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ABSTRACT

In today’s digital age, social media have become the most common channel for individuals to express their
opinions and feelings. As common as this, the extensive usage of social media has also been associated
with mental illnesses such as anxiety, suicidality and depression. The digital traces the individuals left
provide insights into not just their daily life but also on their health and mental state. This allows for
various prediction and preliminary diagnosis to be made. The advancement of research in the Natural
Language Processing (NLP) field has allowed researchers to understand individuals based on texts they
shared in their social media account. This paper reviews the techniques and methods used in detecting
depression from social media texts where emphasis are being placed on the writing style and the word
usage of the social media users. Writing styles and choices of words have been seen as a possible indicator
in detecting depression from social media texts. Various methods and platforms have been adopted to
investigate the effectiveness of detecting depression based on these two components. This paper discusses

these methods and techniques as well as the areas where improvements can be made.
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1. INTRODUCTION

Depression  has  increasingly  been
acknowledged as a common mental illness often
associated with today’s digital lifestyle. According
to the World Health Organization (WHO), there are
as many as 300 million people of all ages globally
affected by this illness [1]. Various cases of
depression have been reported [2] which involves
individuals from a diverse set of demographics such
as adolescents [3], [4], [5], male and female
workers [6], [7], people from certain ethnicity or
gender [8], married working women [9], and the
elderly [10]. Depression if not treated can lead to
numerous effects that does not only affect the
individual but also the society at large. Prolonged
and with moderate or severe intensity of depression
decreases the productivity of an individual and
could also lead to suicide [1]. Depression affects the
ability of individuals to recall new information [11]
and causes individual to have less interest in
physical activities and leads a sedentary lifestyle
[12]. This in return will negatively impacts the
productivity of a nation as the workforce is no
longer dynamic and energetic.

Even though depression can cause adverse
effects towards the productivity of the nation’s
workforce, this can be attended if detected early.
This has been demonstrated by several studies
whereby early recognition and treatment of
depression reduces the said effects [13], [14], [15],
and [16]. One method of early detection of
depression is by using text mining as demonstrated
by De Choudhury et al. [17] in their work where
they use tweets to detect depression. By studying
the choice of words used by individuals on social
medias, it is possible to understand their emotion at
the time of writing and consequently detecting if
there are any underlying psychological problem.

Depression consist of numerous cognitive,
physiological, and affective symptoms which are
commonly associated with the various depressive
disorders outlined in the most recent edition of the
Diagnostic and Statistical Manual for Mental
Disorders (DSM-5) [18]. DSM-5 describes nine
possible symptoms of depression, including: (1)
depressed mood, (2) diminished interest or pleasure,
(3) significant changes in appetite or weight, (4)
insomnia or hypersomnia, (5) psychomotor

124



Journal of Theoretical and Applied Information Technology -
15" January 2020. Vol.98. No 01 N

© 2005 — ongoing JATIT & LLS

Cialill

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

agitation or retardation, (6) fatigue or loss of
energy, (7) feelings of worthlessness and guilt, (8)
diminished ability to concentrate and, in some
cases, (9) recurrent thoughts of death or suicide.
Suicide ideation and suicide attempts range from a
passive wish of not wanting to be awake in the
morning, to transient but recurrent thoughts of
committing suicide, to a specific suicide plan.
Motivations for suicide may include a desire to give
up in the face of perceived insurmountable
obstacles, a wish to end a continuous painful
emotional state, or the wish to not be a burden to
others [18].

Many depressed people are reluctant to
seek treatment as depression is considered a
defamed condition. Most of them do not want to be
associated with mental illness and be labelled as a
psychiatric patient. Therefore, some of them tend to
share their feelings and emotions as well as
depression related posts on social media as to
implicitly reveal themselves. Several studies in the
field of social psychology have been performed to
understand the relations between the language and
words used by individuals and its reflection towards
the individual’s behaviour and personality.

