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Abstract

This study aims to generate a framework for data preparation for mental
health detection on Twitter. The process of data preparation for mental
health detection needs a particular stride. Twitter provides massive data
with rich content from Online Social Networks (OSNs). However, this
data consists of various types: text, audio, image, and video. Moreover,
Twitter's tweets involve hashtags, URLS, retweets, and mentions, but the
tweets are meaningful. The tweets also consist of noisy, inconsistent data,
anomalies, incomplete data, short-form words, and unmeaningful data. A
data preparation framework for mental health detection was proposed to
solve these problems. The framework involved Data Collection and
Extraction steps, Expert Manual Annotation, Text Cleaning, and Text
Representation. Each framework's process was conducted through the
experimental method using the Python language. The data was collected
for a total of 19,744 tweets in English related to mental health problems
for one week. Hence, this study is related to mental health problems, and
the manual annotation needs an expert. The expert will annotate the clean
text data to detect mental health problems. The text representation was
conducted using N-Grams, TFIDF, Bag of Words, and Lemma. These
methods represent data for modelling using machine learning techniques.
Using the framework could become a process for other problem detection
for data preparation. Data preparation is essential for efficient data
modelling.
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Introduction

Globally, an estimated 450 million people worldwide suffer from mental health problems, accounting
for 13 percent of the world's disease burden (Global Burden of Disease Study 2013 Collaborators 2015).
The World Health Organisation estimates that 1 in 4 individuals will experience a mental disorder at
some point in their lives (World Health Organization 2001). Recently, studies on mental health detection
for Online Social Network (OSN) users have been conducted by researchers (Gedam & Paul, 2021;
Kim et al., 2021; Lin et al., 2017; O’Dea et al., 2015; Tsugawa et al., 2015). The data on mental
health problems was collected through OSNs, such as Facebook, Twitter, Weibo, and YouTube. The data
from OSNs is massive and meaningful.

Aside from mental health detections, data also is imperative for specific purposes, such as sales data,
weather, forecasting, sentiment, and politics. Massively large amounts of data are accessed through
many data sources, such as organisations and the web. Besides, the data from Online Social Networks
(OSNs), including Facebook, Twitter, WhatsApp, and YouTube, provides massive data, which is
valuable to analyse for meaningful information. For example, Twitter's users generate over 400 million
tweets daily (Kumar et al. 2013).

Primarily, data from OSNs is in an un-normal form, such as noisy, inconsistent data, anomalies,
incomplete data, and unmeaningful data (Zhang et al. 2003). Sometimes, data in OSNSs is written in
short-form words or mixed languages. This form of data is hard to analyse for meaningful data. The raw
data from the OSNs needs to be cleaned to ensure the final data for modelling is meaningful.
Therefore, the data preparation framework for mental health detection on Twitter is recommended to
overcome the problems. The framework details are explained under the methodology sub-topic.

Current Works
Online Social Network

One of the data sources that can access data quickly is the internet. Social media data is formed with
various modalities, for example, text, image, voice, and social interaction (Guo et al. 2016). The various
OSNs, such as Facebook, YouTube, Twitter, Instagram, and WhatsApp, have become the primary
medium of daily communication and are the easiest way to share information (Chang et al. 2016). In
addition, OSNs are new communication mediums that have offered Web 2.0-based communication
methods to encourage active users (Al-Garadi et al., 2016; Nasution & Noah, 2010; Othman &
Danuri, 2016).

Data and Twitter

Data preparation is a crucial phase before analysis. The low-quality data is available from various
sources in the OSNs. However, the data form is incomplete, noisy, and inconsistent (Zhang et al., 2003).
Users on Twitter generate over 400 million tweets daily, and Twitter users' tweets are also known as
“status messages”. A tweet can be at most 140 characters in length (Kumar et al., 2013). Twitter's tweets
involve hashtags, URLSs, retweets, and mentions.

