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Abstract

Clinical depression is 2 common mental disorder characterized by depressed mood and loss of
interest/pleasure. Other symptoms include decreased energy, feelings of guilt or low self-worth,
disturbed sleep or appetite, and poor concentration. According to the WHO, clinical depression
affects over 75% of people worldwide. Usually, clinical depression screening is based on
psychological evaluation through face-to-face interviews. Such conventional methods are time-
consuming and error-prone. Previous research showed that it is possible to identify patients with
clinical depression through the analysis of social media posts. However, analyses of social media
content were neither stratified according to the various symptoms of clinical depression nor
based on the exploitation of external resources of medical semantics. In addition, current
screening solutions can be characterized by a loosely coupled nature, hence the low level of
validity and reliability of these tools. In particular, the validity of these methods is not based on
the mathematical structure of symptoms in a multidimensional construct. Accordingly, we
developed a strongly coupled system that combines Natural Language Processing (NLP) and
medical knowledge resources to assist healthcare professionals in screening for clinical
depression; deploying a reliable and efficient tool that can passively and automatically assist in
identifying subjects with clinical depression symptoms based on their-social media posts. Given
the dire state of mental health services and resources, the proposed sy~tem is expected to address
immediate clinical relevance as it integrates the Beck Depression Inventory 11 (BDI-IT) with
social media post-analysis for both English and Arabic languages.

For the English Language, we used the Cross-Language Evaluation Forum (CLEF) eRisk 2020

dataset which 1s a global dataset that includes social media posts of depressed people with



different severity levels, and posts of people who have signs of Pathological gambling *vith signs

of seif-harmime. Our goal in this context is to find whether social media posts r'eﬂect the
presence over e Arabic social media posts, as well as severity of clinical depression symptoms
if the social media posts have been written using English Language. To do this, we use multiple
semantic resources in the domain of psychiatry to map the content of social media posts to their
corresponding symptoms of clinical depression in the BDI-1I. We utilized the outcomes of this
step to train the proposed system and develop a reliable and efficient screening procedure. As the
produced results indicate, the utilization of proposed pipeline and integrating it with the
Bidirectional Encoder Representations from Transformers (BERT) model have resulted in 87%
accuracy rate, while integrating the proposed pipeline with other classifiers, such as Logistic
regression, Naive Bays, XGBboost, Support Vector Machine (SVM) and Random Forest (RF)
classifiers produced 55.8%, 50%, 47.4%, 57% and 49%, respectively.

On the other hand, for the Arabic language, we have used (Arabic Sentiment Analysis 2021
Dataset) dataset to develop an NLP-based pipeline to detect depressed subjects based on their
social media posts that are written in Arabic. To evaluate the developed model, we have utilized
multiple machine learning based classifiers using the Arabic dataset and achieved 81% accuracy
rate using the SVM and 70% accuracy using the Logistic Regression (LR), NB and RF

classifiers, respectively.
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CHAPTER One

Introduction




1.1 Background and Motivation

Clinical depression is a common mental disorder characterized by depressed mood and loss of
interest/pleasure. Other symptoms include decreased energy, feelings of guilt or low self-worth,
disturbed sleep or appetite, and poor concentration. In Palestine, 25% of patients are affected by
clinical depression. Despite these alarming statistics, many patients with clinical depression
remain undiagnosed until it is too late (Marie, SaadAdeen, & Battat, 2020). It remains possible to
identify patients with clinical depression through the analysis of social media. As most social
media users share their feelings and the daily lifestyle on their profiles, we can use such sources
of information to potentially screen clinical depression (Sadeque, Xu, & Bethard, 2018). Mental
health professionals conduct the screening for clinical depression using lengthy pen-and-paper
questionnaires. The process is time-consuming, exhaustive, and inconvenient for the patient. As
a result, the obtained results could be imprecise, leading fo faulty screening and misdiagnosis
(Eack, Greeno, & Lee, 2006; Mattsson, Olsson, Carlsson, & Johansson, 2019). To address this
problem, researchers attempted to utilize social media profiles with machine learning classifiers
to detect those who have an existing diagnosis of clinical depression. However, such previous
efforts were focused on assembling binary models for the presence or absence of clinical
depression. The search parameiers were loosely coupled with the different symptoms of clinical
depression, and targeting uni-languages.

In line with previous research works, we also perceive social media platforms, such as Twitter
and Facebook as indispensable tools that allow people globally to share their opinions as text,
video, or images. With the ever-increasing utilization of such platforms, tremendous amounts of
unstructured rich text started to be generated, calling for the exploitation of various machine

learning techniques for processing and understanding such textual content and to get insights




from it. As such, in our research project, we focus on the exploitation of text mining and natural

language processing techniques in an attempt tolderive insights from social media posts and hink
that to answering our main research question, namely “Will the integration of NLP pipelines and
machine learning classification models assist in identifying subjects with clinical depression
based on their social media posts?”.

Natural Language Processing (NLP) and the exploitation of data mining and social media
analysis have recently become two hot topics in healthcare artificial intelligence. In this project,
we have split our work into two main phases. Phase 1 is to do the text mining over Arabic
dataset. Using the Arabic dataset, we aim to detect depressed subjects among other non-
depressed subjects. On the other hand, in Phase 2, we aim to detect clinical depression using an
English-based dataset (eRisk 2021) extracted from social media posts. The Arabic dataset is
collected from twitter and labeled in binary format (1 is for the depressed and 0 for non-
depressed users) while the English dataset is giving more details and information since the same
users who wrote the posts in social media have been interviewed and answered the depression
questionnaire. To accomplish this task, we used the multiclass classification models over the
datasets. Based on the classifiers that we have built; we could find if the post has been written
from a person who has depression and to which severity the post-writer belongs. It is important
to point to the fact that by developing the proposed system, we aimed to offer a fast and accurate
screening tool that replaces the need for a patiznt's presence in the clinic, due to the stigma of

society about psychiatric patients.