These studies have traditionally been
unfavourable as the study of individuals’ speech
and text used to be slow, complex and costly [19].
However, recent advancement in Natural Language
Processing (NLP), computational linguistics and
text analysis methods have allowed for these
researches to re-emerge. There are several research
working on automatic detection of depression from
social media based solely on the texts the
individuals share. There are also studies that
examines the word usage of individuals who are
known to be depressed or have committed suicide.
This paper reviews these works to understand the
effectiveness of detecting depression using writing
styles and word usage.

The rest of this paper is organized as
follows: Section 2 will discuss theories regarding
depression including its characteristics especially
from Aaron Beck's Cognitive Theory of
Depression.  Section 3  will elaborate the
advancements in natural language processing that
will allow for depression to be detected in social
media texts. In Section 4, the techniques used in
detecting depression will be examined where it will
first look at how depression is being diagnosed
medically before looking at how depression can be
detected using social media. Finally, Section 5 will
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conclude the discussion and recommend areas
where improvements can be made.

2. THEORIES OF DEPRESSION

Aaron Beck's Cognitive Theory of
Depression [20] stated that often the primary cause
of depression is negative thoughts which were
constructed by dysfunctional beliefs. The more
negative thoughts there is, the further depressed the
individual is. These dysfunctional beliefs can be
categorised into three themes known as the
Negative Cognitive Triad which are (i) the current
state of the individual where he believes he is
defective or inadequate, (ii) the individual’s past
where it often results to defeats or failures, and (iii)
the individual’s future where he believes is
hopeless.

Brown et al. [21] in their study found that
students who were having negative thoughts about
their future believe that they may not pass the class.
This then makes them believe that they are not
enjoying the class and finally, they will have
negative thoughts about themselves as they think
that they do not deserve to be in college in the first
place. His study is in line with the three themes in
Beck’s Negative Cognitive Triad. Another study by
Moilanen [22] on adolescent depression was also
based on Beck’s theory. In her study, she found that
the students’ depression was often associated with
dysfunctional beliefs and negative future attitudes.
The students’ depression is closely related to their
ability to deal with dysfunctional attitudes and
beliefs, as well as doubts towards the future.
Findings from this study also found that the
students’ cognitive thoughts were shown to be
affecting them, and as a result they developed
symptoms of depression.

A study performed by Boury et al. [23]
related to Beck’s theory through the Beck
Depression Inventory (BDI), found that individuals
who are depressed misinterpret facts and
experiences in a negative way, limiting their focus
to the negative aspects of situations, thus feeling
hopeless about the future. A direct relationship is
stipulated between negative thoughts and severity
of depression symptoms. Salmero-Aro et al. [24] in
their study related with BDI also found that women
who have adjusted their personal goals to match the
particular stage-specific demands of the transition
to motherhood showed a decrease in depressive
symptoms, whereas those who disengaged from the
goals that focuses on dealing with such demands
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showed an increase in depressive symptoms. Aaron
Beck’s theory states that a depressed individual
often is negative which allows us to assert that the
choice of words or tone used by these individuals
are also negative.

3. ADVANCEMENT IN NATURAL
LANGUAGE PROCESSING

In understanding text, advancement in
natural language processing has allowed us to
understand the sentiment behind a sentence and the
meaning of words. Sentiment analysis allows for
sentences to be classified into different types of
polarity such as positive, negative and neutral.
Quite recently, more efforts have been made in
revealing the emotions behind a text [25], [26]
where instead of classifying text as positive,
negative or neutral, it is able to tell whether the
individual was angry, happy or sad based on the
text that was written. In understanding these words
in its semantical context, the usage of domain
specific ontology is also helpful as it is able to
describe relationships between words.

3.1 Emotion Bearing Lexicon

Emotion detection requires the decoding
of the emotion that a word, or sentence can carry.
This can be performed by comparing the words to
emotion bearing lexicons. Emotion bearing
lexicons can be categorised into two types which
are sentiment lexicons and emotion lexicons. There
are several sentiment lexicons such as the Affective
Norms for English Words (ANEW) [27],
SentiWordNet [28], [29] and the General Inquirer
(GI) [30]. ANEW, one of the most widely used
sentiment lexicon provides valence scores for 1000
words which are manually annotated. Although this
lexicon is very popular among researches, it is quite
small in coverage. This prompts for efforts to
extend the lexicon to cover more words such as in
the works of Warriner, Kuperman, and Brysbaert
[31] and Shaikh et al. [32].

