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Abstract

Depression is a serious mental illness that affects an individual’s professional and personal life.
With the development of internet usage people have started to share their experiences and
challenges with mental disorder through online platforms. Social media platforms come close to
being a true digitization of the human social experience. In many cases people would prefer to
express themselves online rather than offline especially in completed suicide attempts around the
world. This thesis objectives are to extract despondency indicative social media posts, cx

these posts and then apply an integration of machine learning techniques to generat n
identifying depressive comments in social media. This will be examined using f ms;
Support Vector Machine, Logistic Regression, K-Nearest Neighbor, Naves Linear
Regression. The Analytical hierarchical Performance was used to determine th gorithm to
detect depression in terms of performance metrics. This process identifies u o are at risk

of depression to initiate quick intervention. The result of this thesis sho
machine has the highest performance metrics. This signifies that t
the best algorithm to apply for the extraction of Despondency sym in social media, this
will also determine the best machine learning Algorithm t as the best performance and
accuracy in detecting despondency symptoms on social me t\s fecommended based on the
conclusions of this thesis that the support vector machin ithin be used in institutions social
media platforms to adequately monitor despondency ing als

at the support Vector
port ector Machine is

Support Vector Machine, Logisti ssion
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Chapter One

Introduction
1.1 Background to the Study

It is evident in the world today the subtle and extreme effects of the various forms o%t
explorations, Several researchers have also concluded through studies that these e@? s tend

to increase expressiveness in personalities through social media platfo 1ves us an

interesting depth of knowledge into the behavior of persons when the h&s'@g these platforms
or otherwise .The process has given researchers the ability to st %S of different forms of
personality dimensions through the data gathered. The data‘in€ludes responses and interactions
on social media and bringing it into perspective .Th \een an immense increase in social
media engagements since the availability of %a mternet providers in Africa ,making it
affordable and easy to connect to the w rh%nmunity, thereby giving everyone a voice to
express themselves!. According to ere were 33.00 million social media users in Nigeria

as at January 2021. The numbé/(s}

between 2020 and 2021 umber of social media users in Nigeria was equivalent to 15.8% of

the total populatio ry 20212 Subsequent to this data it is possible to infer depression

from social @L& orms.

The@ €°33.00 million social media users in Nigeria as at January 2021. The
0

media users in Nigeria increased by 6.3 million users

f social media users in Nigeria increased by 6.0 million (+22%) between
2020 and 2021. The number of social media users in Nigeria was equivalent
to 15.8% of the total population in January 2021. Owing to this data it has become

possible to infer depression from social media platforms.



Despondency is a common mental disorder affecting more than 264 milloin people worldwide?.
This is characterized by persistent sadness and lack of interest and pleasure in previously enjoyed
activities or events. World Health Organization approved that despondency is arguably one of
the most detrimental diseases in the world, made so because sufferers of despondency are not

adequately evaluated and proper intervention in course of treatment executed. %\

It has been widely concluded that despondency can permeate through the di yers of a
person’s existence, truncating the way they live their daily lives, act1V1t1 and‘their relationship
with people and the community as a whole® .Accordingly, w1th1(? mated period of time,

one sixth of the general populace encounter despondency i % me. Research also proves

the young people are more susceptible to despondenc% nto consideration their immense

involvement in social media and way of life. *

Studies depict that one in three women expx'lce despondency in their lives, either as an
experience of sadness after havin a% or experiences from a tragic event that can cause
despondency symptoms’, Th schedule and distraction available to students makes
despondency more pre mong them which is a source of concern to world bodies on
health?, partlcularl world countries, the pressure is prevalent among students in higher
learning insti everal literatures have described the inherent complexity pertaining to
identify ssion in social media platforms in which numerous researchers have highlighted

es that can be employed using machine learning techniques!®.

Learning is basically converting experience into knowledge or expertise. Immense volume of

user data is generated on social media platforms, which can be used to extract valuable



tendencies and propensities. In this thesis we will be wusing machine learning
algorithms ,particularly Analytic Hierarchical Process comprising of several machine learning
algorithms, to identify keywords, hash tags that can indicate the early prognosis of depression.

Machine learning is an aspect of Artificial intelligence that imitates the function of the human

brain by processing data and creating patterns that will be used in decision r@and

predictions!!. \%

Support vector machines are a powerful kernel method used for classi and regression
tasks. When trained optimally, it produces excellent separating d@' Is. }he quality of this
training as with other machine learning algorithms such€a istic Regression,.Decision
Tree,Naive Bayes,Support Vector Machines and K-n r\ hbours depends not only on the
given training data but also on additional lea 'n@a eters. It is proposed an automated
approach be used in adjusting the learnin {éls{te rs to make the optimization process more

gsd will show this approach can help produce

efficient. Evaluating a well-know@
quintessential processes that ar@ 1 tuned to their classification tasks. A large language

library is essential to thes p&f)ns as the system proposed to be developed should be able to

e
identify persons that eptible to despondency
1.2 Statemeés&he Problem

Des@ ffects the psychological state of mind of an individual, this is known to be greatly
d

oy

people, although this has also been a platform for patients to discuss their experiences and

by the constant use of the internet space, which influences the way of life of some

symptoms online. The world health organization suggested that lack of early diagnosis is a major



cause of despondency and research needs to be done to reach persons who are vulnerable to

despondency through their comments on social media.

This thesis intends to explore methods of machine learning techniques and algorithms to identify
generated markers in identifying depressive statements, words and comments in social tagdia.
Extensive research will be done wusing SVM(support Vector Machin@,(( 1stic

Regression ,naves Bayes, Decision tree and K-nearest Neighbor algoritl%@a yze and

process comments and post, create patterns and make predictions if %‘tem t is depressive,

\
indicative depressive and non-depressive. (\‘\
Due to the large volume of Data generated on socid&i}: classical machine learning
techniques and algorithms can help solve big dat ®\tion problems. Particularly, in the
. 1

multidomain applications in a big data enviro t ogistic regression model compares the
odds of a prospective comment in those '@\)Re epressed and those that are not. The logistic
regression function can also be use t@ulate the probability that an individual belongs to one

of the groups or the other. Na%a s algorithm is a probabilistic classifier that can achieve
e

high accuracy levels. Q\

1.3J ustiﬁcati&( t&dy

Depressio oms are not easily diagnosed as people tend to hide their depressive symptoms
and %nc es physically. Therefore social media has become an outlet for people to discuss and
express their feelings, which gives an insight into their mental state. This contains data that can
be analyzed and extracted using machine learning algorithms to depict individuals at risk of
depression. This thesis exemplifies the innovation and contibution of artificial intelligence to the

health sector by early detection of despondency and intervention in individuals.



1.4 Aim and Objectives

The aim of this project is to use machine learning algorithms and data analysis approach to

extract depression comments from social media posts for identifying at-risk users.
The following are the specific objectives to be achieved in this project.

N\

1) To extract and categorize depressive comments from social media Q\ Natural

Language Processing (NLP) tools such as Ncapture and LIWC 2016

i1) To analyze the depressive comments using Logistic Regte\h{ aive Bayes Decision

tree, Support Vector machine and K-nearest Nelghbour e categorization.

iii) To evaluate the performance of selecteﬁ learmng algorithms for accurate
identification of at-risk user based on th@{
Hierarchical Process (AHP) Q

1.5 Research Question D

This thesis is to select est metrics and Analytical hierarchical process to determine the

sing the selected metrics and Analysis

optimal classiﬁer detection of at risk despondency persons using machine learning
algorithms ba e performance metrics which was raised as a further work by Raza ul
Mustap the international conference of information technology and new generation in

n the Research of “A Comparative Analysis of Machine Learning Algorithms For

A Despondency Symptoms Using Analytic Hierarchical Performance (AHP)”

1.6 Significance of the Study



Despondency creates a psychological imbalance in the mind of a person, who is an essential part
of any community, and the effects are long lasting and can affect a person’s ability to function
and live a rewarding life. Depression symptoms are not easily diagnosed as people tend to hide
their depressive tendencies and symptoms. Social media has become an outlet for people to
discuss and express their feeling which gives an insight into their state of min ow
depressed individuals are .It contains vast amounts of data to analyze and \% ression

symptoms in people at an early stage. This thesis exemplifies the innovatior% ntribution of

artificial intelligence through machine learning, to help early da@\a}}d intervention in

depressed individuals. (éé—)

N
1.7 Scope of the Study \@
S

This thesis can be implemented in proEfr identification and intervention in at risk users of social

media. It can also give proper pe p%

youths and adults, and to&v e Migh risk factors and signs of depression. This thesis can be

the issue of mental health and the prevalence among

e
implemented in vario itutions to apply adequate intervention in those that are depressed.

1.8 Limitatio&f\tgs.ﬂudy
This the%; Le limited by the data set that will be used for the analysis and the keywords

mxtract depression symptoms as this may not adequately cover all symptoms of

depression.it may also be limited by ethical processes to retrieve comments from social media.

1.9 Operational Definition of Terms



e Supervised Learning- This is a process that uses structured input and output data. These
data sets are trained to supervise algorithms into classifications and to predict the
outcomes accurately .this can be divided into

e (lassification — This process uses an algorithm to assign data to specific categories such

as separating blue T- shirts from Pink. Examples of these algorithms includez
classifiers and support Vector Machines. \%

e Regression — This is a learning method that uses an algorithm to decip e relationship
between dependent and independent variables. This process i ﬁ\e ial in predicting
numerical values on different data structures examples %(a regression and logistic
regression and polynomial regression. \§</

e Unsupervised Learning — This is a method t tﬁs an algorithm to label, analyze and
cluster related data sets in which the @ will discover patterns in the data sets
without any intervention from ahu

e Clustering — This is a dat chnique used to group unlabeled data based on some

differences and sir@i 1s ia helpful in image compressions and market
e

segmentation Q

e Decisio T@
de 'd outcomes. It displays an algorithm that only contains conditional control
N

Q ents, this is usually used indecision analysis and operations research to identify the
Q strategy best applied to reach a goal.

e Deep Learning — Deep learning is a modeling approach which is made up of many

his is a support tool that uses a tree like model to depict possible

processing layers to understand the representation of data after levels of abstraction



e AHP — Analytical hierarchical Process is a framework of quantifying a criteria and
alternatives elements that can achieve the overall goal of the process initiated.
e Machine Learning Algorithms — these are mathematical model mapping and computation

methods used to uncover underlying information embedded in vast amount of data by

predicting output values. ®2
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Chapter Two

Literature Review :\V\
2.1 Conceptual Review @V

This Chapter will focus on the background study of most relevant re ?&wrks related to this
topic. Relevant works on identifying signs of depression fro %edia and tools used in
prediction of depressed symptoms will be discussed. T@H provide insight on the
research done in depression detection in line with th approach using relevant research
on identifying signs of depression from soci edid” and the use of a language processing
system and algorithm techniques to bring Q\} pth meanings from depressive comments that
depict despondency symptoms

Despondency has been acclainﬁ% one of the biggest causes of people committing suicides,
recorded to be 850,000 every year!. . Regrettably, the majority of the instances involve
teenagers aged 16 0%]’161’6 is a problem among those experiencing from any mental disease
in that they &\aware of who to consult or what form of treatment they need. The diagnostic

8)

criteria %

f Mental Disorders 5th edition (DSM-5): "If a person has several clinical signs for a

despondency disorder (MPD) are stated in the Diagnostic and Statistical

contiguous period of two weeks and there is a marked difference from previous highly functional
levels, then the person is suffering from a depressive disorder?
"Despondency influences a persons, thoughts,feelings and actions, and it can make it difficult to

function and go about one's everyday activities." Despondency can be caused by a variety of



factors, some of which are unknown. The following are some of the more common forms of

despair.

2.1.1 Major Depressive Disorder (MDD)

Major depressive disorder(MDD) is a mood disorder characterized by a number of f&
1. An extended period of depression @/
2. Inability to pay attention $\
3 Finding little enjoyment or enthusiasm in routine tasks and occurr@ \
4 Having little desire to perform routine duties. %(_)
N\

5 Feelings of apprehension and restlessness

6 extreme situations of sleep deprivation @

7 Tiredness and restlessness 8 Depression an& sire to terminate one's life?

N\
S

2.1.2 Persistent Depressive Dizrg,
Dysthymia, or persistent &prj&ii} disorder, is a kind of chronic depression that manifests

symptoms for longer : ds“of time. There are three levels of severity: mild, moderate, and

severe. A pers;)ngr;%)

only lasts a nths. Although the symptoms aren't as severe as those of major depressive

y brief periods of remission from depressive symptoms, but this relief

disord:r, eydo tend to linger longer. Symptoms of PDD include:

D

2. Irritability and rage

enjoyment and interest

3. sadness

4. Lack of self-confidence



5. Insomnia
6. Fatigue and a lack of energy

7. Concentration issues*

2.1.3 Bipolar Disorder %\E

Mania is a symptom of bipolar disorder, which is characterized by momgn usually
heightened mood. These phases can be moderate (hypomania) or severe (h nia), causing

significant impairment in a human being's life and requiring hog@iz ion. They can also

impact a person's perception of reality. The majority of pe@ bipolar disorder are also

depressed. Despondent persons often suffer a Variet}@

addition to a sad mood and decreased interest in activity

and emotional symptoms, in

1) Fatigue, sleeplessness, and drowsiness \

2) Spasms, discomfort, and conduct disord@aren't described

3) Despair of hope and self—estee{(?%

4) Anxiety and irritation

5) Inability to make dff \&na disorganization®

2.1.4 Post- 4% atic Stress Disorder (PTSD)

This _is a hological disorder brought on by a terrible and life-changing event, either by
xperience or participation. Flashbacks, nightmares, and anticipatory mania, as well as

panic disorder about the event, are all possible symptoms. Most persons who experience

traumatic situations may have trouble adjusting and coping for a period of time, which can

interfere with daily functioning. People with PTSD have powerful, unsettling thoughts and



sensations about the traumatic experience that continue long after it has occurred. They may
have flashbacks or hallucinations about the occurrence, experience despair, dread, or fury, and
feel disconnected or estranged from others. Persons with PTSD may reject situations or people

who remind them of the terrible ordeal, and they may have intense unpleasant reactions to

seemingly innocuous things like loud noises or unintentional touches®. Q&\V\
2.1.5 Detecting Depression \'\\ \

Notable academics used crowdsourcing to find Twitter us@ had been diagnosed with
depression using traditional psychometric tests’. Other@

for predicting mental health status on social media %

addition, numerous strategies
. Other authors managed to identify
vulnerable individuals to have depression b &Qe start of their major depressive disorder®,
with an accuracy of 85 percent prediction rate using an anxious prediction model published at the
conference of advanced Engineegin ce’. Contributors to the mentioned accuracy include
reduced social activity, increased, négative affect, clustered social network of the individual, and
raised interpersonal @Mzﬁt among individuals who have depression. Psychological
assessment can al@s

participatio ical undertones have both been identified as substantial indicators of serious

ed to detect anxiety, according to more recent research. Religious

depr@ termining the severity of depression might be an important element to consider

“%)

their severity of depression. Other researchers developed a regression model based on Facebook

lementing therapies so that the appropriate authorities can prioritize people based on

status updates to predict depression levels, with moderate accuracy surpassing the baseline. The

algorithm was able to detect seasonal and temporal variations in depression rates. This concept



has contributed significantly to the usage of continuous data Other than depression itself, values
rather than discrete values are used to determine the level of depression. Despite the fact that
some researchers developed similar measurements to identify the social media depression index
(SMDI)!°, they used a classification model to predict who would be depressed, it was approved
to use nonclinical Facebook users who agreed to answer 100 personality question@a\re

!

access to their status updates. For one year, W.i.r.e.d science used 223 voluynte cebook
posts to extract attributes from messages using Al algorithms, sentimen sis utilizing
sentiment lexicons, and the quantity of words. When compared to th€%easelin® results generated
by using simply sentiment features!!, the model produced bett comes The authors concluded
that depression can be successfully identified through t \%0 anguage in social media, and
clear patterns of change in the degree of despon: n%can be identified over the seasons

where depressive linguistic style is more prginiftent in one time over the other, based on the

findings and aligning with the literatureQBspondency and its correlation with change of

s€asons. @
2.1.6 Social Media \<§/

These are interactive t Qﬂo ics that enable virtual communities and networks to create, share,
and disseminate infor n, concepts, professional experiences, and other forms of expression!?.
While the v@z iety social media services currently accessible poses issues to the context of
soci@ a,here are several common aspects that apply to all: Users typically use web-based

R

services that provide social media features to their mobile devices (e.g., smartphones and tablets

on their desktops and laptops to access social media services, or they download

Individuals, communities, and organizations can share, discuss, participate in, and alter user-

generated or self-curated content posted online when users interact with various electronic



services. Furthermore, social media is used to chronicle memories, learn and discover new things,
advertise, and create friendships, as well as the development of new ideas through the creation of
blogs, podcasts, films, and gaming sites . Facebook TikTok, WeChat, Instagram, Twitter, and
LinkedIn are some of the most popular social networking platforms, with over 100 million
registered members. YouTube, Quora, Telegram, WhatsApp, Snapchat, Pinterest oft

Teams, Google Meet, and others are examples of prominent platforms thqt\% monly

referred to as socialmediaservices. Social media use has a wide spectrum c% cial and bad

consequences, according to observers. For firms, startups, non-prefihorganizations, advocacy

organizations, political parties, and governments, social med@ t an individual's sense of

connectedness with real or virtual communities and caN\%l effective communication and
marketing tool. @

Social media, according to the Pew Research %\ began as a way to connect with friends and
family, but it was quickly adopted by businesses looking to reach out to customers through a
popular new communication tool to interact and exchange information with everyone

on the planet or with a large numbeé6f people at once is the power of social media. Media users

are typically younger.@e the ages of 13 and 50, about 90% of people utilize at least one

sort of technolo y<. Ob

communica ganize during periods of political unrest. People can exchange their thoughts,

ers have also seen a rise in social movements' use of social media to

opinigns, acts through social media by forming virtual communities and networks. By its

re, social media is a network, allowing users to exchange and receive content
electronically. The content includes personal data, documents, movies, and images. Users can
interact with social media through web-based software or applications on a computer, tablet, or

smartphone social media'?