1.2 Problem Statement

More than 300 million people suffer from depression or depression symptoms globally (AlSagri
& Ykhlef, 2020). This warning statistics leads to thinking about this illness and trying to find
ways that lead to early screening of depression. Normally, the procedure of screening depression
is through face—face interviews with healthcare specialists and this is often tied to the stigma of
the mental illness that prevents patients from going to the specialists till depression reaches a
critical point, where curing depression becomes harder and takes a long duration to control the
symptoms. Such conventional methods of screen depression are time-consuming and error-
prone. Besides, it is important to emphasize that patients are usually reluctant to visit mental
health professionals due to social stigma. To address these issues, we have proposed the
utilization of technology-based solutions that can automate the screening process on the one
hand, and provide more efficient, precise, and privacy-oriented methods on the other. Such
solutions rely on external resources, including questionnaires and social media posts of
individuals to assist in the screening process for clinical depression. And as has been recently
reported by various researchers [Yalamanchili, Kota, Abbaraju, Nadella, & Alluri, 2020 ] , the
analysis of social media posts has become among the main sources for understanding people’s
emotions in different situations of daily life. Classification of social media posts has been at the
backbone of various systems that aim at categorizing subjects 1::to a number of classes, including
those related to clinical depression severity levels. In such multi-class classification tasks, the
data is divided into several subclasses based on their polarity. Machine learning and deep
learning techniques have been utilized 1o accomplish this task (Liu, 2012), Figure 1 shows a

general architecture of a text mining pipeline that expresses the procedure of the textual content



analysis from the first stage of collecting data and ending with model prepa-ation, which is
accordinely considered as the input for training various machine learning models to predict

ciasses mat have been learned during the stage before.

Figure 1 A General Textual Content Mining Pipeline {(Zucco, Calabrese, & Cannataro, 2017) ]

As depicted in Figure 1, first, in the Data Requirement phase, researchers specify the target of
the research and how the data will help in getting the desired results. In our research project, the
sample of subjects involved should have a long time presence over social media platforms, and
they also should fill the depression questionnaire. Based on that, our ground-truth dataset will
contain social media posts and the questionnaire results of the sample. For this reason, the data
collection phase becomes crucial as it will impact the quality of the remaining processes. In our
project, for English speaking subjects, we have collected a dataset that has been developed as a
nubliclv-available dataset for depression detection purposes, specifically based on tracking posts

" wecw< who are using social media platforms, namely Reddit. In the Data Cleaning phase, we
=z e Pyvthon programming language, in addition to the NLTK library and other manually-

coarrocted functions to clean the dataset from the null values and the unnecessary characters



like the numbers and special symbols. For the Data Preprocessing phase we have used the

Natural language preprocessing built-in functions in Sklearn library to do the tokenization.
stemming, and remmatizanon. The last phase of this pipeline is the feature extraction which
prepares the dataset for the training process that machine learning models exploit for learning
and further prediction purposes. In this phase, we use n-grams, Term frequency, inverse

document frequency, and POS tags as part of the extracted features from the pre-processed texts.

As far as the Arabic dataset is concerned, we have obtained the dataset from Kaggle' which is a
public source of multi-domain datasets, including the one that meets our research interests. The
dataset was collected from Twitter for Arabic users. It is a binary-labeled dataset which means it
has been labeled with 0 for non-depressed subjects and 1 for depressed ones. In the same manner
as we did for pre-processing the English dataset, we used Python and a number of manually-
constructed, as well as built-in functions to clean the dataset from nmull values and extraneous
characters such as numbers and symbols during the cleaning phase. To conduct the tokenization,
stemming, and lemmatization in the preprocessing step, we used the Natural language
preprocessing built-in functions in the Sklearn library. Similar to the features extracted for
training utilized machine learning models, we also extracted features from Arabic texts,

including n-grams, stems, lemmas, and term frequencies to develop the classifiers.

Normally the analysis of social media posts produces an output that is in the form of either a Z-
class result (depressed and non-depressed) or a multi-class result (mild depression, severe

depression. o demeexiost This of course depends on the utilized training dataset, as well as the

! https://www kages T C/arabic-sentiment-analysis-2021-kaust




quality of the exploited NLP pipeline for processed texts. Conventionally, there are two

techniques that are involved in soch anaivsis tasks. These are:

Rule based analysis: in this task, rules and dictionaries of words with labeled polarities
are employed to identify the polarity of the subject based on the words prior polarity as

they are defined in the used dictionary.

Machine Learning based analysis: using this approach, machine learning algorithms are
employed to extract features from sentences and detect the polarity of word mentions,

and accordingly predict the class under which the subject should be classified.

Several technical challenges are faced during the above mentioned approaches. Among these

challenges are:

Being able to extract significant words for each depression class, involving a variety of

NLP-based pipeline phases and evaluating the quality produced using each phase.

Building machine learning models that have high accuracy rates for both Arabic and
English languages, given that all relevant data is collected from daily posts on social

media.

Deciding on the most appropriate combination of NLP pipeline phases that should be
exploited for predicting clinical depression with an aim of achieving effective and

efficient machine learning moaeis.

Detecting the depressics = . Arabic language dataset. This is especially challenging

due 1o the lack of Amars = snowledge resources.




As we discuss in the next section, as well as the remaining chapters of this thesis, we aim to

address the previously highlighted challenges by building a bi-lingual clinical depression
screening system that targets and analyzes sociai media posts written in both English and Arabic
languages. In our attempt to do this, we will use multiple semantic resources in the domain of
psychiatry to map the content of social media posts to their corresponding symptoms of clinical
depression in the BDI-II. As will be demonstrated in the Experiments chapter, we utilized the
outcomes of this step to train the proposed system and develop a reliable and efficient screening
procedure. Our goal can be seen as a two-fold objective where we aim fo 1) Develop an effective
and efficient screening tool for assisting healthcare professionals identify clinical depression, and
2} Overcome the time-consumption, as well as error-proneness that may be produced as a result
of the manual screening procedures - as is being implemented currently; targeting subjects who

express their posts on social media using either Arabic or English languages.