Emotion lexicons allow for finer
classification of words and sentences where instead
of annotating words with valence score, words are
annotated with affective labels. Compared to
sentiment lexicons, emotion lexicons have far less
resources. One of the most used lexicons is
WordNet-Affect [32] which contains 10K of
emotionally labelled words. Strapparava and
Mihalcea [34] have also contributed in developing
the emotion lexicon by constructing a large lexicon
comprising of words annotated with Paul Ekman’s
six basic emotions: anger, disgust, fear, joy, sadness

and surprise. Another comprehensive emotion
lexicon, known as EmoLex, which is the work of
Mohammad and Turney [35], uses the
crowdsourcing technique of employing Mechanical
Turk to annotate 10k lemmas with an intensity label
for each emotion. Figure 1 shows the word-
sentiment and word-emotion associations provided
by EmoLex.

Word-Sentiment Associations Word-Emotion Associations
abacus
abandan negalive
abacus trust
abandoned negative
abandonment negative
abba positive
fear
abbol
abandon oo
abduction negative sadness
aberrant negative
abevrration negative anger
abhor negalive
abandoned fear
abhorrant negative
sadness
ability positive
abject negative anger
abnormal negative
abandonment  fear
aboiish negative
sadness
abolition negative surprise

Figure 1: Word-sentiment and word-emotion
associations in EmoLex

Linguistic Inquiry and Word Count
(LIWC) [36] is a text analysis tool that analyses, on
the basis of a dictionary containing words and its
classified categories, emotional, cognitive and
structural components of a specified text. LIWC
allows for the identification of emotion in addition
to the identification of positive and negative effects
in a specified text. Finally, DepecheMood, a more
recent emotion lexicon developed by Staiano and
Guerini [37] provides roughly 37 thousand words
annotated with emotion scores with high precision.
With words bearing emotions, it is possible to
detect any underlying psychological problem an
individual may have. This paper looks at how this
information would assist in detecting depression
based on texts.

3.2 Ontology on Emotion

An ontology serves as the knowledge base
or rather a dictionary which helps in the efficient
analysis of unstructured social media texts. An
ontology also increases the accuracy of the analysis
by filtering only the relevant data and inferencing
the relationship between two different concepts
[38]. For example, if an analysis is made just by
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extracting keywords such as ‘depression’, all tweets
containing the word ‘depression’ will be extracted
no matter if it is irrelevant to the context. A quick
keyword search using Twitter’s Advance Search
feature returned the tweet ‘Reminiscent of the soup
lines during the Great Depression’” when the
keyword depression was used. This is irrelevant to
the meaning of ‘depression’ in the medical context,
making the analysis inefficient. Therefore, the
development of a domain specific ontology to
analyse social media data relating to depression is
necessary.

To the best of the authors’ knowledge,
there are no specific ontology to cater the domain
of depression to date. However, there are several
ontologies on emotion that can be a good starting
point in developing a depression specific ontology.
Sykora et al. [39] have developed an extensive
emotion ontology called the EMOTIVE ontology
which not only covers a wide range of human
emotions such as ‘angry’, ‘disgust’ and ‘surprise’
but also captures the strength of these emotions
using words such as ‘quite’, ‘so’ and ‘very’ that
signals the intensity of the emotion. By using
EMOTIVE, tweets such as “I am happy” and “I am
quite happy” will be given different scores. The
work of Sykora’s team has improved the less
granular emotions ontology such as the Human
Emotion Ontology (HEO) [40] and the Emotion
Ontology (EMO) [41] where the intensity of the
emotions is less of a concern. Based on their
research, the usage of intensifiers, negators and
similar terms improves precision, recall and F-score
in comparison with systems that do not have
ontology with such characteristics. A sentence of “I
am happy with my life” would signal that the
individual is feeling satisfied. However, when the
word ‘quite’ is added to become “I am quite happy
with my life”, the happiness is less intense and may
be cause by some problems or dissatisfaction.
Therefore, in detecting depression, an ontology that
will be able to score the text based on the intensity
of the emotion would performed much better.

