. Results

After collecting tweets from the 1,433 users with and without self-disclosure of
depression, we obtained a dataset of 3.3 million and 140,000 tweets, respectively. Twitter
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APIs allow the collection of tweets up to 3,200 tweets per a user. We used several
machine learning techniques to train a predictive model for classifying users based on
their social media profiles as having or not having self-disclosure of depression. Before
evaluating our models, we split the dataset into 70% of the training set and 30% of the
test set. The best classifier was trained using the AdaBoostClassifier with
CountVectorizer feature extraction from scikit-learn, a Python library for building
machine learning models (11). To test models, the best model achieved an accuracy of
97%, and its weighted precision, recall, and F1-score were 0.97, as shown in Table 1. As
can been seen in Figure 1, the model achieved the areas under the curve 96%. It is worth
noting that the majority class from our dataset was 95%.
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Figure 1. Receiver operating characteristic curves of the model trained using the AdaBoostClassifier with
CountVectorizer

Table 1. The precision, recall, and Fl-score of the model trained using the AdaBoostClassifier with
CountVectorizer

Class Precision Recall F1-score
Non-depression 0.98 0.99 0.98
Depression 0.62 0.56 0.59
Weighted average 0.97 0.97 0.97

5. Conclusion

The main goal of this study is to investigate the automatic data collection from users with
self-disclosure of depression by using hashtags. The experiment above can be seen that
the word embedding model can be used to find relevant topics to depression. The use of
hashtags related to depression topics provided by our model can truly retrieve users with
self-disclosure of mental health issues. After collecting social media users as having or
not having self-disclosure of depression, a set of predictive models were trained and
yielded the best accuracy of 97%.

The experiment shows promising results, however there is also room for
improvement. This research used default parameters. Tuning parameters may improve a
result of models. There is a small amount of data in this dataset. In our future work, we
are collecting more data and verifying each tweet contains a genuine statement of mental
health self-disclosure. This will assure that our proposed models can collect tweets
related to mental health self-disclosure efficiently and reliably.
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