1.3 Research Questions and Methodology

In this research project, we propose to develop a screening tool that integrates the Beck
Depression Inventory I (BDI-II) with social media post-analysis, especially posts obtained from
Reddit which have been made publicly-available as part of the CLEF eRisk 2020 dataset. In the
first phase of the implemenied methodology, we used a publicly-available tweets dataset labeled
with depressed and non-depressed users. It is worth mentioning that due to some bias in the first
obtained dataset (the bais was towards depresse? sstwects. and specifically in terms of the words

used to express depression}, we have usex! mweme e that has Arabic tweets to overcome

this issue as we will explain in the Fxperimmes  we=— As far as the English version of the

dataset is concerned, we officially acquired the zsez<er Tom the CLEF eRisk 2021 organizers. As




we have pointed out earlier, the importance of exploiting this dataset lies in the fact that 1t saves

the effort needed to manually gather posts from both depressed and non~depressed subjects on
the one hand, and it is publicly-available and it enables the reprogucisiiity of the results on the
other hand. The main theme of the dataset is that it comprises posts obtained from real-world
example subjects who normally express their sentiment on social media platforms, namely
Reddit. To preprocess and extract features from the obtained datasets, we have developed a
number of NLP-based pipelines with an aim of evaluating the impact of employing each
technique among the pipeline phases on the quality of the extracted features, and how they
contribute to affecting the quality of the utilized machine learning models. After constructing the
pipelines, we were able to test whether social media posts reflect the presence and severity of
clinical depression symptoms. Unlike conventional methods, we attempted to measure the
impact of exploiting multiple semantic resources that encode clinical depression knowledge in
the domain of psychiatry to map the content of social media posts to their corresponding
symptoms of clinical depression in the Beck depression inventory 1I. We utilized the outcomes
of this analysis as a training dataset for the development of a reliable and efficient screening
system. This system can be used to detect the presence and severity of clinical depression

symptoms passively and automatically among individuals on social media platforms.
In particular, in this research work, we attempt to answer the following research questions:

1. Is it possible to screen depression using an automatic 53 sz =wesd of manual screening
procedures that are still using Depression Questioanas=
2. Can social media posts be a relevant source for ime—cesmssn  ax! detecting clinically-

depressed subjects?




3. Is it possible to build a bi-lingual model that detects depression among both English and

Arabic social media platforms?

4. Will data preprocessing pipelines affect the quality of feature extraction and accordingly
impact the accuracy of the utilized machine learning models for predicting clinical
depression?

5. Will dimensionality reduction techniques affect the accuracy of the system? What is the
impact of changing the solver parameters of the employed machine learning models on
their accuracy rates?

6. What is the impact of n-grams, TF-IDF and newer word embedding techniques on the
quality of the developed models?

In our endeavor of achieving the intended research goal, this research project followed the well-
recognized Design Science Research Methodology (DSRM) which was proposed by (Peffers et
al., 2007). In the same manner as recommended by the DSRM methodology, the following main

phases were implemented according to the chronological order described below:

e Step 1: Problem Identification and Motivation: As we described and discussed in the
background of this chapter, it is reported that clinical depression is among the major
diseases that calls for immediate action world-wide, and in Palestine in particular as
reported by several research reports. To further understand and identify problems
associated with the automatic assessment and identification of chinically-depressed
subjects, we reviewed relevant literature and explored the current screening approaches.
highlighting their strengths and weaknesses. We have also reviewel _iz=-z= ==omatic

screening methods and discussed their limitations in order to moovas  wmaem and

10



specify where and how our proposed solution will contribute to existing research in this

field.

Step 2: Delineate the Objectives of a Solution: The main objectives of our research
project have been set in the same manner as recommended by the DSRM research
methodology. We have namely stated our main research theme, research questions in
detail and how we attempted to answer each research question.

Step 3: Design and Development of the Solution: To realize this step in our research
project, we have proposed the construction of an NLP-based pipeline that comprises
vartous phases for processing text and extracting significant features from posts of
subjects involved for the preparation éf both the Arabic and English versions of the
obtained datasets. We have considered several tools and techniques, such as tokenization,
n-gram term extracting, exploitation of medical semantic resources and various machine
learning models as part of the design and development of the proposed solutions as we
demonstrate in the next chapters in this thesis,

Step 4: Evaluation: Different empirical evaluation steps were carried out as part of the
evaluation phase for the proposed solution. As we detail in the Experiments chapter, we
have conducted experiments using different datasets and experimental setups to evaluate

each model and compare between them according to their accuracy rates.

1.4 Thesis Organization

The rest of this thesis is organized as follows. In Chapter 2, we introduce the related works o=

discuss the main characteristics that describe existing multi-class clinical derresss

classification techniques. Next, in Chapter 3, we provide the theoretical details and highlight

11




main NL? tasks that are utilized among the classification pipelines. In Chapter 4, we introduce

the experimental evaluation steps and validation steps that we carried out to evaluate the utilized
machine learning classifiers. Then, we present the discussion and analysis of the experiments
that have been carried out using the various employed machine learning models. In Chapter 5,

we present the conclusions and highlight the main future extensions to our current work.
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Chapter Two

Literature Review
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2.1 Introduction

Depression is a common mental disorder where as reported by the WHO, 5% of the young adults
and 5.8% of old people who are above 60 years old suffers from depression®. Depression is one
of the main causes for suicide globally and screening the clinical depression in early stages will
be the key factor of reducing crimes globally. Based on these alarming statistics and information,
building screening tools that detect depression in the early stage will help the society and the
specialists in finding solutions and medications for the depression which will lead to treating the
patients with the most effective manner. Major Depressive Disorder (MDD) is a mental disorder
that is screened in patients who display at least five of the following symptoms of depression for
at least two weeks: depressed mood, loss of interest, change in appetite or weight, guilt or
worthlessness, sleep problem, psychomotor agitation or impairment, weariness or loss of energy,
poor concentration, and persistent thoughts of death or suicide ideation are all symptoms of
depressim13 . Depression and anxiety disorders affects about 1 in 15 adults in any given year, and
1 in 6 people will be affected by depression at some time in their life*. Because of the huge
number of people affected by depression globally, and the stigma behind this disorder in society,
especially in our Arah countries, we proposed to develop a tool that helps in screeniﬁg

depression online without the frequent visits to the Psychologist specialists in their clinics.