4. TECHNIQUES TO DETECT
DEPRESSION

4.1 Medical Diagnosis of Depression

The DSM-5 [18] outlines that for an
individual to be diagnosed as having depression,
the individual must have at least 5 or more
symptoms as listed in Section 1, for the same 2-
weeks period. Out of those minimum 5 symptoms,
the individual must at least have either (1)
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depressed mood or (2) diminished interest or
pleasure. In diagnosing that an individual is
depressed, the National Institute of Mental Health,
US [42] indicates that the first step a medical
practitioner would do is to conduct physical and lab
tests to rule out medical conditions that have the
same effect as depression such as thyroid disorder.
If the individual has been ruled out of having such
condition, then only psychological evaluation will
be performed to diagnose if the individual has
depression.

Depression can be screened using both
self-report inventories and clinician-rated scales
[43]. One of the most widely used self-report
inventory is the Hospital Anxiety and Depression
Scale (HADS) [44]. The inventory consists of 7
depression items that measure the cognitive and
emotional aspect of the individual. The reason
HADS is popular is mostly because of its
simplicity, speed and ease of use. Other than
HADS, patient self-report inventories include the
Beck Depression Inventory [45], the Inventory of
Depressive Symptoms [46], the Patient Health
Questionnaire (PHQ) [47] and the Zung Depression
Scale [48]. As for the clinician-rated scales, the
Hamilton Depression Rating Scale (HDRS) also
known as Ham-D [49] is the most widely used. The
scale originally consists of 17 items pertaining to
symptoms of depression experienced over the past
week which is intended for hospital inpatients.

In reducing bias in the result of self-report
inventories and clinician-related scales, Nabbe et al.
[50] in their study have validated several depression
diagnostic tools with DSM-5. In the study, they
have validated 7 tools that are suitable to be used as
primary care for the patients. The tools are Geriatric
Depression Scale with 5, 15, and 30 items, Geriatric
Depression Scale with 15 items (GDS-15),
Geriatric Depression Scale with 30 items (GDS-
30), the Hopkins Symptoms Checklist with 25
items (HSCL-25), HADS, the Physical Symptom
Checklist in 51 items (PSC-51), and the Center for
Epidemiologic Studies Depression Scale Revised
(CES-DR). The tools and scales presented in this
section requires depressed individuals to have their
own initiative in diagnosing themselves. However,
this is often not easy. Therefore, several studies
have looked at how depression can be diagnosed or
detected early without having the patient to visit the
hospital which will be discussed in the following
sections.
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4.2 Detecting Depression in Social Media

With the technology of Big Data and the
accessibility of the Internet, there are abundance of
data that can be collected especially from social
media platforms. People tend to express their
feelings and emotion through their social media
anywhere and anytime. Young people also tend to
share depression related posts on social media as to
implicitly reveal they have depression. Several
studies have examined references to depression on
social media to better understand the information
being shared and discussed. However, the research
on this topic is still in its infancy stage [51]. For
example, existing research has identified that posts
about stress and depressive symptoms are common
on Facebook profiles. A case study of tweets posted
by a Twitter user prior to committing suicide found
that suggestions of suicide were noted in the
individual’s tweets immediately prior to the suicide
occurring [52]. A study of Twitter users in Japan
found that self-reported lifetime suicide attempts
were associated with tweets expressing suicidality
[53].

There have been several studies conducted
using social media data to detect depression or
analyse social media data to identify symptoms that
relates to depression. In this review, we will discuss
three types of research work conducted on social
media data. The first study is on analysing social
media data such as Twitter or Facebook, the second
one is on analysing text messages from online
forum and finally the third study is on developing a
corpus from social media data in order to identify
symptoms of depression.