Furthermore, these consumers are more educated and at ease. Because the usage of social media
has made everyone a potential author, everyone may now express their ideas and beliefs, and the
language is now closer to the user than to any predefined conventions. Blogs, tweets, and status
updates are all written in the same way . in a casual, conversational tone—often more of a torrent
of consciousness than what one might anticipate from traditional print medi \ 1s
painstakingly worked out and meticulously edited. The informal nature of sqcfal ta poses

\face, simple

significant obstacles to autonomous language processing at all levels. On%,!

NLP systems designed for traditional data encounter a number o ’&%1 S Punctuation and

capitalization that is inconsistent (or absent) can make detecti entgnce boundaries difficult -
even for human readers. Social media is also significa iS¥€r than traditional print media.
Ads and other unwanted, irrelevant, or distracting i otnd on social networks. Even if these

types of noise are ignored, most of the t A\thentic content on social media might be
considered either relevant or irrelevant. Tﬁ'{}illustrated in a study of the perceived worth of
tweets by users. They gathered a 00 ratings from followers, with only 36% of tweets
regarded as "worth reading" a % rated as "not worth reading." The so-called presence
maintenance tweets we %\e‘ast valued. In any language-processing effort targeting social
media, applyin p@s
or models tore capable of coping with noise. NLP techniques are particularly concerned
abm@‘ tures of social media text. The characteristics of a specific medium and how it is

D

tweets on Twitter, for example, are very context-poor when in comparison to more traditional

sing as a procedure to filter away spam and other irrelevant content,

ave a significant impact on what defines an effective summarizing strategy. Individual

texts or platforms like Facebook because of the 140-character restriction. However, due to the

practice of retweeting posts, duplication might become an issue across several tweets.



Social media can take many forms. Photo sharing, blogging, social gaming, social networks,
video sharing, business networks, virtual worlds, reviews, and many other activities are examples
of these activities. Governments and politicians use social media to communicate with their
people and voters. Individuals utilize social media to communicate with friends and family

members. Various social media platforms will be used by some people. professi(:.@%es,

connect others around the world with similar interests, and share their thoui iences,
insights, and emotions Participants in these activities are members of a Vi%ocial network.
Social networking is a must-have tool for businesses. Companies @he\platform to locate
and communicate with customers, increase sales through 1sidg and promotion, assess
consumer trends, and provide customer service and suppost:

Despite having similar audiences to Twitter and Ins@acebook is the world's most popular
social networking platform. The following \A(most popular social media websites as of
January 2021: Facebook is one of the most'poputar social media platforms (2.74 billion users)

YouTube is an excellent source E@ation (2.29 billion users), WhatsApp is a messaging

icate (2 billion users),Messenger for Facebook (1.3 billion

aging application that allows you to communicate with others (1.21

service that allows people {j
users),Instagram is cial “media platform where people may share (1.22 billion
S

users), Whatsap
billion user &R)k is a social media platform that allows people to share their experiences
ers)!4,

e engage with one another online has altered due to social media. It has enabled us to

learn about what's going on in the world in real time, to interact with one another and keep in
contact with long-distance relationships, and to have access to an infinite quantity of information

at our fingertips. Many people have found common interests with others online thanks to social



media, making the world seem more relatable. According to a Pew Research Center survey,
using social media is linked to having more friends and a more diverse personal network,

particularly in emerging nations. Friendships can start digitally for many youngsters, with two -

2.1.7 Machine Learning @/

Machine Learning (ML) is an artificial intelligence subfield. Arthur Samue mmarizes it

as "the branch of study that allows computers to learn without bein@&'t\y programmed."!>

This suggests that computers could well be trained to lea observing others. Machine

thirds of them meeting a friend online

Learning aims to make decisions based on unknown fact eing explicitly told how to do
so supervised learning, unsupervised learning, and e%ervised learning are the three kinds
of machine learning tasks. Supervised machi &ing is a sort of machine learning in which a
model is "trained" on a set of labeled "trainingvinstances" before being applied to new data to
make predictions. Classification pr are another term for supervised learning problems.

When a model is developed, on tglabéled data by detecting patterns and relationships in the data,

it is known as unsupeg@cﬁine learning.

Clustering @des are another term for unsupervised learning problems. Semi-supervised
machine ing is a type of machine learning that uses labeled examples to train the model and

unlabeled data to refine the class boundaries. Credit card fraud detection, character
recognition, speech understanding, face characterisation, product suggestion, the health sector,
consumer segmentation, form identification, and sign language interpretation are just a few

examples of real-world Machine Learning applications.



Machine Learning operates by looking for patterns in data (associated or not with given classes).
Data is first turned into a representation (a set of features) that a computer can understand in all
of the following applications. In order to use Machine Learning methods, text must be translated

o

Computer Vision works with images to turn them into a format that a comput%\a rstand.

into a quantitative (or discrete) representation in NLP (natural language processin

Data collection and preprocessing, feature engineering, model training, and $

N

esting are all

part of a typical machine learning application.

2.1.8 Engineering Features from Data Set \

. Feature engineering is a term used in Machine %%0 describe the process of applying
domain knowledge of data to produce featu \tA\machine learning algorithms may utilize to
detect patterns. A feature is a piece of data'‘that fan be used to make predictions. When creating a

Machine Learning task, attributes \@, and other phrases are utilized as features. A dataset

including dependent and &dei:%‘ variables is provided to a Machine Learning algorithm.
us

The dependent variable le a nominal value, which is the predicted outcome. When a
variable has a ﬁx@er of categories, it is called nominal. Independent variables, on the
other hand,@) numerical in nature such as an integer ,real or nominal . A few Machine
Learping ithms, such as WEKA's "Nave Bayes Multinomial Text" classifier, may accept
of type "string." In the context of text data, features might be included in the dataset or

extracted from it.type

2.1.9 Preference of Classifiers



There are several different Machine Learning algorithms in use today. Support Vector Machine
(SVM), Naive Bayes (NB), Random Forest (or other tree-based algorithms), Decision trees, and
ensemble approaches are some of the most extensively used algorithms in Natural Language
Processing jobs. There is no idea of a universal algorithm as at the time of this research.
Researchers typically experiment with various algorithms and optimize them to r \ the
topic of interest. Finding suitable features is an important part of any Machine Léa rocess.
The algorithms that classify these features then look for patterns. These pro@re frequently
derived from text in NLP tasks, Examples of Bags of Words featur thes® that rely on word
frequency or arrangement of such words. Other functions, su senfiment analysis, document

value, tone, and readability level, are more problem Spec;@ oal of generating features is to

extract information from text and convert it into a % t a machine learning algorithm can

understand. l\&

2.1.10 The Processing of Natural La
The study of human language jn %ﬂ with a computer is known as natural language

processing!®. It enables a comiputd?’to comprehend natural language. Artificial Intelligence
encompasses it. Bags ﬁb‘characteristics that rely on word frequency or arrangement are
examples of language essing strategies that allow computers to evaluate, fully comprehend
words. Oth ’<N

es are more problem-specific, such as sentiment analysis, document value,

tone,and bility level. The purpose of generating features is to extract information from text

ert it into a format that can be understood by a machine learning algorithm. Human
languages to derive meaning In this field, significant progress has been accomplished, currently,

developers may use NLP to organize and structure knowledge in order to execute tasks like



summarization, translation, entity recognition, relationship extraction, sentiment analysis, and
segmentation of a process with a fair level of accuracy.

Understanding human language is challenging because it involves more than simply a knowledge
of words!”. It necessitates an awareness of how words are connected to form meaning. A literal

or word-for-word translation isn't always accurate. Many words have many meez@i?h

makes understanding language even more difficult.
NLP applications are now frequently employed, even among those who @/are of their
existence. Machine translation, spam filters, and autocomplete suggéstionS\ate among the most

often utilized applications (on phones and search engine%@ Jsummarization apps and

sentiment analysis apps (which allow us to learn how about a product, service, or

person) are examples of alternative applications. classification techniques are used to
categorize SMS/emails as spam or not, and bﬂg{re divided into genres, to name a few of the
many NLP uses. Other NLP presentations mcluge:
* Sentiment Analysis: This proc ils extracting sentiment from text, such as positive,
negative, neutrality, or even sentimenfs like happiness, sadness, anger, disgust, and fear.
* Text Summarization® k&mprises summarizing a single article or a collection of articles
based on a commo@) g
* Textual ilthent: Using directional relationships between text fragments to link numerous
wordphr ords with the same meaning.

ion: Extracting structured information from unstructured data, such as recognizing

entities and their relationships, and decoding co-references.



* Topic Segmentation: Separating subjects from text because they may overlap.s Question
Answering: Answering closed (specific) and open (subjective) questions. These are the basis for
virtual assistants, like iPhone’s Siri.

* Speech-Parts Tagging: Classifying words based on their parts of speech, such as nouns, verbs,

adjectives, and so on. ®E
* Translation is the process of translating one language into another. %\
The goal of developing NLP approaches is to extract valuable info ion Mo huge amounts of

data available online and offline without the need for hu@i)ipation. Interventions by

humans are costly and time-consuming. Artificial intelli ms can execute jobs far faster
than humans, but they have yet to achieve the sa@f precision. In NLP, there are two
processes. 4\&

1. System Based on Rule Engineerin;; T@pplications are guided by a set of rules. Building

a machine translation system, for requires a technically comprehensive set of rules that
define allowed words, their ar\ts&eech, and sequences of parts of speech. Furthermore, these
restrictions are based &el—ﬁeﬁned vocabulary, and any new words may not be included in
that lexicon, whichiwo e difficult to do with the ever-changing language of social media.

2. Statistic@ cess in Natural Language; This comprises quantitative and probabilistic

technique ealing with language, such as implicitly modeling language by counting words or

equences of words, or employing massive collections of aligned parallel text to achieve
machine translation rather than requiring explicit rules. We apply statistical NLP approaches in

this study, specifically NLP methods based on machine learning algorithms. By evaluating a set



of instances and drawing statistical conclusions, NLP can use machine learning techniques to

learn these principles.

2.1.11 Natural Language Interpretation in Social Media
Social media, which includes discussion forums, blogs, Twitter (microblogging), Fa \Qiand
Instagram (photosharing), has recently grown in popularity. These platf\ le the

production of large amounts of text in an informal setting. Abbreviations, acm%&, punctuation,
and emoticons are just a few of the message trends that have emerg@q&al media. Existing

' ial media has its own

words have acquired new meanings, such as "tagged" and ‘{é‘% Soc
icat

s that are deemed rule-based

lexicon. In order to extract relevant information, NLP
systems would need to incorporate new rules tostakeNintd consideration the new terms and
abbreviations being developed every day, *Learning programs are better at adapting to
changing languages. To interpret text, NLR angtyzes language patterns. Tracking the sentiment
in the tone of a written message,(t sFacebook update, etc.) and tagging that text as good,
negative, or neutral is one of st appealing ways NLP provides significant intelligence.
Predicting user opini ®Eommon activity, such as using social media to forecast the
outcome of electo@

Data from f (a social media platform) is also used in this thesis.

aigns or creating user profiles to anticipate their likes and dislikes.

port Vector Machines
A classification algorithm is Support Vector Machines (SVM). Support Vector Machine is a
traditional machine learning technique that can still aid in the classification of large amounts of

data'®. SVM's training technique produces a model that determines an ideal hyperplane



separating examples from the two classes using a dataset training examples for a binary class
problem. Based on which side of the higher dimensional space the sample falls on, SVM
provides a prediction. SVM stands for supervised machine learning. An SVM training method
produces a model that predicts the category of a new example given a set of training examples,
each labelled as belonging to one of the many categories. SVM is better at generalizi ms,
which is the purpose of statistical learning. This theory lays out a framework fo%%’ ting the

problem of gaining knowledge, generating predictions, and making judgme& d on a set of

data. ’\ \

The support vector machine is mostly used for pattern classi@ich implies it is used to

categorize various types of patterns. There are two type ttefns now: linear and non-linear.

Non-linear patterns are patterns that are not clearly dl%le or cannot be quickly separated in

low dimensions, and so must be further alter: &\easily separated.

Basically, the main idea behind SVM is @stmction of an optimal hyper plane, which can

be used for classification For li arable patterns. The optimal hyper plane is a hyper

plane selected from the set of Ikgﬂanes for classifying patterns that maximizes the margin of

the hyper plane that is, &issn‘ce from the hyper plane to the nearest point of each patterns
S

2.1.13 K-N@N eighbors (KNN).

This f a nQi=parametric method for classification and regression is K-nearest neighbors. It is one

D

implement!®. The underlying concept of this algorithm is to look for similarities in the

st widely used machine learning techniques because it is simple to understand and

neighborhood, assume a test data point that is comparable to them, and derive an output. With

this process, we search for k neighbors and make a forecast. In this classification, the majority of



the data is applied to the k closest data points, whereas in KNN regression, the mean of the k
closest data points is determined as the output, and odd numbers are chosen as k. KNN is a
model that only processes data while it is running.

No prior knowledge of this algorithm is required. During the test, the k closest neighbors will
participate in classification or regression. This is accomplished by employing a er
parameters, including the value of k and the distance function, but it necessi a% ignificant
computation if the sample size is big, and it should be broadly selected to d@% timal feature
scaling. In the the algorithm, the K value defines how many nei rs\will participate. The

validation error will be used to adjust the value of k. The di \%‘ ction is then determined

Manhattan and Hamming distances, which are diffete erhatives to the Distance function.

2.1.14 Decision Tree Q\,

A decision tree is a tree-based %for solving regression and classification issues. For

using Euclidean distance, which is the most commonly%\ iSimilarity functions, as well as

obtaining the result, an inverted\red s framed from a homogeneous probability dispersed from
the root node to extre &e‘terogeneous leaf nodes. For continuous dependent variables,
regression trees a\% d, whereas for discrete dependent variables, classification trees are
employed. e of the decision tree has a condition over a feature, which is derived from
the indep t variables. Based on the condition, the node chooses which node to examine next.

eaf node is reached, an output is predicted. The right sequence of conditions makes the
tree efficient and the Information gained is used as the criteria to select the conditions in nodes.