Depression screening is normally screenes using Depression Questionnaires which must be filled
manually by the patient who is going tc the clinic. Then the doctor or the psychologists will

study the output and decide if the patient has depression or not and the severity level the patient

2 https://www.who.int/news-room/fact-
sheets/detail/depressionti:~:text=0Overview,world%20have%20depression%20(1).

¥ https://www.uptodate.com/contents/depression-in-adults-beyond-the-basics

* https://worldpopulatienreview.com/country-rankings/depression-rates-by-country
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i o . 1 : .
belongs to. This manual process is time-consuming and requires a lot of effort, and it can be

biased according to the answers of the patient. To addr}fess these issues and save time in this
context, we should think in a way that detects if the person suffers from depression or not and
what’s the severity of the depression if the patient has depression. As reported in the literature,
one of the ways to study the behavior of a person is monitoring her/his social media posts using
high performance machine learning models. In this way, patients do not need to visit the clinic
physically and the model can learn from the posts which have been posted over social media for

a long time by analyzing the contents since the social media account creation.
2.2 Theoretical Background

Before diving into the details of our project from the technical point of view and the algorithms
behind, we would like to share the theoretical information behind sentiment analysis, Machine
learning methods, text mining, and natural language processing that are used to diagnose
depression. Currently, researchers analyze social media content to detect the clinical depression
symptoms from the posts. Therefore, we will study the content and the extent of its impact on
mental illnesses, and whether it is possible to screen the medical condition through the posts on
these sites. In addition to that, we will compare the results of different classifiers over the Arabic
and English content of social media. The social media network phenomena generate vast
volumes of valuable data that is easily accessible online. On many social networking sites, many
users post photographs, videos, comments, reviews, news, and opinions, with Twitter being one
of the most popular. The data collected from social media is highly unstructured, making it

difficult to extract usable information from posts.

Definition 1: Sentiment Analysis (SA)

15
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SA is defined as a computational treatment of opinions, sentiment, and sr?atbjectivity of text, The
SA is one of the main Text Mining applications that are widely used nOﬁEvadays. it can be used
for customer satisfaction after analyzing the written text as comments (Medhat, Hassan, &
Korashy, 2014). Also, it can be used in the medical field for the text mining of patient letters or
posts over the internet. Figure 2 below depicts the process of SA and its output in the context of
product reviews. In the context of our work, we will replace product reviews with posts obtained
from social media platforms to identify clinically-depressed subjects after analyzing the content

of their posts.

S S H

Prochuct Reviews/Sacial
PAeciia posts

Label s,
. identificarion '

o Foatures ™
; selection '

z Semtinent e
prexlarivy/ e

prrezssion e
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Figure 2:Sentiment Analvsis workilow
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Definition 2: Machine Learning (ML)

Machine learning has been defmed by IBM, one of the most important businesses working on

machine learning hardware and software technologies as:

“Machine learning is a branch of artificial intelligence (Al) and computer science which focuses
on the use of data and algorithms to imitate the way that humans learn, gradually improving its

accuracy.”5

As we will demonstrate in the next chapters, the utilization of various machine learning models
can lead to producing varying clinical depression prediction accuracy rates. We will explore the
hyper-parameters involved in this context and attempt to find out how various configurations of

the hyper-parameters can change the overall quality of the proposed solution.
Definition 3: Depression Detection

According to the huge impact of depression on a person, family, and society we need to figure
out how we can know that this person has depression or not, and if yes what is the depression
severity that he/she is suffering from. The main significant component of the depression
diagnosis and treatment process is depression screening, because psychologists will select the
treatment technique and predict outcomes based on the severity of the depression. The financial
toll of the illness is significant, with coordinated rehabilitative expenses estimated at $3.5 million
per 1000 disgruntled individuals. Misery is largely underdiagnosed and undertreated, particularly
In essemmm owm owhere most patients seeking help are suffering. Climcal investigations have

wWenmiier mes ~eovad successful strategies for achieving successful recovery and cost reduction

® hitps. w2 om/cloud/learn/machine-learning
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over tfreatment. Early detection, mediation, and appropriate treatment can speed abatement,

prevent relapse, and reduce the emotional and financial toll of the illness. (Halfin, 2007)

Definition 4: Text Mining

Text Mining can be defined as the disclosure by computer of unused, already unknown

information, by consequently extricating data from distinctive written resources.

Social networks are wealthy in different kinds of content such as textual content and multimedia.
The ability to apply text mining algorithms in the context of text data is important for a wide
variety of applications. Social networks require text mining algorithms for many applications
such as keyword search, classification, and clustering. While search and classification are well
known applications for a huge number of scenarios, social networks have rich structure both mn
terms of text and links. Much of the work in this field uses either purely the text content or
purely the linkage structure. However, many recent algorithms use a combination of linkage and
content information for mining purposes. In many cases, it turns out that the use of a
combination of linkage and content information provides much more effective results than a

system which is based purely on either of the two. (Aggarwal & Wang, 2011)

Definition 5: Natural Language Processing (NLP)

The huge volume of natural language text in the connected world, though having a large content
of knowledge, but it is becoming increasingly difficult to spread by a human to discover the
knowiedge in it specito=~ === any given time hmits. The automated NLP is aimed to do
this job effectiveiy anc ~ = soizzmey. hike a human does it. The challenges of NLP, progress so

far made in this fiew. - ° sppitcations, components of NLP, and grammar of English
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language—the way machine requires it. In expansion, covers the regions like probabilistic

parsing, ambiguities and their resolution. information extraction, discourse analysis, NL
question-answering, commonsense ineriacss. commonsense thinking and reasoning, and

different mstruments for NLP (Chowdhary, 2020)

2.2.1 Sentiment Analysis in the Context of Depression Screening

Sentiment analysis (SA) can be defined as an opinion mining process through applying natural
Janguage processing techniques over text to get the sentiment orientation of the text using rule-

based and machine learning models.