In analysing social media data, Chen et al.
[54] proposes a novel approach for identifying
users with or at risk of depression by incorporating
measures of 8 basic emotions as features from
Twitter posts over time, including a temporal
analysis of these features. Emotion-related
expressions can reveal insights of individuals’
psychological states and emotions measured from
such expressions. This showed the predictive power
of identifying depression on Twitter. Another study
by Sykora et al. [39] developed an approach for
capturing a wide and comprehensive range of
emotions from sparse, text-based messages in social
media, such as Twitter, to help monitor emotional
responses to events. The usage of intensifiers,
negators and similar terms allowed their work to
achieve better precision, recall and F-score.

Seabrook et al. [55] have also conducted a
study on social media data and reported on the

associations between depression severity and the
variability (time unstructured) and instability (time-
structured) in emotion word expression on
Facebook and Twitter across status updates. Status
updates and depression severity ratings of 29
Facebook users and 49 Twitter users were collected
through MoodPrism app. The average proportion of
positive and negative emotion words used, within
person variability, and instability were computed.
From the study, they found that negative emotion
word instability was a significant predictor of
greater depression on Facebook. Greater negative
emotion word  variability indicated lower
depression severity on Twitter. The differences
between Facebook and Twitter users in their
emotion word patterns and psychological
characteristics were also explored.

A research performed by Mowery et al.
[56] have analysed depression-related Twitter data
and describe the development of a comprehensive
annotation scheme with DSM-4. Using an
annotation scheme, they developed an annotated
corpus. Their result showed that 72% of tweets
containing relevant keywords were nonindicative of
depressive  symptoms. The most prevalent
symptoms in dataset are depressed mood and
fatigue or loss of energy. Less than 2% of tweets
contained more than one depression related
category. However, there was a highly positive
correlations between some depression related
symptoms in annotated dataset.

In detecting mental illness, Rajput et al.
[57] built two corpora that are focussed on
detecting mental illness. The first corpus was built
based on a standard essay and documents about
depression. The second one was a corpus collected
from social media which consists of a set of
hashtags that talk about depression. For building
the second corpus, they identified three keyword
hashtags which were #depression, #depressed and
#feelingdown as the basis for searching across the
social media platform. In evaluating the
effectiveness of using the corpora, they performed a
validation process on the social media corpus
against the standard corpus. Results showed that
there was a high correlation between social media
corpus and the standard corpus for depression. This
means that the keywords identified from the
standard corpus showed a very high correlation to
the words identified from the hashtags.

Another method of analysing social media
data was used by Choudhury et al. [S8] where they
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used crowdsourcing methodology to build a large
corpus of postings on Twitter that had been shared
by individuals diagnosed with clinical depression.
They developed a probabilistic model trained on
this corpus to determine whether the Twitter posts
could indicate depression. They introduced a social
media depression index that may serve to
characterise levels of depression in populations.

In another study, Choudhury et al. [59]
have also developed a statistical methodology to
infer which individuals could transition from
mental health discourse to suicidal ideation. They
proposed social media as a way to characterise and
predict shifts from discussion of mental health to
suicidal ideation. Their approach allowed to derive
distinct markers of shifts to suicidal ideation. These
markers can be modelled in a prediction framework
to identify individuals likely to engage in suicidal
ideation in the future. There were differences in the
linguistic measure, interpersonal awareness and
interaction between those who discuss mental
illness and those who shifted from discussing
mental illness to suicidal ideation.

In analysing text messages from online
forum, Stankevich et al. [60] identified different
feature sets for depression detection among Reddit
users by text messages processing. The text
messages were classified into two groups: risk case
of depression (+ve) and non-risk case (-ve). The
different features used were frequency inverse
document frequency (TFIDF), word embedding, a
bigram model and a few additional features such as
stylometric and morphology. They built a machine
learning model using Support Vector Machine
(SVM) and Random Forest (RF) classifiers. Results
showed that SVM with features TFIDF, stylometric
and morphology produce the highest F1 score
which outperform the RF model.