A recursive, greedy based algorithm is used to derive the tree structure®,



o For classification and regression trees, gini index is used as the classification metric. It is
a metric to calculate how well the data points are mixed together. . An output is expected
after the leaf node has been reached. The tree is efficient when the conditions are in the

appropriate order, and the information gathered is utilized as a criterion for selecting

conditions in nodes. The tree structure is computed using a recursive, @d
algorithm. \é</

e The Gini index is used as a classification metric for classification and ion trees. It's
a statistic for determining how well data points are com é\ dvery stage of the
decision tree creation, the attribute with the highest<$m' index is chosen as the next

criterion. The gini score is the highest when a set i\‘%

At each stage of the decision tree creation, the attri 1th the highest gini index is chosen as

y mixed.

the next criterion. The gini score will be maxi u%{hen a set is unequally mixed.

Entropy and information gain are utili tod determine the next attribute in the Iterative

algorithm (dichotomiser). @

This eliminates the need fo dh%%rocessing or assumptions about data distribution because

the decision tree can Q&N‘explain the prediction result. As a result, when training complex
S

data sets, the tree%)

continuous @S are employed. Max depth, sample leaf, sample split, and criterion are some

of th@%rameters employed.

2.1.15 Logistic Regression

become complex, resulting in the loss of useful information when

Logistic regression analysis is used to assess the relationship between many categorical or

continuous predictor variables and a binary outcome. A high-quality logistic regression model



possesses predictive power, interpretability, significance, and resilience to data mistakes.
Logistic regression calculates the linear output before applying a stashing function to the
regression output, similar to linear regression. A frequent logistic function is the sigmoid
function

Although a machine is incapable of comprehending text, it is capable of replicati \%}o
complete this duty, it needs have a basic understanding of natural language la nology,

morphology, syntax, semantics, and pragmatics, as well as ambiguity a@ logy, are all

aspects of language that NLP is concerned with. Working with text @ ost commonly done

using Bag of Words, part-of-speech tags, and syntactic depen%é%el}mns.
2.1.16 Word Counting Model @

The frequency of words is used as a fea *\training a classifier in this model, which

represents text (a phrase or a documentf a8\a biindle of its words, bypassing grammar and word

order but maintaining multiplicityzzy

2.1.17 Components of @N :
The technique of agsoctatihg each word in a sentence with the part of speech that it represents in

the phrase @wn as component of speech tagging. This is accomplished by rule-based
system@ er classification methods have been used to solve the challenge throughout time.
2.1.19 Relationships of Syntactic Dependency

Syntactic dependence descriptors display syntactic syllables. Component of speech tagging is the

process of matching each word in a sentence to the part of speech it represents in the phrase.



Although rule-based systems have been utilized to handle the problem in the past, categorization
methods have also been used. A phrase is constructed using binary token relationships. A verb's

dependents, for example, are related. These connections form a graph that looks like a tree.

2.1.19 Subject Modelling Q\

Subject modeling is a statistical modeling technique for determining the subj ec\% ear in a

group of documents. Given that a paper is about a specific topic, one would% ertain words

to occur more or less frequently. Topic modeling techniques ently\create groups of
comparable phrases as "themes." A topic model encapsulat@ uition in a mathematical

framework, allowing for the examination and finding o% s of documents based on the

statistics of the words in each document. Q
2.1.20 Naves Bayes Algorithm (\l

Naive Bayes is one of the data,c %tion algorithms. This algorithm is one of the most

accurate in data mining. I a;}ﬂ{e/ imple probabilistic classification by calculating a set of
N\

probabilities to retriev. Q

certain features ap%t) as members in a probability sequence is obtained by calculating the

u‘ency and combination of values in a data set. The probability of

frequency o@h eature value in its class from the training data set. The training data set is a

part Q\,f t a set used to train classification algorithms. The training process uses known

D

The Naive Bayes Classifier algorithm has been proven effective in many practical applications,

redict unknown values.

including text classification®3.



2.1.21 K-fold Validation Processes
K-fold cross-validation is an effective strategy used by data scientists. It involves partitioning
data to effectively use the available dataset to create a more generalized model. The main focus

of doing this form of machine learning is to build a more generalized model which can perform

well on projected data .A model can be built with a high level of accuracy but isn’t ﬂ@h
new data. It should adequately fit the training data. Machine Learning is all ab\@ ization

which means that model’s performance can fit to a criteria of data points @ e never been

used during the training process. This is why the data set is divide@ aming set and a test
set? <& )
2.1.22 Training and Validation Data Sets @

The training dataset is the set of data used to gfaii~a model and it also proves to be the largest set

of data. This is the set of data that the mo&\yﬂl uses to learn the behavior of the data set. The

model will then be trained contin{(&\ nderstand the behavior and patterns in it.

2.2 Review of Empiri Q&uﬁe‘s
Majority of the gr%l)b\k on identifying depression from social media attempts at making the

process of ing individuals instinctive. These works do not intend to replace psychologists
but t cmpt to provide a beneficial tool to ease a clinical burden clinical burden, these are

ased on statistical methods by collating relevant data by quantifying activity on social
media platforms, standard psychometric measures, positive or negative emotions, social
segregation and social media platforms specific statistics.This may be based on the number of

followers or friends on twitter, the network of users, and or user interests or mutual connections.



Noteworthy works that fall into this category are statistical models that were used to characterize
differences between mothers with Postpartum Depression (PD) and mothers without PD?.
Postpartum Depression is a mood disorder that can affect mothers after childbirth. Facebook data
was collected from 165 volunteers during prenatal and postnatal periods to predict likelihood of
PD. The ground veracity was formulated based on volunteer reports and H \ ec
Questionnaire in a standard psychometric measure. The authors based their * n their
predictions on belonging to four categories: %

(1) Individual characteristics; number of social media status updates@n age, entropy

of activity.

(i) Principal interests; number of likes on status updates a&ie&ﬁ on
Uploaded media, wall posts by friends etc. @

(ii1) Content characteristics; positive and & emotion affect measures by applying the
Linguistic Inquiry and Word Count tool a@uumber of posts which are

Questions. @

(iv) The use of articles, co 'uréh‘oé(verbs, adverbs and personal Pronouns etc.

However, the authors@ p‘ort the details of the most effective statistical mode used to give

the highest accura@)

entire pren@ iod plus one month from the postnatal period and the model successfully

erformance, needless to say that the model was based on data from the

explai s%of the variance in the data. The predictive variables were variables that quantified

»

(itefaction on social media from the user characteristics category and principal interest.

Self-harm leading to death is of national concern all around the world. This has also been
compounded by the lack of early detection in persons as well as the large volume of data to be

processed in time ,this makes this task complex®® .Research spanning over 40 years has



unearthed an analysis of previous suicide research that shows that stereotyped methods are not
adequate in detecting despondency. Worthy of mention is that these methods of prediction are
only slightly better than chance, although they show promise in the area of using natural
language processing to extract words that show risk to the individual in question?®

These limitations include demographic location as to where the individual lives as \k?lr
medical history and psychological predisposition, and this can be identified o%' media,
such as location applications and flagging of incorrect information and ac@social media

platforms. The datasets are usually substitute judgments of the res@bﬁ&alists and not the

actual demographic information available, these processes do {g%\/e ccurate demonstration of
suicide risks in social media; this also does not justify t%%

ons on these data according to

some researchers. It is believed that the research prQc sthg a text extraction method which is

based on pre-defined meaning of such words )@10 not reflect the true state of an individual’s

mind as comments depend on context. (\'
Language has become informal isé@e of emojis and abbreviation of words, these are not

ge and cannot be processed using traditional methods.

the usual lexicons of na&l@
Machine learning tec Qs ve the capacity to encapsulate the different language dimensions
S

in social media aQJ

logical health condition are compounded and variable in nature as
well?’. This @broader perspective to this health condition as existing research do not put

these'ﬁ e processes into consideration’® Adequate information based on research that

D

techniques have been used in other health research to predict either improvements in health

nguage process through machine learning algorithms can enhance predictions. The

conditions or depreciation based on data used. In review of over 250 health related studies®,it



can therefore be concluded that innovative tools can be used to predict and detect despondency
conditions?°.

Furthermore, these predictions are limited to only medical sources such as the data base of a
hospital as discerned in the research done at Berkshire health system hospitals which was based
on only counseling session, MRI ,and clinical results .This results did not depict \{ ral

behavior of an individual ,as recent studies have shown that data is more @ in daily

exchanges of an individual with the society?!. %
The internet offers an an opportunity to use vast amounts data gen@br\ugh user content,

this data reflects several communication trends that show {é%c@lcal imbalance in some
individuals, few studies also show symptoms of desp@

suicide. Some individuals showed consent in allovs% edrchers use their facebook comments

not accurately in the area of

to predict despondency as these information i & to their medical records. Facebook posts of
consenting individuals have also been us&t\gforecast despondency as recorded in electronic
medical records of several health

The access to the Facebook status€s posted by 683 patients visiting a metropolis academic
emergency departme @céﬂained,, 114 of whom had a diagnosis of depression in their
medical records, b Qng the language preceding their first documentation of a diagnosis of
depression, @xdentiﬁed that depressed patients with fair accuracy approximately matched

the _acc of the screening surveys which were benchmarked against medical

ccuracy of 0.69).a higher accuracy was documented a few weeks after an initial
diagnosis a set of data which aided the prediction ,Despondency symptoms can be reflected
emotionally or cognitive manner and prediction can be achieved using data of about 12weeks

which are significant in processing, access of depression assessment through social media of



consenting individuals is sufficiently a feasible scalable complement to existing screening and
monitoring procedures. Each year, approximately 17% of the world population experiences
depression, of whom only 31% receive minimally adequate treatment. Despondency may very
well become a cause for dysfunction in the society in a few years especially in thriving
communities, these rates are alarming and are caused by insufficient diagnosis an@‘e\nt
which strongly suggest that innovative processes should be utilized to increase pre&di rate’?

In other research to exemplify the diagnosis, Natural language in social m&%\ ts were used
by a department to build a model to predict the first documentation 6\1 Nosis of depression
in the electronic medical record (EMR). This has demonstrate %gﬁ)lcability of using Twitter
and Facebook post data activity to predict depression, p epression, suicidal tendencies
and post-traumatic stress disorder. The use of sogia data to identify mental disorders
(despondency) is the most important aspecu\ into when considering detection of mental
disorders through social web mining, th@es it possible to use social media content to
identify mental illness in a given po . A major contributor for this task is attributed to De
Choudhury who has investi at&%ﬂarge extent that social media could be used as a source of
information to unders &edeﬂ illness among individuals as well as within a population. It is
well documented %} ng the 69 percent of American adults who are online, 66 percent use
Facebook, @r by 20 percent who use LinkedIn, and 16 percent who use Twitter. This
creatg

a tqiqee flow of sensors to allow the identification of psychological and social behavioral

n data®3, giving a thorough representation of a society of social media users inside
multiple social media platforms. The researcher further said that the language used and the
emotions expressed in the postings could suggest depression. In other words, postings that

convey feelings of worthlessness, remorse, powerlessness, and self-hatred can be regarded



depression indications. Second and third person pronouns was also an indicator of depression
awareness. Absence from social activities and changes in social network links, in contrast to
linguistic traits, are also indicators of depression.

Multimedia content is also significant in the context of sharing more images, for example, could

be an indicator of someone who is inversely connected with depression. Aside from @m‘t

of images, the content of those photos, such as facial expressions, has bee\\is dasa

significant indicator**. A link between Instagram filters and depressed use% discovered?’,
which is similar to this research effort. One of the most commonly ‘@ r$ among depressed
participants was one that converts color photographs to black hit

Researchers have emphasized that it is advantageo s\\§

depressive disorder through social media posts and, tozdevetop tools that can be used by health

tify mental illness such as

care sector and the user to take proactive n@Q to obtain intervention treatments to avoid
deterioration®®. Needless to say it is im egt\i\ﬁ to raise awareness on the conscientiousness of
accessing social media content to aw\ dicators of mental health disorders with the intent to
alert health care authorities or rélevadt parties such as family members on adequate intervention
and treatment. Other @egearch has been done to distinguish suicide related risk factors
from Twitter conv SQ

S

Menta ﬂ%is a major cause of global disability®’. It has an impact on a person's cognitive and

s¢’ mode, mood, daily activities, and work ability. Medical resources are used in large
quantities around the world to deal with despondency. Anxiety, bipolar disorder, depression,
borderline personality disorder, obsessive-compulsive disorder (OCD), post-traumatic stress

disorder (PTSD), schizophrenia, and other disorders are among them. Depressed mood,



exhaustion, sorrow, sleep problems, lack of focus, no interest in activities, feelings of guilt,
diminished energy, reduced motivation to work, and suicidal tendencies are all indicators of
major depressive disorder (MDD)*.In a related analysis of despondency , Symptom diagnosis is
an important first step in the treatment of mental disease. Because depression recovery rate has a
high correlation with the depressive period®®, prompt identification and prevention the
preferred approach for Major depressive disorder. Despair is a complex ph that is
influenced by a variety of factors, some of which are not always rea%\ailable. This
knowledge is difficult to obtain directly and explicitly from the to A\a Yesult, much work
needs to be done to identify and diagnose depression in thzg? population using various

evaluation tools such as asking patients to fill out d uestionnaires.*’. Patients are

assessed for despondency using this method, and thei s are compared to a specified chart.

The Beck Depression Inventory (BDI)*, tw\&{fr for Epidemiological Studies Depression

(CES-D)*, the Patient Health Question@-item depression module (PHQ-9)*, and the

Hamilton Rating Scale for Deprzzi@SD)‘“ are some of the questionnaires used to assess

depression. \,
%ﬂi‘ons assessment tools are a good first step in identifying and

Although these serie Q
diagnosing despo@n

its early stages, their fundamental disadvantage is bias, as well as
people with@sion’s low interest in filling out questionnaires. This makes it difficult for care

providers\{0=gain a complete understanding of an individual with depression using only

afaire-based self-reported data, which is grossly inadequate.
However, there are no distinct ways for assessing MDD in medical science. Comprehensive
study has been performed to better understand how persons with despondency manage their

social connections, as well as how to recognize depressive symptoms early on.



Recently, social networking sites (SNSs) have been utilized to identify MDD as a social sensor.
SNSs offer a flexible platform for sharing information efficiently. Individuals can readily
communicate their thoughts and opinions on social media platforms, allowing academics to look
into a variety of psychological issues and human behaviors. Twitter and Facebook are two of
these sites Individual everyday life activities, user behavior, emotions, and feelin be
detected utilizing these platforms. Recent researches have looked at textual pgsts, s0eial media
usage, and interactions on SNSs to see if they may detect people who are ed. SNSs are
utilized as a social sensor to infer behaviors and illnesses in individ sitg Behavioral markers,

which are implicitly biased by an individual's decision on wh @o . Social networking sites
accurately and in real time record everyday actions an 2<ﬂaking them less vulnerable to
memory bias. Individuals' thinking, activities, com% affon, sociability, and emotion can all
be captured through social media. . User #firoffles and postings, for example, may reveal
sentiments of self-hatred, worthlessness, \guilfy and helplessness, all of which are common
indicators of serious depression, I@aﬂson to people who are not depressed, depressed
people utilize more negativ w}th/ s as well as the first pronouns in frequent comments. In
retrospect, the link be VQ&stal media communication and sadness is a bit vague. Predicting
depression signals%l) sed on language features of posts is a big accomplishment. However,
other factor@ s communication frequency, inflow and outflow, and textual comments on
soci edia~ean accurately predict mental illness To this purpose, it is critical to comprehend
social media in combating and dealing with depression.
It is also critical to comprehend the significance of interactions on SNSs, as well as how to

evaluate succinct information and features on social media, notably Facebook. To describe the

consequences of depressive episodes on an individual's behavior, advanced research is required,



which should comprise a comprehensive collection of features such as user information, statistics,
groups, status updates, activities, and the like. These attributes are used to extract relevant data
such as user temperament, depression references, polysubstance abuse references, support and

advice references, self-discourse, racial disparities, and radicalization for the purpose of

detecting radicalization of individuals having despondency. More so social media @h\ a
significant and profound impact on a person's well-being, these characteristics@& a good

and negative relationship with depression. %
D

The majority of studies have found a correlation between the t atrds and usage. For

example, frequency of status updates, whether favorable 0@)& le, has been linked to

despondency. Rumination can be exacerbated by negati e’b\% ral facebook posts or negative

interactions with others. Less depressed people, onith er'hand, were found to post optimistic
status updates frequently. Furthermore, rese ﬁ%)ws that persons suffering from depression
post more negative than good message8, in,vadditional studies demonstrate that for more

the behavior might be due to 1 ss in online activities. However, researchers have showed

depressed people, Facebook activiti more prevalent and crucial. These findings show that

that depressed people r ta use social media to exacerbate their feelings, get social support

and mitigate unce@n) . However, more research into social networking sites is required to

clarify thes@pancies:
N

sted a conceptual framework that uses Facebook users' data to assess MDD, and it

demographics, behaviors, and information provided by the SMPP application to

improve depression assessment methodology*®. For major depression identification analysis, the
approach includes both observable and unobserved variables. This reflects the values of the

observed variable, such as the number of status updates, likes, friend network size, and others.