Supervised and unsupervised techniques are the two main methods used in sentiment analysis
research nowadays. Machine learning (ML) is often used in the supervised approach, while
lexicon-based approaches are used in the unsupervised approach. The supervised technique trains
a classifier or a series of classifiers using corpus data with labels (positive/negative or
positive/neutral/negative). Machine learning methods such as the support vector machine (SVM),
Naive Bayes (NB), Artificial Neural Networks (ANNs), and K-Nearest /neighbors (KNNs} are
employed as classifiers in this context. The unsupervised or lexicon-based approach, on the other
hand, defines the orientation (polarity) of each word mentioned in text as a numerical number.
Some dictionaries use positive and negative numbers to distinguish between positive and
negative sentimental terms, with zero indicating neutral words. The unsupervised approach,

unlike the supervised approach, does not »eouire lahels (Al Shamst & Abdallah, 2021).
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2.2.2 Depression Screening using Machine Learning

In a recent study by Al Asad et. al. (Al Asad, Pranto, Afreen. & Isiam, 2019), the authors have
apploed support vector machines and Naive Bayes classifiers on Twitter dataset which
comprised 8000 tweets as labelled data for a duration of 1 year for each user. The acquired
dataset has been collected by Beautiful Soup tool. After converting the dataset from JSON
format to CSV they applied the pre-processing stage which is cleaning the data from the stop
words and removing the unuseful symbols like (*&%$#). After completing the preprocessing
stage, they trained the classifiers and got a 74% accuracy rate using the SVM against the Naive

Bayes classifier.

In another study by (Arora & Aeri, 2019), the researchers have used a collection of sentences
obtained from Twitter with 1,850,000 tweets. The authors used multinomial Naive Bayes and
support vector regression to analyze health-related tweets for depression and anxiety detection
from mixed tweets utilizing time series analysis. After getting the dataset they applied the pre-
processing stage and the feature extraction to prepare the dataset as an input to the classifiers.
The accuracy of the system was 78% when using Naive Bayes, 79.7% for the SVM, and 77.17%

accuracy when employing the KNN.

In the same line of research, Serra ct. al. (Shrestha, Serra, & Spezzano, 2020} attempted to
address the problem of detecting depressed users in online forums. The authors tracked user
behaviors on the ReachOut.com online forum, which provides a safe space for young people to
talk about their problems, including depression. The imguswi <« 2f user posts is analyzed in
conjunction with network-based variables that modet %= == —m2ract in the forum. Findings

showed that network features (especially reciprocin zme .z —ieszering coefficient) are strong
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predictors of depressed users, and that by combining them with post-linguistic features, an

average precision of 0.78 has been achieved. This was different however from the utilization of
other classifiers, such as the Random Forest and Random classifier with iinguisac ieatures where

0.47 for a random classifier and 0.71 for linguistic features alone were achieved, respectively.

It is worth mentioning that the utilization of NLP techniques for addressing healthcare related
problems has been proposed in earlier research works as well. For instance, Avasthi et. al. and
colleagues (Chakraborty, Avasthi, Kumar, & Grover, 2009) have investigated how Natural
Language Processing (NLP) can be used to personalize mental health interventions. The primary
goal of this study was to offer an adaptive NLP-based strategy for analyzing patient-authored
text data and extracting depression symptoms using a clinically validated assessment
questionnaire, the PHQ-9. To do this, the authors compared three state-of-the-art NLP algorithms
with a novel word-embedding (Depression2Vec) method for extracting depression symptoms
from patient-authored text. As reported by the authors, results showed that the proposed
Depression2Vec embedding model performed similarly to WordNet. We would like however to
point to the fact that despite the promising results achieved by the authors, WordNet and other
similar lexical-based methods still suffer from missing background knowledge as reported by

Maree et. al. (Maree et. al. 2018, Maree, Kmail, & Belkhatir, 2019).

With the recent advances in the development of newer word embedding techmques, (Nguyen,
Nguyen, Luong, & Ngo, 2020) present two BERT fine-tuning strategies for the assumption
investigation issue for Vietnamese comments, which js a strategy proposea oy the BERT
creators. In the context of the proposed work, the extracted featirs = - === cmbedded
yielding expanded vectors that were used as input for the utiiizec - wogwe models. As

explained by the authors, tokens were used as input for an attachesd feci— = wural network,
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combined with BERT, LSTM and TextCNN models. However, despite the high accuracy rates

achieved, this combination - as reported by the authors - also made the training time sigmficanth
longer, recommending to avoid coupling LSTM or TextCNN with BERT. In a similar mecem
context, Tay et al., 2019, proposed the utilization of machine learning models for addressing
mental issues and illness in an automatic manner and unlike previous manual-based models.
Accordingly, the authors used machine learning models to diagnose depression through the
analysis of social media posts datasets. To carry out the implementation of the proposed system
prototype the authors used the Decision trees which showed improvement on the accuracy of the
classification and reduced the error rate. Another machine learning model was employed by
Orabi et. al. in (Orabi, Buddhitha, Orabi, & Inkpen, 2018). The authors presented a novel
approach to optimize word embeddings for the classification tasks. A CNN classifier was utilized
and applied on two publicly available datasets. The results produced by the used CNN model
were then compared with the results of the RNN based models. As reported by the authors, For
the RNN model, an accuracy rate of 82.7% was achieved, while it was 86.6% using the proposed

CNN classifier.

Starting from the year 2015, research titles such as Detecting suicidality on Twitter have become
more trendy, where the analysis of twitter datasets to identify users with depression symptoms
that may lead to suicidality has become a main concern. As reported by O'dea et al. (O'dea et al.,
2015), the research went through 14,701 suicide-related tweets. The sample processing was
discovered at random among n=2000 tweets, accounting for nearly 14% of all tweets. Then the
researchers labeled the dataset into 2 categories. Sixty-six percent of the tweets were 2w’ =

"potentially concemning,” while the rest were classified as "safe to be concerned”. The =mwme - o

22




classifiers identified 80% of the “Strongly concern” using SVM and LR with filters and without

filters.