Based on the literature review presented
above, it can be seen that there are a lot of efforts
being put on detecting depression from social
medias. The works discussed above were presented
between the years 2013 to the current date where
the number of studies escalates starting from the
year 2017. Even though there are many works
being done in this area, there have not been a
thorough report on the usage of writing style and
word usage in detecting depression. Chen et al. [54]
and Seabrook et al. [55] in their work detects
emotions first before associating the emotions with
depression. Sykora et al. [39] on the other hand,
managed to develop an ontology that includes
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intensifiers, negators and similar terms to better
detect emotion but have not been applied to detect
depression. Therefore, a review on these works will
allow for new techniques and methodology to be
developed by combining the usage of ontology in
detecting depression which will provide researches
with result that can be tested.

Another highlight of these review is the work of
Mowery et al. [56] and Rajput et al. [S7] where
they have used annotated corpus to compare
depressed and non-depressed tweets. However,
Mowery et al. found that 72% of tweets containing
relevant keywords were no indicative of depressive
symptoms. On the other hand, Rajput et al. found
that social media corpus and the standard corpus for
depression have high correlation between one
another. Therefore, the discrepancy of these works
should further be explored to understand the reason
behind the discrepancy and therefore improve the
accuracy of depression detection in social media.

5. WRITING STYLE AND WORD USAGE AS
DEPRESSION MARKER

Individuals with depression tendencies
writes in a different style using different words as
compared to individuals without depression
tendencies. This has been proven by many
researches that analysed the writing style and word
usage of individuals with depression and suicidal
tendencies.

A study by Preotiuc-Pietro et al. [61] and another
study by Mowery et al. [56] demonstrated that a
depressed individual often have an increased focus
on themselves where they heavily use first person
singular pronouns such as ‘I’, ‘I haven’t’, ‘I want’,
and ‘myself’. This is supported by the study from
Chung and Pennebaker [19] whereby they found
that students who are currently depressed uses more
first-person singular pronouns as compared to
students who were formerly or never depressed.

A study on suicidal and non-suicidal poets
by Stirmann and Pennebaker [62] have also
achieved the same conclusion whereby suicidal
poets uses more first-person singular pronouns in
their works as compared to non-suicidal poets.
Zimmermann et al. [63] have also conducted a
clinical study on their patients whereby they found
that the usage of first-person singular pronouns
have significantly predicted depressive symptoms
in their patients approximately 8 months later. All
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these studies have demonstrated that writing styles,
specifically frequently using more first-person
singular pronouns compared to other viewpoints
can signal depression tendencies in individuals.

The choice of words used by individuals can
also signal their depression tendencies. These
words can be categorised into words that describes
feelings and emotion, depression and its symptoms
as well as words that surround topics such as life
and death. Among the types of words frequently
used by depressive individuals are words that
describe feelings and emotions. Nguyen et al. [64]
in their study collected online posts from 10,000
people in 24 mental health communities in
LiveJournal which they labelled as the clinical
group and found that they used a lot of negative
emotion words such as ‘hate’, ‘hurt’, ‘annoyed’,
‘crushed’ and ‘scared’. The same frequency of
negative words usage is also seen in several other
studies [54], [58], [59], [64], [65].

Other than words expressing emotions, individuals
with depression tendencies also often used words
directly associated to depression such as its
symptoms. This include words like ‘anxious’,
‘delusional’, ‘insomnia’, ‘restless’, ‘drowsiness’,
‘tired’, ‘stress’, ‘loss of weight’, and ‘nausea’ [18],
[65], [66]. They also often use words relating to
illness (e.g. ‘depressed’, ‘illness’, ‘meds’), words
associated to low moods (e.g. ‘lonely’, ‘sad’,
‘crying’) and words that shows discontinuation of
activities (e.g. ‘anymore’, ‘used to’) [61]. The
words used also often revolves around certain
similar topics which includes relationship, life,
death and religion.