Because various user attributes can determine expressed depressive symptoms, this information
could help anticipate depression. Because of the widespread use of social media to diagnose
depression, the study presented a framework for investigating SNS as a screening method for

despondency in individuals. To create a successful screening method, we must first determine

Facebook's predicted link with depressive traits. The SMPP tool uses Facebook featur@iect
of the

depression-related signals (depression, help-seeking behavior, and SUD). @y

relationship between Facebook attributes and CES-D consideration of the % crucial traits

that can effectively separate persons either with or without depressiq@ identified as a result

of the investigation. % >
\®

Research also reported that, while depression diagnosis utilizing social network data has taken a
firm grasp around the world, there are still some dimensions that have yet to thoroughly
explored”’. The goal of the study was to use machine learning approaches to conduct
despondency analysis on Facebook data acquired from an online public source in order to assess
the effect of depression detection. Needless to say, part of the above-mentioned research has
looked at emotional processes, temporal processes, and linguistic style in order to detect
depression .As a result, there are few distinct investigations in a research publication that have
utilized machine learning approach SVM, KNN, Decision Tree, and Ensemble separately®.
There were also well-known research that merged all of these strategies on the same set of data

to look into the differences in technique-based results.

RapidMiner was used to develop this Depression Prediction Model*. This model combines a
variety of procedures to evaluate both SVM and Nave Bayes classifiers. Two sets of data and
seven key operators make up the model. The first dataset would be the training dataset, which

contains depressed and non-depressed postings that were manually trained. The second dataset



contains patient SNS postings, which were altered for each participant to test the model's
prediction. The first operator chose characteristics and determinants that contributed to the
training dataset's performance; some were maintained, while others were deleted. The second
and third operators are the Nominal to Text operators, which change the type of chosen
categorical attributes to text and map all attribute values to matching string values. For both
training and validation datasets made use of this. The major goal of the study was to investigate
if there was a significant relationship between social media usage and mental illness. SNS

activity were thought to be able to detect mental illness in its early stages.

A psychiatrist cannot obtain complete information from a depressed patient using typical
questioning approaches, but the SNS-based system can address this obstacle by introducing a
self-reporting process. We acquire a closer observation and viewpoint of a depressed individual's
natural behavior and way of thinking based on the user's social activities, and better identify the
mental behavioral levels. The UGC from the patient's Twitter and/or Facebook posts was
collected using a web application, which was then examined using numerous text analysis APIs.
Following that, the patient was assigned to one of four levels of depression: minor, mild,
moderate, or severe. Using RapidMiner to evaluate classifiers, the SVM and the Nave Bayes
Classifier, a model for predicting depression was created. People with untreated depression or
people who are unaware of their mental illness for a variety of reasons can be taken over on a
machine learning architecture with the use of social media as a single platform that
contextualizes everything on a publicly exposed platform, thanks to the advent of new medical

advanced methods and technologies.

To buttress further, if an advertisement to buy a product shown on a Facebook ads, the meta tags

and other constraints will recommend the next advertisement to be similar from the previous one,



this is a recommender system, because a pattern from the user, gets observed and analyzed by
the machine learning algorithms working on a the background system, also for an online-
shopping website, if the user mostly browse in the account at late hours and buys more products
at night, then the advertisements will also learn a pattern of user time engagement to show more
of the new items similar to the previous purchased products, but only during the night time
because of various factors in addition to previously purchases. For example, vast numbers of
people are linked to the internet every second, resulting in endless discussions, data transfers,
and downloads®. This information is used in a variety of data analyses aimed at providing
relevant information for a variety of industries, including telecommunications, commerce,
medical, government intelligence, and other international and technical sectors.’! Additionally,
there are a variety of internet sites where people can upload, research, and explore new features
and methods that influence their behavior. Each of these platforms can be used to perform
various aspects of user analytics in a range of technological fields. Product category has as a
result, a technique can be built that uses a combination of data analytics to forecast various

insights among social media users. .

This technique uses a configuration that breaks down the structure of a user's posts, comments,
tweets, location, and trip traces, as well as other publicly available data, which can be found
largely on social media sites like Instagram, Snapchat, Facebook, and Twitter. Unfavorable
future events can be avoided, and positive consequences can be identified. For example, a data
collection by a user on social media with locations, sad emoticons, and depressive remarks, as
well as other connected information, can be evaluated by an educational institution to obtain
various statistics that can assist in providing appropriate support and intervention.. Similarly, a

pattern of user activity can be used to forecast various potential outcomes including positive,



negative, and neutral interest in any hot issue by constructing a sentiment analysis model. This
study focuses on the development of an architecture model and procedure for forecasting
depression, a serious health concern among social media users. Furthermore, the first step
necessitates the selection of an acceptable data source to target the amount of publicly available
real-time user data. However, due to its open source qualities and increased compatibility of
variables such as time, speed, and connectivity, Twitter shows to be the finest source for data

collecting among all social media platforms®..

2.3 Conceptual Framework of Processes

The social media posts are extracted using N-capture>?, this progresses to the preprocessing stage
which includes data cleaning and categorization using natural language processing and

psycholinguistic assessment which will be applied to the data set.

The performance phase will be done by applying the 10 fold cross validation and the hold out
method where the machine learning algorithms namely logistic Regression ,Naive bayes,
Decision tree, Support vector Machine, and K nearest neighbor will be trained to identify post
which indicate despondency®®. This performance will also be analyzed using the WEKA
3.8.5(Waikato Environment for Knowledge Analysis)®>> and will be run through five performance
metrics namely sensitivity ,specificity ,accuracy ,Precision and F-measure. This process will

depict the selection of the optimal Algorithm using the Analytical Hierarchy Process®.

2.5 Summary of Gaps in Literature Reviewed



The various processes used in extracting and processing social media posts have been researched
by different authors to show the correlation between an individual’s post on social media and
their mental health, However a few studies have examined the use of Natural language
processing in classifying text using support vector machines to detect depression using post in
Reddit social media platform.This process had an accuracy of 80%. Further researc \0ne
with the multinomial Naive Bayes theorem to detect depression on social me i@v e case
study of Twitter,this was used to categorize depression level and the degr%ﬁpression”.ln

recent research Despondency was detected using an ensemble cl &;ﬁﬁlg Quality of life

scales reflecting on an individual’s access to healthcare as a ¢ ier for Despondency. Initially
a model was created using Questionnaires given to socia, ers to ask questions relating to
their mental health®,this process was flawed bage he inaccuracy of information and

personal bias of the individual, it was therefw@'stic to extract data from social media where

the individual had a community to express%}hﬂeologies and challenges.

This thesis fulfills the future rec ions of a research done by of creating a multiclass

model and an optimal clas$ asure performance based on five metrics and using several
e . .

asdt to extract despondency symptoms on social media, and also to

algorithms on the sa Q

indicate the ina al isk of depression through their social media post®!.
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Chapter Three

Methodology

3.1 Research Approach



This chapter presents the details of the use of machine learning and data analysis approach to
extract depression comments from social media posts for identifying at-risk user. It explains the

various approaches, tools and algorithms that were used in achieving the stated objectives of this

R\

research.
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Figure 3.1: Framework for identifying the best machine learning algorithm for detecting

despondency social media posts early (Researcher Hally D,2022 ).

3.2 System Design
The concept of this methodology necessitates the use of Agile and waterfall projec }sg;es

The Agile process involves cyclic and collaborative process in which this projx%; ough a

series of cycles through the duration of the project. This is observed from th&% ork, that the

data set will be run through the five machine learning algorlth “the 10 fold cross
validation process, also the data set will also be applied on t 0r1 ms using the 80;20 hold
out process, each algorithm has a cycle. Subsequently ject will undergo the waterfall

process after each segment of the project has bee% ished, the waterfall process will then

proceed after each cycle has been completeQ&alidate the optimal classifier based on the

findings. Q
3.3 Data Collection \<§/

7,145 social media Qﬁee‘extracted using N capture from publicly available data from
Github. This som‘l Qa

containin i omments This Data Set was obtained from a Depression and Anxiety

post is from a bipolar, despondency and anxiety facebook page
Facebook by Islam, to help us overcome the challenge of social media posts in detecting if
ermed Depressive or not. This gives us the ability to discover information in a more

proﬁc1ent way and to avoid the road blocks of ethical approval of data.



3.4 Research Methods
The tools used for this thesis include
1) N capture — this is used to extract data and arrange it to the specification of the researcher.

This processing tool is a web extension that enabled the researcher to gather web czg\%c?n

also be used to capture pages from Facebook, Twitter and Youtube as Data sets,
ii)Meaning Extraction Helper — This is an application software for text anal}%\t the ability
to process text line by line This will be used the clean the data. &\ \

ii1) Psycholinguistic measurements that extract psycholinguis '%ﬁs in the data, 23 features

were applied on the data set. This was used as the Gro bel. From the 23 features the
data was categorised into Depressed, non- depressed ahd\indicative depression
iv) Performance evaluation will be applied o &tegorised data on the five machine learning

algorithms using the 10 fold cross validation angdhthe 80;20 hold out process.

v) The AHP will be calculated us@\ formance metrics to excerpt the optimal classifier

3.5 Data Analysis wi{l:@(i;es
3.5.1 Categorization of-Social Media Posts for Early Detection of Despondency
To achieve @r objective, previous literatures were reviewed on the extraction of depressive

comment social media post using Natural Language Processing and later categorize in

g the appropriate data for the early detection of despondency. This comments of the

user will be used in data collection as the users are diagnosed with despondency. Followed by

data cleaning and categorization for early detection of despondency.



3.5.2. Social Media Posts Extraction

The extraction of the user’s post, is the data collection stage. This explains the method of data
collection. The social media posts extraction will be based on Facebook user’s comment for
despondency exploration and detection as outlined in the scope of the study. Fro \00
presents an opposition as it contains information regarding despondency in the
comments. Ncapture is an innovative tool which deconstructs and rearrange% om different
sources'.It also aligns the contents into categories and further ined\using the LIWC

software. After the collection of the raw data from Faceb{sit ill be cleaned from any

inconsistency and later analyzed by using LIWC Softw@

3.5.3 Social Media Posts Cleaning 4\
The process of removing punctuation marks,htl tags etc is termed the data cleaning process.

These are removed to enhance tlz!ﬁ‘@ontent towards processing with the machine learning
c

ning in will be performed by the removal of stop words,

algorithm The procedure Ki
URL, emojis and whit es\ This was performed using the NLT tool kit.

3.54 Social@Posts Categorization

The posts be built with ground truth label information on whether the social media post is

cy indicative in order to categorize them. Psycholinguistic assessment will also be

utilized to extract elements that will be used to describe and categorize social media posts. This
will be accomplished by employing the psycholinguistic vocabulary package LIWC, developed

by psychological analysts, to recognize the many emotive, etymological, and intellectual



components in written or vocal correspondence. The LIWC2015 scales will then be applied to
the datasets to obtain numerical values. The dataset will be used to generate a list of users who

are depressed or not depressed.

3.5.5 Machine Learning Algorithms Performance Evaluation ®
The performance of the machine learning algorithms will be evaluated us@n supervised

machine learning methods to meet the second objective. Logistic Re ioh, Nave-Bayes, SVM,
Decision Tree, and K-Nearest Neighbors are some of the tech %1 . The research task will
be classified by input and output, and the selection of t {&ﬁe learning methods are based
on the research task. The input (despondency categeries)’is a set of labelled data, so it's a
supervised learning issue, and the model's o \ux a class with a known number of predicted
classes, so it's a classification problem. % result, the above-mentioned machine learning
methods for categorization and predi were used. Training and testing of the randomly
partitioned partitions of the sdyenvChosen supervised machine learning algorithms will be
implemented out on Q‘%ﬁed despondency dataset applying WEKA 3.8.5 for algorithm

performance evah.%o)

Knowledge@ is (WEKA) with a holdout of 80:20 percent of the dataset and 10-fold cross

he analysis will be performed using the Waikato Environment for

Valicgl. e measures of performance (metrics) will be employed. Sensitivity, specificity,

D

Sensitivity is the fraction of correctly identified positive instances, while specificity is the

; precision, and F-measure will be used as performance measures (metrics).

proportion of correctly categorized negative instances. Precision refers to the number of

defective occurrences that have been classified and are therefore defective. The harmonic mean



of recall and precision is known as the F-measure, and it is often utilized for information

retrieval.

The value of the sensitivity, specificity, accuracy, precision and F-measure are as shown below:

+

Accuracy = " ttem 3.1

+ +

Sensitivity = — ‘\gauation 3.2

Specificity =— R Equation 3.3

Q\ \
@ ------------- Equation 3.4
\\§</ Equation 3.5

F 2

Precision =

True negative and positive are represented by Kd while false negative and positive are

represented by FN and FP.. \\

3.5.6 Selection of Optimal Cla fi&s}g Analytic Hierarchy Process (AHP)

To achieve the third obj e@iytic Hierarchy Process (AHP) will be used to determine the
Y

optimal classifier f@

performance (@at will be employed (sensitivity, specificity, accuracy, precision and F-

NS

etection of at-risk user of despondency based on the five
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Chapter four \V\

Results and Discussion of Findings <<,

The in depth breakdown and proposal carried out in the previous chapt@hnated in the

discussion of results in this chapter. Section 4.1 is focused on the C\ thon of social media

post for early detection of despondency using Natural Langu%%

shows the performance evaluation outputs of the seven

ing (NLP). Section 4.2
learning algorithms used for
early detection of despondency based on the selecte s in addition to the presentation of
various graphical interfaces. Section 4.3 highls ’h’k&he determination of the optimal classifier for
early detection of despondency based le\gselected metrics using Analytical Hierarchical
Process (AHP) while section 4.4 1 d on the discussion of evaluation results for the use

machine learning techniques in\é‘a,glmg comments from social media posts for early detection

N

4.1 Cate DN of Social Media Posts for Early Detection of Despondency

of despondency.

analysis of previous literatures were reviewed on the extraction of depressive
co%ents from social media post using Natural Language Processing and later categorize in

determining the appropriate data for the early detection of despondency

4.1.1 Extraction of Social Media Posts



We used readily accessible Facebook data from Github for this investigation. The dataset was

obtained from https://github.com/ranju 12345 /Depression-Anxiety-Facebook-page-Comments-

Text by Islam . The Ncapture was used to extract the social media post (from the bipolar,

depression, and anxiety Facebook page) containing user comments in order to overcome the

challenges of social media postings, particularly Facebook, in confirming wheth@s

contain depression-related material. This was developed with the intent of strIC\r' reaking
F

down, and discovering knowledge in unstructured data such as social media urthermore,

it allows the capability to discover knowledge more effectively. \&\ \

After the extraction of the social media post, it @rsed using the Meaning Extraction

Helper application software for the text anal &@tegy which also have the ability to process

4.1.2 Cleaning of Social Media Posts

text line by line . The social media co@‘ was cleaned of inconsistencies before being

e
analyzed using Meaning Extrac 'o@r, an open source application program. The social
it

13 columns representing linguistic style (prepositions,

media post has 21 columns,
. . . . e . .
conjunctions, articles, : iary verbs, personal pronouns, verbs, impersonal pronouns, negation,

and so on), 5 colun%)

columns re g temporal process (future, present, and past), and each column representing

esenting emotional data (negative, anger, positive, sad, and anxiety), 3

indivf' ua about depressive behaviour. (See Figs. 4.1 and 4.2)

Q

4.2  Categorization of Social Media Posts for Depressive Comments



Two steps was conducted to better categorize and determine the depressive comments according
to the priorities for despondency symptoms, namely ground truth building and despondency

symptoms behaviour.