Mental Health Detection

The World Health Organisation (WHO) has defined mental health as a state of well-being in which
individuals realise their abilities, can cope with the everyday stresses of life, work productively, and
contribute to society (World Health Organization, 2004). However, today's changing social landscape
has increased mental health problems and psychological disorders. Individual lifestyle factors, including
work pressure, a poor financial situation, family problems, domestic violence, and environmental
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factors, are likely to have an impact on mental health (Rahman et al., 2018; Robert- McComb et al.,
2015). Recently, research on mental health detection through OSNs has been conducted.

Researchers conducted studies related to mental health problem detection, involving stress (Lin et al.,
2017), depression (Tsugawa et al., 2015), and suicide (O’Dea et al. 2015).

Methodology

The development of this study will be implemented using experimental methods. A series of
experiments were conducted using Python. The processes involved are Data Collection and Extraction,
Expert Manual Annotation, Text Cleaning, and Text Representation.

The Framework of Data Preparation for Mental Health Detection

Figure 1 is the framework for data preparation for mental health detection. The framework involved
Data Collection and Extraction, Expert Manual Annotation, Text Cleaning, and Text Representation.
The data collection process was conducted using Python as an IDE to harvest data from Twitter for a
specific duration. The data preparation details in this framework are explained in the sub-topic finding
and discussion.

Data Collection

and Extraction Text Cleaning
\ Raw tweet text J
Twitter API s g e R S b
; Pre-processing Steps Text Representation
: [ owercase ) |
(Raw tweets (format: json) ‘ ' N-Gram
l | remove url, usemname | :
preocrerees i aae Lot Expert ' : 3 TFIDF :
Data Extraction — Manual — remove non ascii char _>3 r

BOW

Annotation
favourite count

retweet_count

tweet text
: tokenisation
Lemma

! |expanding abbreviation

E normalisation H

user_mentions
url_links
g:realed_al

Figure 1: The Framework of Data Preparation for Mental Health Detection
Twitter's Data Collection
The data was collected for a total number of 19,744 tweets in English for one week. The data collected

from the Twitter API application requires permission and application from Twitter even though the data
is accessible publicly.
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Keywords and Constraints

Recently, other researchers have also used keywords in their studies to collect data (Deshpande & Rao,
2017; O'Dea et al., 2015). Keywords are vital in researching mental health problem detection.
Researchers should pursue expert advice to ensure those appropriate keywords (Rahman et al., 2020).
Figure 2 shows the sample keywords used in this study and asks for an expert. The keywords related to
mental health are 'stress,’ 'depression,’ mental disorder," delusions, 'sad," 'anxiety," and 'insane." This
study has some constraints whereby the data collected is suitable for English only and the location
focuses on Malaysia.

In [135]: # Mental Health Keywords
keyword_list = ['stress', 'depression’, 'insanity', 'mental disorder', 'delusions’','sad','anxiety',‘insane']

# Malaysia Latitude & Longitude
lat=3.140853

1ng=101.693207

radius_km=700

Figure 2: The Keywords and Constraints in Data Collection
Finding and Discussion

Several processes involved in this framework have been done in this study, which are the processes of
Data Collection and Extraction, Expert Manual Annotation, Text Cleaning, and Text Presentation. The
process details involved are explained in sub-topics 4.1 to 4.4.

The Process of Data Collection and Extraction

a) Data Collection

A total number of 19,744 tweets were collected using English. The data was collected for one week with
specific keywords related to mental health. The keywords are mentioned in detail in sub-topic 3.2. The
Twitter API application requires permission and application from Twitter. It is necessary to set the
constraints, such as duration, keywords, language, and location, early before harvesting the data from
Twitter. The experiment for harvesting data used Python as the IDE and 'tweepy' and 'pandas' as the
library. Figure 3 shows the raw data collected from Twitter.

[129]): response_list = get_tweets_save_to_list(tweets_obj_1)
r merease-Tes parm:

Yoga is not some magical cure-all. It doesn’t even help short-term pain, like broken bones.
Got burns? Cancer? Herniated discs? Tree pose!