In a study by Al-Mosaiwi and Johnstone, it
is found that members of anxiety, depression, and
suicidal ideation forums used more absolutist words
as compared to members of control groups which
consist of asthma, diabetes and cancer forums [67].
Depression leads to cognitive distortions which
affects an individual’s emotion. Absolute words
(e.g. ‘really’, ‘always’, ‘totally’, ‘never’ and
‘entire’) are words that demonstrates totality either
of magnitude or probability. Individuals with
depression tendencies used sentences like This
always happens to me’, ‘I will never succeed’ or
‘This is totally my fault’. Even though such
sentences are also commonly used by normal
individuals, Al-Mosaiwi and Johnstone found that
individuals with depression tendencies used them a
lot more frequently.

From the studies mentioned above, we
have summarised the words into six different
categories as shown in Table 1. The first category
are words that describes human emotion where we
have further categorised them into Paul Ekman’s
six basic human emotion which are anger, disgust,
fear, joy, sadness and surprise. The second category
is feeling where as compared to emotion, it relates
more to the mental experience that arises as the
brain interprets emotion. The third category is
depression where we include words that relates to
depression and words that relates to depression
symptoms. The fourth category is topic where it is
divided into five main topics often related to
depression which are life, death, health, relationship
and religion. The fifth category is absolutism and
finally, the last category is point of view.

An individual’s writing style and word usage
do not only give out their mental state during the
time but can also be used in a larger scale study to
analyse depression. One example is the study by
Eldin, Taha and Khalifa [68] where they extracted
10,000 Facebook posts and comments and classify
the author of the posts based on their gender. Eldin
et al. uses word2vec algorithm in order to handle
the large data and perform the classification.

Another study by Abd Yusof, Lin and
Guerin [69] analysed the word usage of depression
vulnerable individuals to explore the possible
causes of depression. In their study, they applied
topic modelling on 2,566 student essays associated
with high neuroticism and another 2,388 student
essays associated to low neuroticism to identify
several possible factors that can trigger depression
in individuals. From the study, they found that the
possible factors are different for both the high and
low neuroticism groups. For the high neuroticism
group, the possible factors include housing,
relationship, academic, health concern, body image,
family issues and homesickness. On the other hand,
possible factors for depression in the low
neuroticism group includes housing, relationship,
academic, music, sports and life.

From these studies, it can be seen that the
writing styles and word usage of individuals can
help give out signals on whether the individuals
have depression tendencies or not. Therefore, it is
important for more research to be performed in this
area so that the accuracy of the prediction or
detection can be further improved.
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Table 1: Summary of words and its respective category

Category Words Source
Emotion (Anger) Hate, kill, annoyed, cut, anger [17][54] [58] [64] [65]
Emotion (Disgust) Ugly, disgust, nasty, crappy, suck [54] [64] [65]
Emotion (Fear) Scared, fear, worry, worried, fearful, panic, to cry, freaking out [54] [58] [59] [64] [65]
Emotion (Joy) Happiness, fun, haha, enjoy [17] [64] [65]
Emotion (Sadness) Crying, grief, sad, crushed, unhappiness, hurt, sadness [54][58] [64] [65]
Emotion (Surprise) | Confusion [54]
Feeling Shame, guilt, worthlessness, numb, contemplative, loser, lonely, [17][54] [58] [59] [64]
alone, weak, useless, unsuccessful, hostility, intimidate, safe, [65]
have nothing, suffer, amazing, beautiful, sorry, tolerance
Depression Depressed, depression, depress [58] [64]
Depression Anxiety, withdrawal, severe, delusions, adhd, weight, insomnia, [17] [65]
(Symptom) drowsiness, suicidal, appetite, dizziness, nausea, episodes,
attacks, sleep, seizures, addictive, weaned, swings, dysfunction,
blurred, irritability, headache, fatigue, imbalance, nervousness,
psychosis, drowsy, disrupted sleep, hypersomnia, restless,
lethargy
Topic (Death) Bury, coffin, kill, suicide, suicidal, torture, escape, ending it, die, [58] [59] [64] [65]
kill myself
Topic (Health / Clinic, flu, pill, pain, disorder, psychosis, illness, medication, [17] [56] [58] [59] [64]
Treatment) side-effects, doctor, doses, effective, prescribed, therapy, [65]
inhibitor, stimulant, antidepressant, patients, prescriptions,
psychotherapy, diagnosis, clinical, pills, chemical, counteract,
toxicity, painful, hospitalization, sedative, drugs
Topic People, mother, abandoned, home, woman, she, him, girl, men, [17][59] [64]
(Relationship) friends, sexual, boy, someone, house, her, relationship, young,
father, dating, care, love, social, like
Topic (Life) Life, movie, game, songs, party, season, favourite, play [17][64]
Topic (Religion) Religion, bible, Jesus, heaven, church, lord, hell, music, god [17][59] [64]
Absolutism Really, always, totally, entire [67]
Point of View I, I am, I have, I was, myself, mine [56] [58]