4.2.1 Ground Truth Building %\E
To construct the dataset for data analysis approach from the extracted depresi\@vnents, a

ground truth label was built in view of the psycholinguistic measurement fr social media

posts, a psycholinguistic vocabulary package constructed by psych ch% 1alysts to recognize

the distinct emotive, intellectual, and etymological eleme f a)user's verbal or written
conversation. This procedure generates almost 70 disti nents with varying levels of
psycholinguistic characteristics. In context of t linguistic qualities, 23 of the 70

components were considered and classified Nee numerical categories depending on the

ground truth. Q
S

4.2.2 Despondency Sym to@l{aviour
The twenty three (23) fai %&e‘re categorized into three sets of despondency symptoms namely,
Zero (0) category cgressive post), One (1) category (indicative depressive post) and Two
(2) categor)@gssive post). The categorization of the despondency symptoms to determine
the T behaviour of social media post was presented based on the set of the

guistic attributes namely emotional process, linguistic style and temporal process. From

the 7145 social media posts, 27% obtained Zero (0) category for non-depressive post, 32%

obtained One (1) category for indicative depressive post and 41% obtained Two category (2) for



depressive post as illustrated in Table 4.1.
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13 |Yes I do and it's terrifying, know matter how | try to explain, they see from clear glass, mine is cloudy!
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20 |My brother sent me ane: Do not disturb. I'm disturbed enough already.

21 |When | told a former employer about my bipolar, 1 felt like he was always nervous that | might fly into a rage at anytime. I'm not even the angry kind of bipolar; I'm really just the sad kind. But since that job, I've lean
22 |The only problem I have is when I'm randomly put on a grave yard shift. That means I can't take my meds, as they make me so tired. | have 2 kids and cant just catch up on my sleep, and end up with anxiety and not b
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Figure 4.2: Characteristics of social media post Researcher,.Hally D, 2022)




Table 4.1: Despondency Symptoms Distribution of Social Media Posts

Social Media Posts Quantity
Total number of posts 7145
Non Depressive posts 1929
Indicative Depressive Posts 2286
Depressive Posts 2930

Source ResearcherD Hally,2022 ®Q )
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Figure 4.3: Social Media
4.3 Performan tion of the Machine Learning Algorithms

The five machige ing algorithm in this study which represent the five classifier in this
researchgar stic Regression, Decision Tree, Naive-Bayes, Support Vector Machine, and K-
Nea%nghbors (KNN).These algorithms were used because they are -classification
Al%thms and the social media post are classified into 3 categories. The models for machine

learning algorithms were built in WEKA and evaluated with 80% hold out and 10-fold cross

validation techniques for algorithm testing and training on the social media posts extracted.



4.3.1 Performance evaluation of Algorithm using Hold Out and Cross Validation
Methods

A total of 7145 instances (row of social posts) with 29 attributes (psycholinguistic attributes)
were used as independent variables and 1 class variable as dependent variable and n
WEKA on 10-F C-V in building the model on the machine learning algorithms, On ntrary,
for hold-out method, a total of 7145 instances of social posts with 29 attﬁ%\were used as

independent variables and 1 class variable as dependent variable. ﬁ‘\f feh 5,716 instances

were used as training data and 1,429 instances were used 2‘%:(1 a in the percentage-split
u

ration 80:20 in which the performance evaluation was @

4.3.2 Logistic Regression Algorithm performanc

i WEKA.

It was observed as shown in Table 4.2 using@C-V method that TP and TN were correctly
predicted for despondency symptoms t@b portrayed across the main diagonal of the
confusion matrix.

Table 4.2 Confusion Matrix bﬁl&istic Regression Using Cross Validation Method

-

Despondency Syn)p&la pe Instances
.. N4

Indicative Dep, ss}\sQP})st 6757

Depressive ;\ 383

ost 5

Total kst 7145

@Researcher ,D Hally, 2022)
It was also observed as shown in Table 4.3 using hold-out method that TP and TN were correctly

predicted for despondency symptoms type as showed across the main diagonal of the confusion

matrix.



Table 4.3 Confusion matrix for Logistic Regression Using Hold-out Method

Despondency Symptoms Type Instances
Indicative Depressive Post 1366
Depressive Post 62
Non-Depressive Post 1 v
Total Instances 1429 %\
C

4.3.3 Naive-Bayes Algorithm performance

(Source: Researcher,D Hally, 2022) %\w\/

It was observed as shown in Table 4.3 using 10-F C-V method th and TN were correctly
predicted for despondency symptoms type as portrayed acroﬁ t ain diagonal of the

confusion matrix. %

Table 4.3 Confusion Matrix for Naive-Bayes using Cr. tion Method

AN

AN
Despondency Symptoms Type A\\ \) Instances

Indicative Depressive Post Q\ 6757

Depressive Post Q 383

Non-Depressive Post 5

Total Instances Q 7145
e

(Source: Researcher D .Hall;\{/

TP and TN were also su. lly predicted for despondency symptoms type, as exhibited across
the major diagonal of nfbision matrix, as shown in Table 4.4 using the hold-out approach
Table 4.4 Confusi ix for Naive-Bayes using Hold-Out Method

A
Desponde@(&hptoms Type Instances
Indicati sive Post 1366
Depr€ssiveRost 62

essive Post 1

nstances 1429

4.3.4 Decision Tree Algorithm performance

TP and TN were successfully predicted for depression symptoms type as displayed across the
major diagonal of the confusion matrix, as illustrated in Table 4.5 using the 10-F C-V approach.



Table 4.5 Confusion Matrix for Decision Tree Using Cross Validation Method

Despondency Symptoms Type Instances

Indicative Depressive Post 6757

Depressive Post 383

Non-Depressive Post 5 \V\

Total Instances 7145 ,Q%
N4

(Source: D.Hally, 2022) %\

TP and TN were successfully predicted for depression symptoms t &ex\hibited across the
major diagonal of the confusion matrix, as illustrated in Table 4.6 Q%K e hold-out approach.

Table 4.6 Confusion Matrix for Decision Tree Using Hold*Out Method

N\

Despondency Symptoms Type A \é\ Instances

Indicative Depressive Post \ 1366
Depressive Post \ 62
Non-Depressive Post QJ 1

Total Instances <\ 1429

w
(Source:Researcher D.Hally,@

L
4.3.5 K-Nearest Nei QA orithm Performance

TP and TN were &c& lly predicted for depression symptoms type as displayed across the
major diagonz&%w nfusion matrix, as illustrated in Table 4.5 using the 10-F C-V approach

Table 4@ion Matrix for K-Nearest Neighbors Using Cross Validation Method

N

M\Mency Symptoms Type Instances
Indicative Depressive Post 6757
Depressive Post 383
Non-Depressive Post 5
Total Instances 7145

(Source: Researcher D.Hally 2022)



TP and TN were successfully predicted for depression symptoms type as exhibited across the
major diagonal of the confusion matrix, as illustrated in Table 4.8 using the hold-out approach.

Table 4.8 Confusion Matrix for K-Nearest Neighbors Using Hold-Out Method

Despondency Symptoms Type Instances

Indicative Depressive Post 1366

Depressive Post 62 \
Non-Depressive Post 1 <</

Total Instances 1429 \( N

(Source: Researcher D.Hally, 2022) %\\l

4.3.6 Support Vector Machines Algorithm Performance

TP and TN were successfully predicted for depression sympto ﬁ%% displayed across the

major diagonal of the confusion matrix, as shown in Table 4.9 u€ing the 10-F C-V approach.

Table 4.9 Confusion Matrix for Support Vector M@Usmg Cross Validation Method

Despondency Symptoms Type Instances
Indicative Depressive Post 6757
Depressive Post Q 383

5

Non-Depressive Post
Total Instances 7145

(Source: Researcher,D.Hally, "

| )

TP and TN were also sucq edicted for despondency symptoms type as exhibited across
the major diagonal 0®1f ion matrix using the hold-out method, as shown in Table 4.10.

Table 4.10 Cn%sgmﬂmltrix for Support Vector Machines Using Hold-Out method

AN
ﬁmptoms Type Instances
. pressive Post 1366
e Post 62
Pepressive Post 1
Total Instances 1429

(Source:Researcher D.Hally, 2022)



4.4 Determination of Optimal Despondency Symptoms Classifier Using Analytic Hierarchy
Process (AHP)
The result of the machine learning algorithm performance using AHP was used in the choice of

determining the optimal despondency symptoms classifier for predictive analytic model.

4.5 The Summary of the Performance of the Algorithms in Cross Validati@id Out
Processes. %
X

The execution of the five machine learning algorithms namely L ¢ Regression, Decision
Tree, Naive-Bayes, Support Vector Machine, and K-Nearest %r NN) using the metrics
accuracy, sensitivity, specificity, precision and F-mea; & -F C-V method and hold-out
method are shown in Table 4.11 and Table 4.12@61}/. In respect to the performance
Logistic Regression, Decision Tree and Su% ector Machine performed brilliantly well in

relative to one metric or the other. Q)

Q\\\

Table 4.11 Result@&ry of Cross Validation Method for MLAs

MLAs x‘&eﬁuracy TP_Rate TN_Rate Precision F-
(%) (Sensitivity) (Specificity) (%) measure
(%) (%) (%)

Logistic 96.4 96.4 94.1 96.6 95.4
ralhy
]% ree 95.2 95.2 93.7 94.3 86.3
Naivé-Bayes 77.3 77.3 74.7 84.3 71.1
Support Vector 99.5 99.5 99.4 99.5 99.3
Machine
K-Nearest 89.5 89.5 89.7 89.1 89.3
Neighbors

(Source:Reseacher D.Hally 2022)



Result summary of Cross Validation Method for
MLAs
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Figure 4.4: Result Summary of Cross Valldatlor@r MLAs
The performance analysis based on cros‘ %mn method, conducted on the algorithms as

shown in Table 4.11. It is obvious %pport Vector Machine was positioned at top level in

respect of classification accur itivity, specificity, precision and F-measure with 99.5%,

99.5%, 99.4%, 99.5% % respectwely Logistic Regression, Decision Tree, Naive-Bayes

and K-Nearest Nel@e 1 in the latter category respectively.

Ta %sult Summary of Holdout Method for MLAs

WLAS Accuracy TP_Rate TN_Rate Precision F-
(%) (Sensitivity) (Specificity) (%) measure
(%) (%) (%)
Logistic 95.3 95.3 92.7 93.8 94.6
Regression
Decision Tree 72.8 73.0 73.2 72.0 77.2

Naive-Bayes 77.0 77.0 73.7 84.7 70.6




Support Vector 98.4 98.4 98.3 98.4 99.2
Machine

K-Nearest 83.6 84.0 96.9 74.0 84.7
Neighbors

(Source:Researcher, D.Hally 2022)
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Figure 4.5: Result Summary of H{l{i@@thod for MLAs
The performance analysi sed on hold-out method, steered on the algorithms as shown in

Table 4.12. It is o t Support Vector Machine was positioned at top level in respect of
a

classification @

98.3%, d 99.2% respectively. Logistic Regression, Decision Tree, Naive-Bayes and K-

, sensitivity, specificity, precision and F-measure with 98.4%, 98.4%,

eighbors fell in the latter category respectively.

4.6 Analytic Hierarchy Process (AHP) Model
An AHP model was created using the results of the algorithm performance evaluation to rank the best

performance measures that were used in selecting the best classifier for despondency symptoms. This



method allows experts' understanding to be incorporated into the choosing of classification algorithms,
which has hardly been achieved previously. Pair-wise comparisons for qualities are stored in a matrix and
priority weights are determined using the expert's knowledge. Additionally, the local consistency ratio of

the qualities is calculated to verify that subjective judgments are consistent.
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Figure 4.8: AHP Pairwise Comparison (Application of Multi-criteria Decision Making Theories
in Healthcare and Biomedical Engineering.2021 )
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Figure 4.9: AHP Pairwise Comparis egsm (Application of Multi-criteria Decision Making
Theories in Healthcare and Biomedigca ineering.2021 )
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Figure 4.10: AHP Resulting Priorities and Decision Matrix (Application of Multi-criteria
Decision Making Theories in Healthcare and Biomedical Engineering.2021 )
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Figure 4.11: AHP Priorities Graph (D.Hall&, 2b&2

4.2.2.3 Optimal Despondency Syn@aassiﬁer Using Analytic Hierarchy Process (AHP)

The five metrics were ranke ﬁsu

despondency symptoms@@ﬁlt indicated that accuracy is the best metrics that can be used in

an AHP model in selecting the best classifier for the

the selection of th@ despondency symptoms classifier with 58.5% ranking. Therefore, the

five machin@g algorithms performance were verified in relation to the obtainable standard

of accur%

(% e metrics was determined as 0.073 as a result of the AHP model, which is lower than
S

atty's stated empirical limit (0,1). As a result, the subjective judgment can be determined to be

entages and comparison were made on their performances. The consistency ratio

consistent. The ranked classification techniques for five different metrics are shown in Figure 4.8
as the final results of the AHP model, as seen in Figures 4.3 to 4.8. The results of the evaluation

showed that SVM outperformed other algorithms in all metrics for both hold-out and 10F cross



validation methods followed Logistics Regression which has a close range in all metrics for both
hold-out and 10F cross validation methods. This indicated that SVM was the best classifier for
despondency symptoms when dealing with multi-class classification for predictive analytics of

despondency.

Therefore, SVM machine learning algorithm was recommended for developing @y
4. 8 Discussion of Findings ’\\ \
NHP model shows that

Result from the ranking analysis of the performance metri 1 a

symptoms predictive model.

accuracy is the best performance metric for the selecti \% ptimal class classifier for the
multi-classification task on despondency symptoms.\This“ indicates that SVM model several
capabilities such as the generalization of th@m, which is the goal in statistical learning.
Also, SVM has the ability to easily account forvthe different types of patterns in the modelling

process for the despondency at i@ a multi-classification task. This shows that SVM

training algorithm builds Q\d that predicts the category of the despondency symptoms from
)

social media posts t;@\o
O
NS

epressive post, indicative depressive post and depressive post.



Chapter Five

Conclusion

5.1 Summary of Findings

The psycholinguistic library can adequately extract features to determine if a comng\%t\ls

depressive, not depressive, or shows an indication of depression. %

Support vector machines has the ability to account for different patterns in%\classiﬁcation
task, therefore the SVM can build a model that can predict the categ@&(mspondency with a
higher accuracy than other Algorithms tested.

Accuracy is the optimal classifier for the selec i@&ne optimal classifier in a

multiclassification task on despondency symptoms.%

5.2 Conclusion Q

The objectives of this study w< @ct the best metrics using the Analytical Hierarchy

process(AHP),which was Si\\/ rmine the optimal classifier for early detection of at risk
users of despondency oh five performance metrics2 .The design is executed in four stages
which includes the,pre*processing stage which entails the extraction of social media posts, data

cleaning an@gategorization, subsequently the learning phase is processed using a training

set op. fiv formance metrics which includes sensitivity, specificity, Accuracy ,precision and

> in two validation processes, the 10 fold cross validation and the 80:20 hold out method.
Furthermore the validation processes were executed on five algorithms to determine the most

optimal algorithm and the optimal classifier based on the performance metrics.



5.3 Recommendations

One of the most pressing issues in the world over is Mental illness, as it is termed a

“pandemic”1.The process of monitoring the social media posts of individuals \ous

platforms such as twitter and Facebook, has been beneficial several measures aken to
h\\m deals with

curtail hate speech, intent to cause violence and wrong information. Consequ

a larger audience as compared to indivualistic opinions and respons SO a\medm especially

in an institution such as workplace and academic instituti i esis can enable quick

interventions in providing adequate care before an indivi N&t o full scale depression.