As we can notice in the literature, most of the focus has been on analyzing English-based social
media posts. This indeed has been the case for several years ago until we started to find some
new research works that pay attention to the importance of analyzing Arabic-based social media
posts as well. However, Building a corpus for the Arabic region is a key in MENA countries
especially that this region has multi dialects whi;:h may affect the performance of the models
(Zaghouani, 2018). For instance, in 2019, a recent research was published by Arabic researchers
to detect depression from social media. To train their machine learning algorithms, the
researchers used data from Arab Gulf countries. The dataset was binary labeled data with labels
(depressed , non-depressed ). They have used machine learning algorithms like (Random Forest,
Naive Bayes, AdaBoostM]1, and Liblinear) to detect the depressed tweets. Using the listed
algorithms the researchers found the optimal accuracy is coming as an output of applying a

bilinear classifier which was 0.87 accurate (Almouzini & Alageel, 2019).

Table 1 summarizes the most relevant research works that we have reviewed prior and during
the development of our proposed thesis project. As described in Table 1, the best accuracy over
the models is obtained based on the exploitation of BERT which will be used in our proposed

system, specifically while processing and embedding the English dataset.
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- Table I Classification of the Studied MDD approaches.

Ref | Data | Platf | Features | Approach Performance Main
Size | orm Accu | Preces | Rec | F1 | Characte
racy sion all ristics
O'dea | 14,70 | Twitt | TF-IDF M The
etal., |1 er A | SVM twitter
2015 A |And [0.67 |0.88 0.6 | 0. | data
p LR 4 74 | unable to
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the
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Almou | 6122 | Twitt | Bag of LibLinear 0.87 0.86 0.8 0. | The
zini & er ngrams 7 87 | researcher
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2.3 Summary

In this chapter, we reviewed a number of research works that are related to depression detection
using machine learning models. In order to identify the main features that characterize each of
the reviewed systems, we have considered a wide range of research works that targeted both
English and Arabic social media datasets. During the literature review task, our main focus was
on understanding the main techniques and approaches that have been implemented to address the
issue of automatic screening of clinical depression. Based on the exploration and findings of this
phase, we were able to highlight the main strengths, as well as weakness of existing approaches
on the one hand, and inspire the backbone and core NLP pipeline phases that can be integrated
and combined with word embedding techniques for the analysis and screening of clinical

depression.
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Chapter Three

Proposed Methodology and Theoretical Framework
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NLP Pipeline Construction Methodology

Before we proceed with introducing the proposed NLF pipeline’s construction methodology, we
would like to emphasize the importance of utilizing a publicly-available and well-recognized
dataset in the field of clinical depression screen. This was among the first and most important
tasks in our research project. In this context, and after reviewing the literature, we were able to
gather datasets that target both Arabic and English languages, with some bias in the Arabic
dataset which causes some results to skew as we will describe in the Experiments chapter.
Concerning the English version of the dataset, social media posts about real-world subjects were
provided globally under the title eRisk dataset. The dataset addresses three main societal
problems which are; signs of pathological gambling, depression detection and signs of eating
disorders. In our project, we went through the depression detection task which has been named in
eRisk T2-2020. In this task the dataset contains the social media content of sample subjects who
already filled the manual depression questionnaire. The dataset is labeled with four categories
based on the severity of the depression starting with minimal depression, moderate, mild, and
severe.

The dataset gathers the textual posts of the users who were published on Reddit social media
platform6. The total number of users were 70 users, and the number of posts were 35000 posts
which can be considered as a ood dataset to mitiate and further train the proposed screening

system.

é https://reddit.com/
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3.1 Dataset Introduction

eRisk is owned by CLEF whose main goal is to look at issues like assessment approaches,
execution measures, and other issues that come up when building testbeds for early chance
detection and prediction. The prescient apparatuses created beneath eRisk’s shared tasks may be
possibly valuable in several ranges, especially those related to health and safety. For illustration,
caution alarms can be sent when an individual starts broadcasting self-destructive contemplations
on social media. eRisk tries to instigate interdisciplinary investigation (e.g., related to data
recovery, machine learning, psychology, and computational etymology), and the progresses
created under this challenge would be possibly appropriate to bolster several socially important
issues. In other words, given a stream of information (e.g., real-time Social Media entries),

cautions should be lifted if sufficient proof of a particular risk has been established.

In our proposed solution, and to experimentally validate our proposal, we used task 2 of the
eRisk datasets, which is related to diagnosing depression from social media profiles and
manually filling out depression questionnaires. This activity comprises measuring the intensity of
a few sadness-related negative consequences in a natural way. A survey with 21 questions about
various emotions and well-being (e.g., sorrow, pessimism, and weariness) is offered for this
purpose. Each address contains four to seven possible responses, each of which corresponds to a
different level of seriousness (or relevance) of the side effect or behavior. A sample of subjects
with their answers to the survey and their works at Reddit was given. To benchmark the
distinctive approaches, a modern set of subjects and their writine< "= ==~ which each group

has got to anticipate their answers.
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3.2 Data Pre-processing

As we mentioned in the previous section, we have two datasets, where one of them has the user
posts over reddit, and the dataset has a subject ID. Also, we do have another dataset that has the
results of the Depression questionnaire of the users which has an attribute named subjectlD. We
merge these 2 datasets using the subjectlD to have them in one dataset where the label of the

dataset is the result of the manual Depression Questionnaire.

After counting the number of the posts per Depression severity, we found that the number of
posts that has Mild Label is 11858 posts, and the number of the posts that has moderate label are
10476 posts, the severe posts were 7610, and the number of the minimal posts were 5618 posts

as depicted in Figure 3.

Count of poststs per Depression Severity
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As a conventional task in NLP, the dataset must be cleaned and pre-processed to prepare 1t to be

the training dataset to our machine learning model, especially that the machine learning model
has different classifiers that all aim to give the best accuracy rates. We removed features that do
not affect the system's correctness, such as the answer marks for each questionnaire gquestion,
because the most essential variable in this is the questionnaire's final evaluation. Also, we have
deleted the title of the posts of the social media content and the info since all the posts were

collected from a single source, that is Reddit.

For the textual content of posts, which is the most important variable in our analysis, we have
done some cleaning and preprocessing tasks. For instance, before we count the number of words
(term. frequency) in each text, we removed the stop words which are consuming a lot from the
text and it’s not affecting the content of the posts. Then, we have removed the numbers and the
null values from the text since the machine learning model input must have useful data to have

the best accuracy.