11/

Gua liat liat teume makin stress

RT If a child is pushed towards labor in childhood, then from that time he has to face problems like stress.
The volunteers

RT tts: i miss having a life without stress.

RT If a child is pushed towards labor in childhood, then from that time he has to face problems like stress.
The volunteers
Don't worry just a minor set back dont stress!, Stressing makes it worse

RT cactly, not gonna stress myself bcs of kcharts anymore. Let's enjoy this sudden comeback bestie and keep votin
g at mama, im.
RT Almighty. Grant us relief from stress and worry, knowing You’re in control. Take away all the anxiety and gran

t us peace. He

Less stress keep them lines off your face

fnf community

ah yeah, that community gave me multiple stress and anxiety over what happened in the (almost) whole entire year

i genuinely don’t hate it but it’s just really terrible v

Figure 3: The Raw Data from Twitter
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b) Data Extraction

The data extraction in this study is to focus only on text data. The text data will refer to the tweet's text.

The tweet's text is meaningful data and needs cleaning and modelling. Figure 4 shows data after the

extraction of some features from Twitter. The list below is the features identified that can be extracted:
o tweet's text

e favourite counts
e number of retweets
e date created
e hashtags
e user mentions
e symbols
e URLs
e media (images)
tweet_text favourite_count retweet_count created_at hashtags symbols user_mentions urls Is_retweet tweet_length
Wed Oct 13
0 STRESS 0 0 17:58:56 il i} il il False 1
+0000 2021
| feel so stress if i Wed Oct 13
1 dont taking care 0 0 17:47:40 n i} il il False 18
them bu. +0000 2021
Wed Oct 13
2 night stress 0 0 17:40:32 il i} il il False 2
+0000 2021
Idk why must we Wed Oct 13
3 stress so muchin 0 0 17:30:15 n i] 0 n False 31
life@ O why +0000 2021
KKR or DC, too Wed Oct 13
4 stress watch this 2 2 17:28:04 1] 1] il il False 8
game +0000 2021
@delusions_d am Mon Oct 18
19739 i tripping or did 1 0 13:27:33 ] i} ['delusions_d] i] False 1
you say “jer. +0000 2021
MY MUSIC
TITLES ARE EVIL Mon Oct18
19740 oo L nseal 0 0 09:56:37 ] 1} i] i] False 55
°s +0000 2021
@delusions_d Mon Oct 18 y .
19741 @demagoguerz 0 0 070648 ] 0o e";‘:ﬁ;"’z—r‘z’j ] False 3
record +0000 2021 909
@kalossharon It's Mon Oct 18
19742 all delusions, I'm 2 0 03:47:33 il 0 [kalossharon] i] False 38
telling y. +0000 2021

Figure 4: The Data after Extraction of Some Features on Twitter
Expert Manual Annotation

Manual annotation by experts needs specific data, for example, mental health or other data types. The
data was annotated by experts on mental health problems and focused on three categories: stress,
anxiety, and depression. This study assigned three experts to annotate the data manually from the four
scales, which are 0 (Normal), 1 (Mild), 2 (Moderate), and 3 (Severe). The final results for each category
were based on the total average of the annotated data by the three experts. Figure 5 shows some of the
cleaned data after being annotated by them.

Twitter Text Stress  Anxiety Depression word_count CleanTweet
0 stress  3-Severe 0-Normal  0-Normal 1 stress
1 ifeel so stress if i dont taking care them bu. 3-Severe 0-Normal 1- Mild 18 feel stress taking care get bullshithahahah go.
2 night stress 2 - Moderate 0-Normal 0 - Normal 2 night stress
3 idk why must we stress so much in life why do . 3-Severe 0-Nommal 2-Moderate 31 dont know must stress much life care people th...
4 kkr or dc, too stress watch this game 2 - Moderate 0-Normal ~ 0- Normal 8 kkr care stress watch game

Figure 5: The Data After Being Annotated by Expert
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The Process of Text Cleaning