.1)  The optimal algorithm can be used@ld a model that can predict despondency

symptoms from social media posts as 1®been determined to have attributes for multi-

classification task
2) The algorithm can be m %process emojis as word replacement by incorporating the
library of emojis in th h nguls‘uc library in the NLPtool kit
A S

5.4 Contrl Knowledge
In vi %uﬁent realities of the world and the ever changing dynamics of society, multitude

extending to a wide range of age groups tend to express their views and opinions on
social media for relevance and as change agents, this thesis provides a pathway to determine the
meaning of words posted on social media in relation to the mental state of individuals.

Specifically this thesis focused on at-risk(indicative depression) users as a call to action and a



tool for quick intervention in a mental illness pandemic, Likewise this will also enable

institutions to monitor the mental state of persons by their social media posts.

5.5 Suggested Areas for Further Research

The results of this thesis can be implemented in future works by %\E
1. Creating a model to be embedded into a local social media platform to run tl\u@%nments

in real time for despondency indicators using the optimal classifier and al% The optimal

algorithm can be used to build a model that can predict despon symptoms from social

media posts as it has been determined to have attributes for m%i%ss}lcation task.

2. To connect the system above to a tollfree help and elling centre to administer quick
intervention procedures to an individual having despo CY symptoms.
3. The algorithm can be made to process emoj %{ord replacement by incorporating the library

of emojis in the psycholinguistic library in the NE.Ptool kit

&
@.
&
QQ
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Appendix I
Run information For Decision Tree Cross Validation =

== Run information ===

Scheme: weka.classifiers.trees. REPTree -M 2 -V 0.001 -N3-S1-L-1-10.0
Relation: Data for crossvalidation \V\
Instances: 7145 %
Attributes: 4 %
temporal process \
linguistic style %
emotional process
despondency symptoms l\ \
Test mode: 10-fold cross-validation (_}
=== Classifier model (full training set) === @

REPTree §
emotional process < 0.01 : Depressive Pos %27/0]
emotional process >= 0.01

| temporal process < 0.01 : Non-Depi€ssiye Post (3/0) [2/0]

| temporal process >=0.01 : Indi a@ressive Post (4504/0) [2253/0]
Size of the tree : 5 \{ﬁ/

Time taken to build mo@&z Seconds

=== Stratified croﬁ) ion ===

= Summagﬁ

Correctl ed Instances 7145 100 %
Incorrect ssified Instances 0 0 %
Kappa statistic 1
4% absolute error 0
Robdt nean squared error 0
Relative absolute error 0 %
Root relative squared error 0 %
Total Number of Instances 7145

=== Detailed Accuracy By Class ===



TP Rate FP Rate Precision Recall F-Measure MCC  ROC Area PRC Area
Class

1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 Indicative
Depressive Post

1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 Depressive Post

1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 Non-Depressive
Post
Weighted Avg. 1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000

=== Confusion Matrix === ®
a b c¢ <--classified as \%
6757 0 0]

a = Indicative Depressive Post
0 383 0| b=Depressive Post
0 0 5| c=Non-Depressive Post



=== Run information === \

Scheme: weka.classifiers.trees. REPTree -M 2 -\ O N3-S1-L-1-10.0
Relation: Data for crossvalidation
Instances: 7145 &
Attributes: 4 \
temporal process QJ
linguistic style
emotional process

despondency sympto s(gj
Test mode: split 80.0% tn&nr,?b@ der test
=== (Classifier model @al 'ﬁg set) ===

REPTree
N

\D

ess < 0.01 : Depressive Post (256/0) [127/0]
al process >= (.01

Size of the tree : 5
Time taken to build model: 0.01 seconds

=== Evaluation on test split ===



Time taken to test model on test split: 0 seconds

Correctly Classified Instances 1429 100 %
Incorrectly Classified Instances 0 0 %
Kappa statistic 1

Mean absolute error 0 @\

Root mean squared error 0
Relative absolute error 0 %

Root relative squared error 0 % %\%

Total Number of Instances 1429

=== Detailed Accuracy By Class === ’\& \
TP Rate FP Rate Precision Recall F-Measure M%f@ Area PRC Area

1.000 0.000 1.000 1.000 1.000 1.0
Depressive Post

1.000 0.000 1.000 1.000 1.000 1.000 1.000 Depressive Post

1.000 0.000 1.000 1.000 1.0% 000 1.000 1.000 Non-Depressive

Post
Weighted Avg. 1.000 0.000 1.000 <.\g§\1.000 1.000 1.000 1.000

=== Confusion Matrix === Q
a b c¢ <--classified as (gi
1366 0 0| a= Indic:@ ive Post
e

Class
1.000 Indicative

0 62 0| b=Depressive Pos

0 0 1] c=NoE-Qre ive Post

S
QQ



Scheme:  weka. @Qﬁ.lazy.mk K1-W0-A
”weka.core.neighbéurs h.LinearNNSearch -A \"weka.core.EuclideanDistance -R first-last\""
Relation:  Data for*er6ssvalidation
Instances: %
Attributes:
t ral process
Q’nguistic style
Q motional process
despondency symptoms
Test mode: 10-fold cross-validation

=== Run information \\/

=== Classifier model (full training set) ===

IB1 instance-based classifier
using 1 nearest neighbour(s) for classification



Time taken to build model: 0 seconds

=== Stratified cross- Vahdatlon ===

=== Summary —

Correctly Classified Instances 7145 100 %

Incorrectly Classified Instances 0 0 % \
Kappa statistic 1 ®
Mean absolute error 0 %

Root mean squared error 0 \
Relative absolute error 0.0464 % %

Root relative squared error 0.0235 % &

Total Number of Instances 7145 ’\ \

=== Detailed Accuracy By Class === ®
TP Rate FP Rate Precision Recall F-Meas \&$/ ROC Area PRC Area

Class

1.000 0.000 1.000 1.000 1 000 1 .000 1.000 Indicative
Depressive Post
1.000 0.000 1.000 1.000 1 000 1.000 1.000 Depressive Post

1.000 0.000 1.000 1.000 T\ 1.000 1.000 1.000 Non-Depressive
Post ( '

Weighted Avg. 1.000 0.000 1.000  1.000 1.000 1.000

=== Confusion Matrix === ((j
a b ¢ <- classiﬁedq%\D
6757 0 0] a=I Q:/ epressive Post

0383 0] b= Depressive Post
0 0 5| epressive Post
=== Run mfo tiof

ata for crossvalidation

% 7145
t 0 tes

temporal process
linguistic style
emotional process
despondency symptoms
Test mode: split 80.0% train, remainder test

Scheme cla551ﬁers lazy IBk -K 1 -W 0 -A
i tghboursearch.LinearNNSearch -A \"weka.core.EuclideanDistance -R first-last\""



=== (lassifier model (full training set) ===

IB1 instance-based classifier
using 1 nearest neighbour(s) for classification

Time taken to build model: 0 seconds

=== Evaluation on test split === <</\

Time taken to test model on test split: 0.28 seconds

=== Summary ===
Correctly Classified Instances 1429 100 % ’\& \
Incorrectly Classified Instances 0 0 % \
Kappa statistic 1

Mean absolute error 0 &(/

Root mean squared error 0.0001

Relative absolute error 0.0639 % \
Root relative squared error 0.0332 %

Total Number of Instances 1429

=== Detailed Accuracy By Class === (\\\
all ' F

TP Rate FP Rate Precisio
Class
1.000 0.000 1.0%)\<,<1)O 1.000 1.000 1.000 1.000 Indicative

Depressive Post

-Measure MCC  ROC Area PRC Area

1.000 1.000 1.000 1.000 1.000 Depressive Post

1.000 0.000 %

1.000 0.0 Q * 1000 1.000 1.000 1.000 1.000 Non-Depressive
Post Q

Weighted Avg. I@J

=== Confu rix ===

.000 1.000 1.000 1.000 1.000 1.000 1.000

- classified as

| a=Indicative Depressive Post
b = Depressive Post
¢ = Non-Depressive Post







=== Run information ===

Scheme:  weka.classifiers.functions.Logistic -R 1.0E-8 -M -1 -num-decimal-places 4
Relation: DataFOR USE
Instances: 1429
Attributes: 4
temporal process
linguistic style \
emotional process ®
despondency symptoms

Test mode: 10-fold cross-validation %\%

=== Classifier model (full training set) === \
\
Logistic Regression with ridge parameter of 1.0E-8 ( \\

Coefficients...
Class (S‘
Variable Indicative Depressive Post Depris&

______ N
temporal process 1481.7617 \é.zzss

linguistic style -339.176 *426.6349
emotional process -95.4954 \9 277.3768
Intercept 34.186 ( \ 6.4722

Odds Ratios... ((5
C asx(
Variable Indicativ pressive Post Depressive Post
AN

-

temporal process < Q Infinity Infinity

linguistic styl 0 0

emotional ps 0 0
imn o build model: 0.07 seconds

===Stratified cross-validation ===

=

Correctly Classified Instances 1428 99.93 %
Incorrectly Classified Instances 1 0.07 %
Kappa statistic 0.9933

Mean absolute error 0.0006



Root mean squared error 0.0222

Relative absolute error 0.8027 %
Root relative squared error 11.7982 %
Total Number of Instances 1429

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure MCC  ROC Area PRCAe\

Class
1.000 0.013 0.999 1.000 1.000 0.993 0.993 0.999 Indjdati
Depressive Post

1.000 0.000 1.000 1.000 1.000 1.000 1.000 1.000 ive Post
0.000 0.000 ? 0.000 ? ? 0.641 0.002 Non ssive Post
Weighted Avg. 0.999 0.012 ? 0.999 ? ? 0.993

=== Confusion Matrix === ( \
a b c <--classified as ((/E
1349 0 0| a=Indicative Depressive Post *

0 79 0| b=Depressive Post \
1 0 0] c=Non-Depressive Post Q

NV
S

O
QQ



=== Run information ===

Scheme:  weka.classifiers.functions.Logistic -R 1.0E-8 -M -1 -num-decimal-places 4\§\

Relation: Data for crossvalidation
Instances: 7145 <</

Attributes: 4

temporal process %\%

linguistic style

emotional process &
despondency symptoms '\ \

Test mode: 10-fold cross-validation

=== (Classifier model (full training set) === &(/k ’

Logistic Regression with ridge parameter of 1.0E-8
Coefficients...

Variable Indicative Depressive Post A epressive Post

______ O\¢
temporal process 1867.1 1778.5783
linguistic style -130@ -80.1366

emotional process - 6 -1914.3391

Tntercept 10}% 40.8483
Q\ :

Odds Ratios...
&_ﬁ lass
Variable ndieative Depressive Post Depressive Post
Infinity Infinity
0 0
0 0

Time taken to build model: 0.2 seconds

=== Stratified cross-validation ===



Correctly Classified Instances 7145 10
Incorrectly Classified Instances 0 0
Kappa statistic 1

Mean absolute error 0

Root mean squared error 0

Relative absolute error 0 %

Root relative squared error 0.0007 %

Total Number of Instances 7145

Detailed Accuracy By Class

TP Rate FP Rate Precision Recall F-Measure MCC  ROC Are

Class
1.000 0.000 1.000 1.000 1.000
Depressive Post
1.000 0.000 1.000 1.000 1.000
1.000 0.000 1.000 1.000 1.000
Post
Weighted Avg. 1.000 0.000 1.000 1.000

Confusion Matrix

0
%

%

1.000 1.000 %(O) N dicative

1.000 1.00 \% Depressive Post

1.000 t% .000  Non-Depressive
1.000  1.000

S

a b ¢ <--classified as \
6757 0 0] a=Indicative Depressive \

0 383 0| b=Depressive Post QJ

0 0 5| c=Non-Depressive P

&
S

O
QQ



=== Run information === ®
Scheme:  weka.classifiers.functions.Logistic -R 1.0E-8 -M -1 -num-decim@%&l

Relation:  Data for crossvalidation

Instances: 7145 &

Attributes: 4 ’\ \
temporal process \
linguistic style %
emotional process ((/
despondency symptoms *

Test mode: split 80.0% train, remainder test \

=== (lassifier model (full training set) === @

Logistic Regression with ridge parameter }SK
Coefficients...

Class

Variable Indicative Depre?s1 Depressive Post

______ \})
temporal process %8‘6 .1589 1778.5783
linguistic style -180.2484 -80.1366

emotional process -75.2756 -1914.3391

Intercept &< Q 10.6166 40.8483
Odds R@

Class
Indicative Depressive Post Depressive Post
temporal process Infinity Infinity
linguistic style 0 0
emotional process 0 0

Time taken to build model: 0.16 seconds



=== Evaluation on test split ===
Time taken to test model on test split: 0 seconds

Correctly Classified Instances 1429 100 %

Incorrectly Classified Instances 0 0 % \
Kappa statistic 1 ®
Mean absolute error 0 %

Root mean squared error 0 \

Relative absolute error 0 % %

Root relative squared error 0.0002 %
Total Number of Instances 1429

=== Detailed Accuracy By Class === \>
TP Rate FP Rate Precision Recall F-Meas \@ ROC Area PRC Area

Class

1.000 0.000 1.000 1.000 1000 1000 1.000 Indicative
Depressive Post

1.000 0.000 1.000 1.000 1000 1.000 1.000 Depressive Post

1.000 0.000 1.000 1.000 T\ 1.000 1.000 1.000 Non-Depressive
Post ( '

Weighted Avg. 1.000 0.000 1.000  1.000 1.000 1.000

=== Confusion Matrix === ((5
a b c <- classifledﬂ%\D

1366 0 0| a=I ive\Depressive Post
0 62 0| b= i
0 0 1| c< on




N
&

& .
Scheme:  weka.classifiers.bayes.NaiveBayes ( \’\

=== Run information ===

Relation:  Data for crossvalidation
Instances: 7145 ((/
Attributes: 4 *
temporal process \
linguistic style
emotional process
despondency symptoms &
Test mode: 10-fold cross-validation \

=== Classifier model (full training se%

Naive Bayes Classifier \<,<5
S e
Attribute Indic@ ssive Post Depressive Post Non-Depressive Post

5) (0.05) (0)

\Y
temporal pr

mean 0.1327 0.1063 0

std. dev. 0.0716 0.0433 0.0038

we@?m 6757 383 5
0.0229 0.0229 0.0229
linguistic style

mean 0.0999 0.0682 0.0918

std. dev. 0.0532 0.0368 0.0031

weight sum 6757 383 5

precision 0.0184 0.0184 0.0184



emotional process

mean 0.1146 0 0.1398
std. dev. 0.0665 0.0047 0.0047
weight sum 6757 383 5
precision 0.028 0.028 0.028

=== Stratified cross-validation ===

Time taken to build model: 0.02 seconds ®E
=== Summary === %\%

Correctly Classified Instances 7116 99.5941 % \
Incorrectly Classified Instances 29 0.4059 % ’\ \
Kappa statistic 0.9591 \

Mean absolute error 0.0108 %

Root mean squared error 0.0643 ((/

Relative absolute error 15.6935 % *

Root relative squared error 34.7241 % \
Total Number of Instances 7145 %
=== Detailed Accuracy By Class === &

TP Rate FP Rate Precision Re&bﬁ-Measure MCC ROC Area PRC Area
Class
1.000 0.075 0.996 0.998  0.960 1.000 1.000 Indicative

Depressive Post ((w
b\, 24 0961 0.959 1.000 1.000 Depressive Post

0.924 0.000 1.00
1.000 0.000 %0‘ 1.000 1.000 1.000 1.000 1.000 Non-Depressive
Post \)

Weighted Avg. Oi .71 0.996 0996 0.996 0.960 1.000 1.000
=== Confusio% i
a bec Qlassiﬁed as
6757..0 a = Indicative Depressive Post
| b= Depressive Post

2
% 5| ¢=Non-Depressive Post



=== Run information ===

Scheme:  weka.classifiers.bayes.NaiveBayes
Relation: Data for crossvalidation
Instances: 7145

Attributes: 4
temporal process
linguistic style
emotional process
despondency symptoms
Test mode:  split 80.0% train, remainder test

=== (Classifier model (full training set) ===

Naive Bayes Classifier

&

Class
Attribute Indicative Depressive Post De %ﬂst Non-Depressive Post
(0.95) (0.05) \P\ 0)
N
temporal process \\9
mean 0.1327 QJ .1063 0
std. dev. 0.0716 0.0433 0.0038
weight sum 6 383 5
precision 0 Og% 0.0229 0.0229
linguistic style *ﬂ\,
mean Qg. 999 0.0682 0.0918
std. dev. Q .0532 0.0368 0.0031
weight sum QJ 6757 383 5
precision & 0.0184 0.0184 0.0184
emotio %
0.1146 0 0.1398
0.0665 0.0047 0.0047
6757 383 5
0.028 0.028 0.028

Time taken to build model: 0 seconds

=== Evaluation on test split ===



Time taken to test model on test split: 0 seconds

=== Summary ===

Correctly Classified Instances 1425 99.7201 %

Incorrectly Classified Instances 4 0.2799 %

Kappa statistic 0.9658

Mean absolute error 0.0083 \
Root mean squared error 0.055 ®
Relative absolute error 12.9624 % %

Root relative squared error 32,7532 % \

Total Number of Instances 1429 %

=== Detailed Accuracy By Class === ’\& \
TP Rate FP Rate Precision Recall F-Measure M%f@ Area PRC Area

1.000 0.063 0.997 1.000 0.999 0.9
Depressive Post

0.935 0.000 1.000 0.935 0.967 1.000 1.000 Depressive Post

1.000 0.000 1.000 1.000 1.0% 000 1.000 1.000 Non-Depressive

Post
Weighted Avg. 0.997 0.061 0.997 Q%S\OQW 0.966 1.000 1.000

=== Confusion Matrix === Q
a b c¢ <--classified as (gi
1366 0 0| a= Indic:@ ive Post
e

Class
1.000 Indicative

4 58 0| b=Depressive Pos

0 0 1] c=NoE-Qre ive Post

S
QQ



=== Run information ===

Scheme: weka.classifiers.functions.SMO -C 1.0 -L 0.001 -P 1.0E-12-N0 -V -1 -W 1 -K
"weka.classifiers.functions.supportVector.PolyKernel -E 1.0 -C 250007" -calibrator
"weka.classifiers.functions.Logistic -R 1.0E-8 -M -1 -num-decimal-places 4"

Relation:  Data for crossvalidation

Instances: 7145

Attributes: 4 @‘

temporal process
linguistic style

emotional process %\%

despondency symptoms
Test mode: 10-fold cross-validation \
\

=== (lassifier model (full training set) === ( \\
SMO &%‘
Kernel used: \

Linear Kernel: K(x,y) = <x,y> %
Classifier for classes: Indicative Depressive P&t,\ ressive Post

BinarySMO (\’

Machine linear: showing attribute Qnot support vectors.