3.3 : Data Acquisition and Cleansing

Analysis of social media posts generated by real-world subjects in the context of screening
depression can be seen as a data mining task that aims to calculate the sentimert orientation of a
person's personality through the help of natural language processing. For analyzing the content,
computational linguistics is utilized to infer and analyze mental information of Web, socia!
media, and related references. Sentiment analysis in this regard has been utilized in numeroas-
domains, such as healthcare and medical practices. In reality, there is a gigantic volums .-

healthcare data online, such as individual blogs, social media, and on the websites approxirmazeis
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restorative icsues rating that are not obtained methodically. Opinion analysis provides numerous

benefits suca as utilizing therapeutic data to realize the leading result to extend healthcare
quality(Abualigah, Alfar, Shehab, & Hussein, 2020). For the evaluation process, we have used a
well-known dataset (CLEF eRisk) that is used in several mental problems. This is for English
speaking subjects. For the Arabic dataset, we have used public dataset which has been
downloaded from Kaggle’. The English dataset has 35423 posts which have been collected from
Reddit and for the Arabic 20,000 posts that have been collected from Twitter for Arab users.
50% of the posts that have been collected from the Arabic dataset are labeled as negative posts
and the others are positive. The first task after the data acquisition is to clean the raw data as it
normally contains some special characters, including hashtags, consecutive white spaces, URLs,
and unnecessary symbols. In addition, there is a set of emoticons that we cleaned using a
predefined set of icon representations. After this step, we proceed to the second phase of data

processing, that is tokenization and feature extraction.

3.4 Tokenization and Feature Extraction

After the stage of Data Acquisition and Cleansing, it’s the time to start with the first stage of
NLP Pipeline, which is the tokenization which can be affecting the final accuracy of the models
that have been built based on the machine learning algorithms (Deshpande & Rao, 2017). At this
point, the text will be converted into tokens, which are specific words. We discovered that the
bigram gives the best accuracy on the outcome after using the ngram tokenizer. Especially when
our English dataset offers muiltilabel depression severity classification. We tested numerous

tokenization approaches on the Arabic dataset and discovered that the tweet tokenizer (Ciccone

7
www . kaggle.com
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et al., 2018), which was crcated for Twitter datasets, provided the best accuracy. In terms of

computational cost, using n—.grams with n greater than 3 was very time consuming. In an eartier
study in 2004, Pang et. al. bave shown that unigram features are more significant than bigrams
when performing emotional classification for movie reviews (Pang & Lee, 2004). On the other
hand, other studies showed that coupling bigrams and trigrams based on extrinsic semantic
resources provided better results than unigrams alone (Maree, 2021). Considering these
conclusions, it was crucial to experimentally evaluate the utilization of n-gram tokenization as

part of the large-scale SA process.
3.4.1 Stopwords Removal

Normally, text in social media has words that do not have useful information especially for
fraining the machine learning models. One of the main important phases of the preprocessing is
the stop words removal which aim to reduce the number of words that do not affect the meaning
of the text and consume the time and the effort of the program in analyzing data that will not
impact the output of the model (Kaur & Buttar, 2018).

The stopwords can be divided into two main categories: 1) the general stop words like (in, an,
the, for, on, of, to,...etc) these stopwords are not related to any domain of work, and can be
considered as general stop words that should be deleted from the raw text to prepare the text to
be an input to the machine learming model. 2) domain-specific stopwords are those words that
show up to be of small importance in determining the meaning of a given sentence in a specific
domain. Usually, researchers use the TF-IDF to find all the domain stopwords.

For the Arabic dataset. one of the most important steps is to apply the stopwords filter over the

raw lext since Arabic language has a significant number of stopwords that will not affect the
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system, but they can be costly for the mach ne (Alajmi, Saad, & Darwish, 2012). In the figure

below, we list some of the Arabic stop words that we deleted from the Arabic dataset. In the

project, we used the NLTK library in Python to delete all stop words.

In {2871 stopwords=nltk. corpus, stopuords.vords{"arsbic™)
print{stopwords)
stopuords. extend{[ #, "5, "5 1)
def remove_stopmords{txt_tokenized):
tweet_clean=[word for vord in txt_tokenized if word not in stomicrds]
return fweet_clean
d¥2{"no_stopwords” =02 "Lang_stesser”}.apply(lanbda x: remove_stopsords{x})

Figure 4. Deleted Arabic Stop Words using the NLTK Library

3.4.1 Word Stemming and Lemmatization Processes

In this phase, we use the raw text as input to stem and lemmatize the words. As reported by Hull
(Hull, 1996), stemming is mainly concerned with the removal of derivational affixes in the hope
of achieving a common base form for a given word (Porter, 2001). The objective of this process
is to decrease inflectional shapes and obtuin a common base form that expresses words in
opinion sentences. After applying this stage, the text dimensionality will be reduced for the ML
classifiers. This reduction in word dimensions makes a difference also to accurately decide the
weights of the words and their significance within the content. In our project, we have used

several techniques from the NLTK to test the best stemmer to be used i our systems .
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Compared to stemming, lemmatization is another common morphological examination handle

that has been broadly utilized for opinion examination purposes. It is basically utilized to remove
inflectional endings to return the base or lexicon form of a word, which is known as the lemma.
One of the most important points of interest of lemmatization is that a returned lemma can be
normalized to get equivalent words, as well as other semantically-related terms from outward

semantic assets such as WordNet and Yago (Plisson, Lavrac, & Mladenic, 2004).

3. 5 Feature Extraction

For text mining and natural language processing, we have used ngrams. Ngrams consist of sets
of co-occurring words within a specific threshold. Most of the work that has been done over the
T2 task and the depression detection and the disorder of eating have used the ngrams. In the
implementation phase, a tf-idf vectorization was done from the unigrams, bigrams, and trigrams.
The scikit-learn Python library3's TfldfVectorizer was used in this stage, with a stop-words list
and the expulsion of n-grams that appeared in less than 20 records. The substance of a record
was characterized by the concatenation of all the compositions of a client from all the chunks,
within the preparing phase. Trigrams did not improve the outcomes and thus they were not
utilized in the employed models.