Text cleaning or preprocessing data text is essential before modelling. The excellent quality of data is
important to ensure that the result of the modelling is high. A few steps for text preprocessing include
hiding all the text in lowercase, removing URL and username, removing non-ASCII and characters,
tokenizing the words, expanding abbreviations, and normalising the text. The experiment that used
Python needs to import the nltk library like ‘tokenize." The text preprocessing includes text cleaning,
normalisation, and standardisation. Figure 6 shows the process involved before modelling. Figure 7
describes the frequent word mentions in tweets regularly through Word Cloud.

text = re.sub(’ ktt;

"t, str(text))
text = re.sub(r’ \. (com)",

', text)

= tok.tokenize(tex

list(contraction_dict.keys()):

ntraction_dict[(word).strip()]
expanded_uords. append( word)

text = ' '.join(expanded_words)

Figure 6: The Process of Cleaning the Text

amp
 way really

stress e

Sfeel Sad 2

Figure 7: The Word Cloud

The Process of Text Representation

The next step after text preprocessing is text representation. Text representation is a method to convert
text from its natural form to vector form. This study used four methods of text representation: N-Gram
(Bigram), TFIDF, Bag of Words, and Lemma. The text representation is the way for the data to be ready
for modelling using machine learning techniques. Most researchers have selected any of the available
machine learning techniques (Ghazali et al., 2013) and a good feature selection will improve the
performance of learning algorithms (Al-Mosimi et al., 2015).
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a) Bag of Words

The Bag of Words (BoW) is a Natural Language Processing (NLP) technique of text modelling and
feature extraction technique with text data. This approach is a simple and flexible way of extracting
features from documents. The BoW describes the occurrence of words within a document by simplifying
the form of text representation into numbers. This process is needed as the algorithm applied in NLP will
be done through numbers and not the text itself. Therefore, this research will convert the text with mental
health sentiment on Twitter into the BoW.

b) TFIDF

The TFIDF is a way of determining a word's relative importance to understand how often the word
appears across multiple documents in the field of information retrieval. The words relevant to a specific
topic on mental health are likely to occur in documents and much less in other related issues through
weighting schemes. On the other hand, less meaningful words will be shared across documents about
any subject. Multiple documents need to measure a word's document frequency and numeric statistical
analysis.

TFIDF is widely used in analysing search engines, translation, and other text data weighting schemes.
This process helps determine relevant words to mental health available in the set of data extracted from
Twitter.

¢) N-Grams: Bigram

N-grams are continuous sequences of words in data. N-grams are used for developing a language model
into Unigram, Bigram, and Trigram models. This study used Bigram as a model N-gram. The
significance of using this model is that it creates meaningful data. For example, the words 'stress' and
‘not stress' will be assigned to different class labels. Therefore, the researcher believed using Bigram
was enough for this mental health detection research.

d) Lemma

Lemmatisation is a text normalisation technique that switches any word to its base root mode.
Lemmatisation is responsible for grouping different inflected forms of words into their root form, which
has the same meaning. Since the researcher chooses Bigram, the lemmatisation effect on the result is
insignificant, especially in mental health detection.

Conclusion and Future Recommendations

This study offers the framework for data preparation for mental health detection on Twitter. The
framework aligns the process involved with Data Collection and Extraction, Expert Manual Annotation,
Text Cleaning, and Text Representation. Multiple studies on mental health problems can be done in the
future. Research can focus on mental health detection using the native language, not restricted to English
only. Examples of issues raised, such as anomalies in collected data, but meaningful and short-form
words, also need to be studied in the future. Meanwhile, the N-Gram, BoW, and TFIDF are common
processes in text representation. In the future of mental health research, the researcher may use other
text representations, such as Word Embedding (Word2Vec, GloVe, or FastText) or Tensor before testing
it with any suitable classifier using Machine Learning.

Text cleaning is tedious and critical as this preprocessing will determine the subsequent analysis and
results. Adding the expert manual annotation will make the preprocess reliable and validated. Therefore,
this study proposed a new data preparation framework for mental health detection in this study.
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