-0.001 * (normalized) ter@rocess

+ -0.0008 * (normalized&rxlsu tic style

+ -22.5294 * (no @) otional process

Number of keﬂe&h’ations: 19682 (48.147% cached)

Classifi ses: Indicative Depressive Post, Non-Depressive Post

Bin O

h&ne linear: showing attribute weights, not support vectors.
-0.1786 * (normalized) temporal process

+  0.0041 * (normalized) linguistic style

+  0.0021 * (normalized) emotional process
- 0.9946



Number of kernel evaluations: 5773 (55.718% cached)
Classifier for classes: Depressive Post, Non-Depressive Post
BinarySMO

Machine linear: showing attribute weights, not support vectors.

-0.2809 * (normalized) temporal process ®E

+  0.0686 * (normalized) linguistic style
+ 1.4706 * (normalized) emotional process

Number of kernel evaluations: 117 (46.083% cached)

Time taken to build model: 0.1 seconds &(/E ’
=== Stratified cross-validation === \
=== Summary === %

Correctly Classified Instances 7140 *93 %
Incorrectly Classified Instances 5 ( T %

Kappa statistic 0.9931

Mean absolute error 0.2

Root mean squared error

Relative absolute error OR75 %
Root relative squared error 14723461 %

Total Number of Instances\ . 145

=== Detailed Accu lass ===
TP %:’Mate Precision Recall F-Measure MCC  ROC Area PRC Area
Class

0.013 0999 1.000 1.000 0993 0994 0.999 Indicative
Depressi t
Ql. 00 0.000 1.000 1.000 1.000 1.000 1.000 1.000 Depressive Post
0.000 0.000 ? 0.000 ? ? 0.499 0.001 Non-Depressive Post
Weighted Avg. 0.999 0.012 ? 0999 ? ? 0994 0.999
=== Confusion Matrix ===
a b c¢ <--classified as

6757 0 0] a=Indicative Depressive Post
0 383 0| b=Depressive Post



5 0 0] c=Non-Depressive Post

=== Run information === && \
Scheme: weka.classifiers.functions.SMO -C 1.0 -L 0.001 - E-12-N0-V-1-W1-K
"weka.classifiers.functions.supportVector.PolyKernel -E 1.0

"weka.classifiers.functions.Logistic -R 1.0E-8 -M -1 -nu imal-places 4"
Relation:  Data for crossvalidation

Instances: 7145
Attributes: 4 &

temporal process
linguistic style \
emotional process QJ
despondency symptoms

Test mode: split 80.0% train, re@\ st

=== Classifier model (full trainihg s&f) ===
SMO k

Kernel used: Q
(XEQL

Linear Kernel ; <X,y>

Classifi ses: Indicative Depressive Post, Depressive Post

Bin@lo
@ne linear: showing attribute weights, not support vectors.

-0.001 * (normalized) temporal process
+  -0.0008 * (normalized) linguistic style
-22.5294 * (normalized) emotional process
+  0.3257

+



Number of kernel evaluations: 19682 (48.147% cached)

Classifier for classes: Indicative Depressive Post, Non-Depressive Post

BinarySMO

Machine linear: showing attribute weights, not support vectors.
-0.1786 * (normalized) temporal process

+  0.0041 * (normalized) linguistic style

+  0.0021 * (normalized) emotional process

- 0.9946

Number of kernel evaluations: 5773 (55.718% cached)

Classifier for classes: Depressive Post, Non-Depressive Post ( \

BinarySMO ®
Machine linear: showing attribute weights, not supporl@gg

-0.2809 * (normalized) temporal process
+  0.0686 * (normalized) linguistic style

+ 1.4706 * (normalized) emotional pr \
- 0995 ( R

Number of kernel evaluations: 11 % cached)

Time taken to build m Q Seconds
=== Evaluation ongegt ===

Time taken @ odel on test split: 0 seconds

Classified Instances 1428 99.93 %

ctly Classified Instances 1 0.07 %
Kappa statistic 0.9916
Mean absolute error 0.2225
Root mean squared error 0.2727
Relative absolute error 346.6237 %
Root relative squared error 162.3304 %

Total Number of Instances 1429

gg
@

\



=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area

Class

1.000 0.016 0.999 1.000 1.000
Depressive Post

1.000 0.000 1.000 1.000 1.000

0.000 0.000 ? 0.000 ? ?
Weighted Avg. 0.999 0.015 ? 0.999 ?

=== Confusion Matrix ===

a b c <--classified as

1366 0 0| a=Indicative Depressive Post
0 62 0| b=Depressive Post
1 0 0] c=Non-Depressive Post

0992 0.992 0.999

1.000 1.000 1.000 Depressi
0.499 0.001

?

0.992  0.999

Indicative

Non-Depressi

N

S



Appendix II

Token
addition
people

bp

weak
concept
deep

inside
wrong
intrinsically
period
dissociation
difficulty
maintain
healthy
sense

fi
difficult
time
adhere
real
issue
trust

Ny

475
95
997

103
245
120

366
80
632

91
178
99

0.45692
31.59269
5.35248
1.30548
0.39164
4.37337
3.19843
6.85379
0.06527
2.74151
0.13055
0.58747
0.91384
4.50392
2.54569
0.52219
3.72063
23.89034
5.22193
41.25326
0.06527
5.93995
11.6188
6.46214

&

N}

5.38842
1.15224
2.92761

4.3386
5.54257
3.12964
3.44251
2.68037
7.33433
3.59666
6.64118

5.1371
4.69527
3.10022
3.67077
5.25489
3.29128

1.4317

2.9523
0.88544
7.33433
2.82347
2.15255
2.73921



black 23

white 18
decision 62
leave 144
terrible 24
evil 12
mistake 20
life 762
normal 132
person 299
see 453
oftentime 1
internalize 1
personal 31
failure 31
happen 192
awful 52
mean 167
fluid 7
mind 231
sufferer 3

16
14
52
114
23
11
14
468
97
223
335
1

1

&

21

)
X\

single 36
symptom 44 113
diagnosis Q 1 90
pretty V\ 72 67
start <</ 368 289
common \/ 33 29
face & . 83 67
intense Q 30 25
therapy @ 216 171
change 251 199
mature & 4 4
realistic Q 4 4
Viewpo i& 1 1
rebu 6 6
a 1 1
build 26 24
ability 36 34
learn 206 156
cope 133 111
mechanism 12 12
dbt 27 18
dialectic 2 2

1.04439 456174
091384  4.69527
339426  3.38309
744125 259813
150131  4.19884
0.71802  4.93643
091384  4.69527
30.5483 S&\
633159 €2
14.5561@{% 16
21.8 1.5202
0.0 733433

Qg@ 7.33433

’\1. 9295  3.96703

\ 63185 4.11545
1090078  2.21634
293734  3.52767
9.53003  2.35072
039164 5.54257
1148825  2.16385
137076  4.28981
234987  3.75081
737598 2.60694
5.87467 2.83452
437337 3.12964
1886423 1.6679
1.89295  3.96703
437337  3.12964
1.63185  4.11545
11.16188  2.19267
12.98956  2.04102

02611  5.94803
02611  5.94803
0.06527 7.33433
039164 5.54257
0.06527 7.33433
156658  4.15628
221932 3.80797
10.18277  2.28447
724543 2.6248
0.78329  4.84942
117493 444396
0.13055  6.64118



behavioral
develop
initially
show
positive
result
technique
live

fairly
bipolar
comorbid
meaning
necessarily
genetic

link

begin
suffering
untreated
tend
extreme
emotion
moody
hypersensitive
criticism
untrust
self-damage
high

low
behavior
love
chaos
brain
work
correctl

imbalance
perception
base
distrust
fear
abandon
reject

O

21

103
103

20

89
82
30
20
269
15
402
1
20
10
10

&

0.32637
1.30548
0.52219
5.8094
5.35248
1.95822
1.30548
17.55875
0. 97911
26 2402

52 §4

’\ 5274
\ 91384

4.30809
3.65535
0.32637
1.50131
4.37337
6.39687
0.2611
0.13055
0.2611
0.06527
0.19582
7.89817
7.04961
3.32898
21.01828
0.52219
7.18016
33.09399
0.78329
4.56919
2.2846
1.56658
0.19582
1.43603
0.06527
5.22193
0.52219
0.65274

5.72489

4.3386
5.25489
2.84569
2.92761
3.93313

4.3%\
33433
4.3386
5.03174
5.03174
4.69527
3.14467
3.30898
5.72489
4.19884
3.12964
2.74936
5.94803
6.64118
5.94803
7.33433
6.23572
2.53854
2.6522
3.4025
1.55978
5.25489
2.63385
1.10582
4.84942
3.08583
3.77898
4.15628
6.23572
4.24329
7.33433
2.9523
5.25489
5.03174



problem
relationship
friendship
family
coworker
end
hospital
suicidal
ideation
mania
depress
uncommon
proper
correct
treatment
plan

kick

early
misdiagnosis
lead

poor
management
relapse
rollar
coaster
peak
mood
rapidly
alternate
longwr
shift
day

wirl

secerap
direction
impulsivness
major

sound

" @
&

QJQQ\ .

183 154 10.05222
133 99 6.46214
10 9 0.58747
323 237 15.46997
4 4 0.2611
218 182 11.8799
138 107 6.98433
123 102 6.65796
17 15 0.97911
115 65 42428
798 535 34.9
8 8 0.
27 22 %26
21 19 N 1021
101 8 (_} 28721
77 % 3.85117
18 &Q/ 1.17493
46 \ 4 2.87206
2 % 2 0.13055
50 % 42 274151
1 & 16 1.04439
h\j\ 10 0.65274
%J 9 0.58747
Q 2 0.13055
V\ 12 11 0.71802
<(/ 3 3 0.19582
\, 210 165 10.77023
& 7 6 0.39164
2 2 0.13055
| 1 0.06527
14 11 0.71802
782 493 32.18016
26 21 137076
46 37 241514
39 35 22846
48 41 2.67624
| | 0.06527
| 1 0.06527
| | 0.06527
16 15 0.97911
| | 0.06527
59 58 3.7859
119 106 6.91906

2.29738
2.73921

5.1371
1.86627
5.94803
2.13032

Sy

5.25489
4.24329
4.38989
2.93988
3.25679
4.44396
3.55014
6.64118
3.59666
4.56174
5.03174

5.1371
6.64118
4.93643
6.23572
2.22838
5.54257
6.64118
7.33433
4.93643
1.13382
4.28981
3.72341
3.77898
3.62076
7.33433
7.33433
7.33433
4.62628
7.33433
3.27389
2.67089




judgement
mention
reation
situation
commonly
deem
inappropriate
suffer

stable
struggle

long

answer
disease

treat
medication
typically
compensate
unhealthy
illegal

drug

eat

disorder
gamble
promiscuity
alcoholism
harm
assist
overcome
state
damage
lability
response
potentia,

hypoman
se
S
hap

reason
grandiose
idea
themself
sleep

sex

O

41

144

150
45
291
251
84
58
116
483

|

124

71
158
104

77

251
77

132
95\& 79

40

125

128
43
245
204
69
43
94

N

214
2

1

1
69
5
23
89
39
1
13
5
13
108
57
128
95
3
72
2
170
43

&

0.52219
2.61097
0.06527
8.15927
0.19582

0.2611
0.45692
8.35509
2.80679

13.31

4.
%06
’\g 3577

19.58225

0.13055
0.39164
0.45692
6.91906
5.15666
13.96867
0.13055
0.06527
0.06527
4.50392
0.32637
1.50131
5.8094
2.54569
0.06527
0.84856
0.32637
0.84856
7.04961
3.72063
8.35509
6.20104
0.19582
4.69974
0.13055
11.09661
2.80679

5.38%\
3.%8
15.9921% 07

5.25489
3.64545
7.33433
2.50602
6.23572
5.94803

.01621
3.10022
3.57313
2.79103
1.63055
5.38842
6.64118
5.54257
5.38842
2.67089
2.96488
1.96835
6.64118
7.33433
7.33433
3.10022
5.72489
4.19884
2.84569
3.67077
7.33433
4.76938
5.72489
4.76938

2.6522
3.29128

2.4823
2.78045
6.23572
3.05766
6.64118
2.19853
3.57313



engage
risky
consider
consequence
incapable
care
self-harm
hard

house

bed

depend

type

fall
spectrum
determine
serious
occur
episode
constantly
counterbalance
offset
function
huge
abnormal
perceive
interact
dirty

filter
incorrectly
react

room
deviatio

childhood
experience
parent
caregiver
teacher
peer
propensity

inappropriatel&&)

14 12 0.78329  4.84942
5 5 032637 5.72489
52 48 3.13316  3.46313
7 6 039164 5.54257
9 9 058747  5.1371