6. CONCLUSION

Based on literature reviews, depression has
been presented as a mental illness that is worthy of
our attention as more and more individuals have
been diagnosed with it. Depression is an illness that
could happen to almost anyone at any stage of their
life. The illness is often hard to detect. It could be
that there are individuals around us who suffers
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from depression without us realising it. Depression
has been proven to cause numerous detriments to
not only the individual suffering but also to the
society as a whole. However, this can be avoided if
depression is detected early.

Nowadays, almost everyone is actively
participating in social medias. The sharing of
thoughts, feelings and emotions on social media is
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seen as a platform that can be tapped in possibly
detecting depression at its early stage. This review
paper presented what have been performed in this
area and where improvements can be made. The
review first gives the definition of depression based
on several depression theories. It then looks at how
the advancement of NLP with the existence of
emotion bearing lexicons and ontology can aid in
the early detection of depression on social media. In
understanding how depression is being medically
diagnosed, this paper has also reviewed several
commonly used depression screening tools such as
HADS and HDRS.

In social media, texts have been used as
one of the mechanisms for individuals to share and
express themselves. Therefore, the paper has also
reviewed several works that looks at how certain
writing styles and word usage can signal that an
individual has depressive tendencies. In one of the
works, it is noted that individuals with depression
frequently write using first person singular
pronouns compared to individuals without
depression. It is also observed that individuals with
depressive tendencies frequently use words
associated to negative feelings and emotions as well
as often discussed topics related to life, death,
relationship and religion. The words mentioned is
these literatures are then collected and categorised
into six category which are emotion, feeling,
depression, topic, absolutism and point of view.
Although there are a lot of researches being
performed in analysing the writing styles and word
usage of depressed individuals, few have used these
data to automatically detect depression in social
media. Despite the fact that there are some research
working on this [56], [57], the result that they got
was contradicting and the reasons for this are not
yet known. Analysis on the writing style and word
usage of depressed individuals garnered a list of
common words. However, at this stage, these words
does not guarantee an accurate detection of
depressed tweets. Therefore, more research are
needed in this area.

The usage of emotion bearing lexicons and
ontology has been found as very helpful in
automatically detecting emotions in text. Moreover,
the development of the EMOTIVE ontology [39]
which incorporates not only the emotions but also
intensifiers, negators and similar terms has proven
to give better results in terms of the precision, recall
and F-score compared to other techniques.
However, the same method have not been
developed and tested for the depression domain.

Therefore, based on the reviews, it is recommended
that more research are being put in developing
lexicons and ontology that are specific to
depression. The lexicons and ontology can be
modelled to include emotions, feeling, intensifiers
and words that relates to depression. The
development of such lexicon and ontology would
aid in further research on detecting depression
based on social media texts and would allow for the
development  of  state-of-the-art  depression
detection model and algorithm. More and more
suicide cases caused by depression have been
reported in the news. Development of such
mechanism for early detection of depression would
allow for prevention measures to be taken and
therefore hopefully reduces the number of suicide
cases.
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