337 258 16.84073  1.78137
4 4 02611 5.94
449 330 21.54047 ﬁ\
73 63 411227 €3
110 91 5.9399@%@1 47
29 28 18 00212
101 69 4, 3.10022
61 55 %90 3.327
12 1 N. 1802 4.93643
13 | (_} 78329 4.84942
34 Q 195822 3.93313
19 &&, 0.84856  4.76938
111 \ 1 5.93995  2.82347
56 % 52 339426  3.38309
| % 1 0.06527  7.33433
& 3 0.19582  6.23572
535\\ 44 287206 3.55014
%J 51 332898  3.4025
Q 5 032637 5.72489
V\ 1 7 045692  5.38842
<(/ 6 039164 5.54257
4 02611 5.94803
3 0.19582  6.23572
| 0.06527  7.33433
32 27 17624  4.03849
| | 0.06527  7.33433
45 40 261097  3.64545
| | 0.06527  7.33433
2 2 0.13055  6.64118
2 2 0.13055  6.64118
| 1 0.06527  7.33433
16 16 1.04439 456174
212 177 1155352 2.15818
93 65 424282 3.15994
6 4 02611 5.94803
13 12 0.78329  4.84942
10 10 0.65274 5.03174
| | 0.06527  7.33433



short-lived 1 1 0.06527  7.33433
lover 7 2 0.13055 6.64118
cling 3 2 0.13055 6.64118
minute 50 43 2.80679 3.57313
push 114 89 5.8094 2.84569
infidelity 2 1 0.06527  7.33433
abandonment 8 6 0.39164 5.54287
rejection 1 1 0.06527 %
idealize 2 2 0.13055 .
villainize 1 1 0.0652@@ 33
stand 45 38 2.4 69674
adore 3 3 0.1 6.23572
eventually 47 43 %06 3.57313
fed 6 5 N). 2637 5.72489
lack 31 3 % 95822  3.93313
reinforce 2 % 0.13055 6.64118
belief 11 &&/ 0.71802 4.93643
left 83 \1 6 4.96084 3.0036
alone 240 % 98 12.92428 2.04606
cycle 46 % 36 2.34987  3.75081
afterward & 2 0.13055 6.64118
note 2% 24 1.56658 4.15628
color (gj 16 1.04439 4.56174
regard Ql 16 1.04439  4.56174
seed V\ 4 4 02611  5.94803
household <</ 3 3 0.19582  6.23572
seemingly \/ 4 4 0.2611  5.94803
dote & . 1 1 0.06527 733433
child Q 216 146 9.53003 2.35072
obvious Q 5 5 0.32637  5.72489
inconsistent QJ 3 2 0.13055 6.64118
inattentive '\ 2 2 0.13055  6.64118
cold Q 22 21 1.37076  4.28981
negle f$ 1 1 0.06527  7.33433
ab 1 1 0.06527  7.33433
b% 108 93 6.0705 2.80173
pro 17 16 1.04439 4.56174
untrustworthy 1 1 0.06527  7.33433
absent 3 3 0.19582  6.23572
affection 3 3 0.19582  6.23572
punishment 2 2 0.13055 6.64118
handle 64 60 3.91645 3.23998
control 211 157 10.24804 2.27808



feeling
expect

deal
expectation
unrealistic
generally
physically
violent
abusive
devaluation
partner
occurrence
said

quick
impulsive
confuse
reactivity

week
year

save
trouble
recall
word
anxious
negative
effect
university
cognitive
badly
reverse
downbhill

rescarc
SUCCEC

significant

improvement

ultimately
decide
session
helpful
ready

127
40
195

3.5 2

100 6.52742
37 2.41514
165 10.77023
7 0.45692
2 0.13055
11 0.71802
29 1.89295
9 0.58747
20 1.30548
2
50
1 0.0
162 \%74 1
47 ’\i 6789
1 (_} 71802
& 1.69713
0.06527
0.13055
73 11.29243
468 30.5483
31 2.0235
35 2.2846
5 0.32637
51 3.32898
46 3.00261
56 3.65535
149 9.72585
8 0.52219
11 0.71802
18 1.17493
4 0.2611
1 0.06527
60 3.91645
11 0.71802
9 0.58747
43 2.80679
19 1.24021
12 0.78329
14 0.91384
57 3.72063
25 1.63185
47 3.06789
38 2.48042

2.72916
3.72341
2.22838
5.38842
6.64118
4.93643
3.96

o.1305@$@ 18
32 42231

7.33433
2.24673
3.48418
4.93643
4.07623
7.33433
6.64118
2.18104
1.18586
3.90034
3.77898
5.72489

3.4025
3.50569
3.30898
2.33038
5.25489
4.93643
4.44396
5.94803
7.33433
3.23998
4.93643

5.1371
3.57313
4.38989
4.84942
4.69527
3.29128
4.11545
3.48418
3.69674



allow

gain
improve
understanding
better
understand
relate
weigh

mi

ight
insight
sand
awareness
discourage
action
responsible
happiness
appreciate
luck

bitch

ton

talk

shake

guilt
miserable
skip

med
plenty
dose
realize

free

limit Q
inter ti&
sti

def

body

fact

yiur

dr

adjust

N\
&

&
N
S
saver &Q)

57
82
22
70
472
386

12
26

\

110
118

80
14

11
34
10
130
65

198
23

ﬁ_} 0.78329
&%/ 1.43603
23 \1 2
144 % 43

8 % 8

51 3.32898
54 3.5248
21 1.37076
63 4.11227
355 23.17232
278 18.14621
46 3.00261

11 0.71802
4 0.2611

13 0.84
2 0.1

6 39164
9 N). 8747
\ 82768

1.43603

9.3342

0.52219

21 1.37076
336 21.93211
20 1.30548
30 1.95822
20 1.30548
3 0.19582
414 27.0235
14 0.91384
75 4.89556
104 6.78851
4 0.2611
70 4.56919
12 0.78329
8 0.52219

2 0.13055
10 0.65274
32 2.08877
8 0.52219
110 7.18016
56 3.65535
1 0.06527
124 8.09399
21 1.37076

1 0.0652@%&%;%\

3.4025
3.34535
4.28981
3.19119
1.46221
1.70671

76938
6.64118
5.54257

5.1371
4.00212
4.84942
4.24329
4.24329
2.37148
5.25489
4.28981
1.51722

4.3386
3.93313

4.3386
6.23572
1.30846
4.69527
3.01684
2.68994
5.94803
3.08583
4.84942
5.25489
6.64118
5.03174
3.86859
5.25489
2.63385
3.30898
7.33433
2.51405
4.28981



7.33433
5.03174
5.72489
7.33433
7.33433
5.54257

2.76%\

1.0443% 74
0.0 133433

lofe 1 1 0.06527
tie 10 10 0.65274
chain 5 5 0.32637
thibg 1 1 0.06527
7-May 1 1 0.06527
hr 6 6 0.39164
night 117 96 6.26632
nothing 166 136 8.87728
daily 96 85 5.5483
task 17 16
fewl 1 1
side 206 154 0.0
stay 218 180 &49 5
stress 166 129 ’\zj 2037
remember 151 1 % 35509
enjoyable 3 % 0.19582
motion 3 Qﬁ, 0.19582
withdrawal 45 \ 1 2.0235
damn 32 % 29 1.89295
pill 80 % 60 3.91645
total 7 & 67 437337
call b\ 159 10.37859
complicate @ 11 0.71802
casily Q 2 18 1.17493
annoy V\ 13 12 0.78329
create <</ 29 27 1.7624
pharmaceutical \/ 11 10 0.65274
company & . 19 17 1.10966
man Q 70 55 3.59008
friend Q 323 224 14.62141
slight Q) 13 12 0.78329
bit '\ 100 86 5.61358
alter Q 3 3 0.19582
% 3 3 0.19582
42 34 2.21932
3 1 0.06527
14 13 0.84856
sad 59 53 3.45953
aftermath 4 4 0.2611
irritate 10 9 0.58747
transform 1 1 0.06527
main 16 16 1.04439
choose 56 47 3.06789

2.29738
2.14137
2.47452
2.4823
6.23572
6.23572
3.90034
3.96703
3.23998
3.12964
2.26543
4.93643
4.44396
4.84942
4.03849
5.03174
4.50112
3.327
1.92268
4.84942
2.87998
6.23572
6.23572
3.80797
7.33433
4.76938
3.36404
5.94803
5.1371
7.33433
4.56174
3.48418



medicate
medical
marijuana
knock

rarely
presence
seroquel
effexor
antidepressant
buspar
anxiety
combination
desire

amount
excessive
eliminate

sure

stop

guidance

hope

peace

fair

resort
dedication
hardship
throw
mental
illness
mix
max
husband
lose
dedicate

predicam
P

survive
storm
easy
worth
firstly
entitle
vent

41
65
10
13
12

55
29

17
744

170
113

13

35

146
104

11

2.2846
3.13316
0.65274
0.78329
0.78329
0.32637
2.67624
1.56658
2. 21932

09791Q3
05581

18

1 14
O 2611
0.2611
12.40209
15.33943
0.52219
15.92689
3.26371
1.24021
0.52219
0.06527
0.19582
2.54569
20.69191
18.08094
2.61097
0.19582
6.65796
4.24282
0.06527
0.13055
0.06527
24.60836
2.48042
0.32637
9.53003
6.78851
0.32637
0.32637
0.71802

3.77898
3.46313
5.03174
4.84942
4.84942
5.72489
3.62636

28

3.83782
4.93643
3.72341
5.94803
5.94803
2.08731
1.87474
5.25489
1.83716
3.42231
4.38989
5.25489
7.33433
6.23572
3.67077
1.57543
1.71031
3.64545
6.23572
2.70936
3.15994
7.33433
6.64118
7.33433
1.40208
3.69674
5.72489
2.35072
2.68994
5.72489
5.72489
4.93643



imagine
exhaust
arangement
animal
psychologist
consellor
affect
doctor
counsellor
together
great
chance
drain
drop
group

pts

hear
traumatic
teach
skill
renew
forget
excuse
wrongly
flustered
outburst
small
admit
apologize
vigilant
benefit
strength

worse
ridiculous

3.93313
3.80797
7.33433
4.62628
3.80797
7.33433
3.27

0.91384 (4.
4.04 19
8.94 41435

32 30 1.95822
35 34 221932
2 1 0.06527
18 15 0.97911
38 34 221932
1 1 0.06527
66 58 3.7859

372 265 17.29765
14 14
74 62
153 137
40 36 23
7 7 %56
23 22 N 3603
110 8 (_} 74413
130 & 7.63708
137 &Q/ 7.11488
16 \ 3 0.84856
21 % 18 1.17493
33 % 28 1.82768
& 2 0.13055
2\ 50 326371
% 21 1.37076
Q 5 0.32637
V\ 1 1 0.06527
<(/ 7 6 0.39164
100 77 5.02611
47 41 2.67624
15 14 0.91384
1 1 0.06527
40 34 221932
57 48 3.13316
11 10 0.65274
32 29 1.89295
50 48 3.13316
125 111 724543
83 67 437337
6 6 0.39164
153 132 8.61619
36 28 1.82768
64 58 3.7859
148 131 8.55091
5 5 0.32637

3.75081
5.38842
4.24329
2.85699
2.57216
2.64298
4.76938
4.44396
4.00212
6.64118
3.42231
4.28981
5.72489
7.33433
5.54257
2.99052
3.62076
4.69527
7.33433
3.80797
3.46313
5.03174
3.96703
3.46313

2.6248
3.12964
5.54257
2.45153
4.00212
3.27389
2.45913
5.72489



shitty 5 5 0.32637  5.72489

health 227 172 11.22715 2.18683
equip 3 3 0.19582  6.23572
acceptance 12 11 0.71802  4.93643
blame 40 35 22846  3.77898
loud 19 16 1.04439 4.56174
hour 95 75 4.89556  3.01684
© 9 8 0.52219

caught 8 6 0.39164 .

held 9 9 0.5874% 71
matter 114 93 6. .80173
hopeless 11 11 4.93643

0.
die 104 79 %56 6 2.96488
fright 15 15 ’x). 7911 4.62628
death 4 3 (_} 48042 3.69674
heal 4 Q 248042 3.69674

<% 3.7859  3.27389

rest 63 *

open 74 \ 5 424282 3.15994
accept 75 % 62 4.047 3.20719
write 147 @ 109 7.11488  2.64298

psychiatrist 12 102 6.65796  2.70936
psy \?\\ 1 0.06527  7.33433
assess % 3 0.19582 6.23572
follow-up Q 1 0.06527  7.33433
share V\ 70 64 417755 3.17545
diagnose 201 164 10.70496  2.23446
primary \/ 12 10 0.65274 5.03174
physician & . 10 9 0.58747  5.1371
qualify Q 6 6 0.39164  5.54257
sincerely Q 3 3 0.19582  6.23572
prescribe QJ 73 63 4.11227 3.19119
condition '\ 54 44 2.87206 3.55014
therapis Q 148 112 73107 2.61583
inpu 4 4 0.2611  5.94803
se iQ 69 63 411227 3.19119
m% 27 25 1.63185  4.11545
gue 64 56 3.65535  3.30898
attitude 5 4 0.2611  5.94803
told 176 140 9.13838  2.39269
belittle 4 4 0.2611  5.94803
pain 200 142 9.26893  2.3785
term 69 56 3.65535  3.30898

break-up 8 8 0.52219  5.25489



unfaithful
untruthful
accuse

kid

spoke

lady

pic

venue

b

account
meeting
thought
drove
social
paranoia
judgemental
compassionate
empathic
current
similar
terrify
bring
assessment
basically
history

esp

ease

figure
accurate

phase
normalish
drive
class
absurd
stage

urge @
scary

appointmen &

fine %Q

150

391

W o0 N

105

20

276

N\
N

6
62

&

1
3
14
47
22
53
6
28
19
5
18
40
2
18
51
39
29
1
1
17
15
15
1
53
28
2
18

0.06527
0.06527
0.45692
6.85379
0.78329
0.78329
0.06527
0.06527

0.2611

1.3

71802
0.39164
0.52219
0.19582
0.91384
3.06789
1.43603
3.45953
0.39164
1.82768
1.24021
0.32637
1.17493
2.61097
0.13055
1.17493
3.32898
2.54569
1.89295
0.06527
0.06527
1.10966
0.97911
0.97911
0.06527
3.45953
1.82768
0.13055
1.17493

¢
39164
\\. 047

e

7.33433
7.33433
5.38842
2.68037
4.84942
4.84942

4.3386
1.71393
5.54257
3.20719
4.93643
5.54257
5.25489
6.23572
4.69527
3.48418
4.24329
3.36404
5.54257
4.00212
4.38989
5.72489
4.44396
3.64545
6.64118
4.44396

3.4025
3.67077
3.96703
7.33433
7.33433
4.50112
4.62628
4.62628
7.33433
3.36404
4.00212
6.64118
4.44396



angry 59 52 3.39426 3.38309
upset 64 59 3.85117 3.25679
watch 60 53 345953 3.36404
porn 2 2 0.13055 6.64118
rough 15 12 0.78329 4.84942
abuse 56 52 3.39426  3.38309
bedroom 9 9 0.58747 5.1
accord 6 6 0.39164 ﬁ\
separate 13 13 0. 84856
relieve 17 15 0.9791
tense 3 3 1 23572
add 66 65 3.15994
finally 88 78 91 2.97762
premenstrual 3 \ 6 27  7.33433
dysphoria 3 \ 06527  7.33433
polycystic 1 % 0.06527  7.33433
ovarian 1 &ﬁ/ 0.06527  7.33433
syndrome 13 \ 0.84856  4.76938
reproductive 3 % 0.13055 6.64118
pco % 0.13055 6.64118
female 0.45692 5.38842
look 23 14.55614 1.92716
information @ 33 2.15405 3.83782
urllink Q 5 11 0.71802 4.93643
woman V\ 43 36 2.34987 3.75081
onset <</ 6 5 0.32637 5.72489
adult \/ 38 33 2.15405 3.83782
seek \ . 71 60 3.91645 3.23998
numb Q 18 15 0.97911 4.62628
hate Q 104 90 5.87467 2.83452
stranger QJ 12 11 0.71802 4.93643
excite & 12 11 0.71802 4.93643
Q 102 85 5.5483 2.89168
% 10 10 0.65274 5.03174
; 87 85 5.5483 2.89168
19 17 1.10966 4.50112
66 61 398172 3.22346
6 5 0.32637 5.72489
2 2 0.13055 6.64118
censor 1 1 0.06527 7.33433
indulge 2 2 0.13055 6.64118
safely 4 4 0.2611 5.94803
crave 14 12 0.78329 4.84942



view
society
respond
ashamed
screw
careful
choice
practice
safety
form
brave
raise

post
comment
support
destructive
shame
discuss
appall
subject
negatively
scroll
past
relevant
disgust
dangerous
girlfriend
faithful
doubt
literally
conduct
guilty

mot
ak
catc

st
fun
kill

insatiable
touch

reckless Q
motorcyc
o

QJQQ\ .

#NAME?

\\/

24
34
24
55
12
26
47
31
10
50
19
25
84
45
282
13
30
23

[am—

75

S

20
20
23
44
12
24
40
29

9
40
18
24

RN
S

1
7

98

34

11

33
38

26

21
19

23
81

34

1.30548
1.30548
1.50131
2.87206
0.78329
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