In particular, we utilized the well-known TF-IDF weighting procedure with the combination of
n-gram tokens and semantic highlights extricated from Wor:Net. As such, a sentiment sentence
is assigned a weight based on Eq. 1. The unit we use to represent each sentence is D. We decided
to use the variable D to denote sentences in the dataset to maintain consistency with the general
terms used to define the TF-IDF equation.

TF —IDF(t) = (1 4 log.g TF () * log o (N/DF(t))
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Where,

+ N: is the number of sentiment sentences in the corpus.
¢ DF: represents the number of sentences that contain the term t.
e TF: is the number of occurrences of term t in sentence D.

It is important to point out here that the TF-IDF feature weighting technique is applied on

composite features extracted from pre-processed text of sentiment sentences.

To understand the dataset more, we have built the statistical description of the dataset, to sec the
number of texts per user and to show the statistical features like mean, median, mode, and
standard deviation. For the employed models, these features appeared to supply significant

outcomes at the training phase.

Figuie 5: Statistical Overview of the Texts

In the context of the proposed sclution, there was a need to detect the language of the text prior
to starting the pre-processing and analysis phases. In other words, it’s important to make sure
that the text for all the users were written in the same language to apply the same methods over
2. 7= X1 and make sure that all the models input are the same for each user, the figure below is
=wor the language spread over the text. We noticed that most of the text was written in

s i Language.
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Figure 6: Language distribution over fext

It's also important to know if the users have the same number of posts compared with other
users. We have noticed that even the number of posts per user was different from user to another
which is logical to occur in the dataset since the dataset is collecting the posts in specific

timeline, the figure below is giving the username and the number of posts.

Figure 7:username posts number

t wn wsetrs are 70 and the number of posts is close in some cases , we decided to

show Tx o= —sanmes With the number of the posts. the figure below is showing the top 20
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Figure 8:Top 20 usernames vs posis

For the text mining purposes, we have built the word cloud which will show an indication about
the most frequent words that have been used in the text of the usernames, the figure below is

showing the word cloud.

Text
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think -z
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Figure 9:Text Wordcloud

We have performed wordcloud analysis for each severity of the depression, where we start with the
severe depression that we labeled based on the analysis that is acquired from manually-filled depression

screening questionnaire.
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. thought

Figure 10: Severe Depression text Wordcloud

For the moderate severity, the wordcoud is shown in Figure 11 below :

Fign . o

For the Mild depression , Figure 12 shows the « -« s uracted from mild-severity subject posts.
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Figure 12: Mild Depression Wordcloud

For the minimal severity, Figure 13 depicts the wordcloud of minimal severity posts analysis.
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3.4 : Machine Learning Models

In the machine learning phases, we prepared the data by splitting the dataser intc training and
testing which were 0.8 for the training and 0.2 for the testing. The models that have been used
were six classifiers which are: Logistic regression, Naive Bayes, Random Forest, support vector
machine, XGB classifier, and BERT.

Logistic regression is a statistical method used to predict the outcome for given independent
variables. It predicts the probability of occurrences of events by fitting the data inputs to a Logit
function where the natural log of the odds that Y equals one of the categories. The Logistic
regression algorithm does not require linear relations between inputs and output variables. This

will be based on applying a nonlinear log transformation to the odd ratio.

P . 1
Logistic regression = o (1)

Input features

I
2 FO yEQOD )

5
Sy
i

logistic(h + Wy - xq + Wy * Xy )

1
T4+exp[—(h+ 0 x;+ Wy xy)]

Figure 14 Logistic regression

Naive Bayeson on the other hand is a probabilistic classifier that 1= ™z~ —w==: = e Baves

theorem with naive independence assumption between the independern: + g = classttier
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requires several parameters linear in the number of the variables. It gives the issue instance a

class label. The class label is chosen from a finite set, and the problem instance is represented as
a vector of feature values. There 1s no one algorithm for training such a classifier; rather, it is a
collection of algorithms based on the same premise. Class variables are present in all naive
Bayes classifiers. ‘The equation below shows the naive bayes algorithms from the mathematical

point of view.

__ plelass)=p(class)
P(features) = o (eatures) (2)

Where p{(class)it is the conditional probability of a class in corpus, p(class) is the conditional

probability of a feature related to a class and p(features) is the Likelihood of a feature.

In our system, we employed the multinomial naive bayes that implements the naive Bayes
algorithm for multinomially. It is one of the two classic Naive Bayes variants used in text
classification and works with scattered data. The mathematically representation of the algorithm

is shown in the equation below.

9 . Ny["f‘a
i = —
Y Ny+am

Where 6, is parametrized vector for each class of y. where n is the number of features. And N,

and N,, are represent below.
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Which means the number of times feature I appears in a sample of class y in the traiming set T.

The smoothing priors a0 accounts for features do not present in the learning samples and
prevents zero probabilities in further computations. Setting a=1 is called Laplace smoothing,

while o<1 is called Lidstone smoothing.

The third classifier we employ is the Random Forest, which is a categorization method that
works by training a large number of decision trees. For activities requiring classification, it

outputs the class that is the mode of the classes of the individual trees.

Random Forest Classifier

X dataset
N, featuras N, faatures N, features N, features
-8 - -y - N
o} & o} L= a8 e} of k!
o 6b S0 de & 00 O©b &0
TREE #1 TREE #2 TREE #3 TREE #4
CLARS T CLASAD CLASE B Cass e

l 1 : |

FALIORTTY YOTING

Fibial CLasS

Figure 15:Random Forest Classifier

In a tall or infinite-dimensional space, a support vector machine creates a hyperplane or series of

hyperplanes that can be used for classification., relapse, or other assignments like sentiment

46




detection. A great par'ition is accomplished by the hyperplane that has the biggest remove to the
closest training-data point of any course (so-called utilitarian edge), since in common the bigger
the edge, the lower the generalization blunder of the classifier (Agarwal, Xie, Vovsha, Rambow,

& Passonneau, 2011; Alam & Yao, 2019; Hemalatha, Varma, & Govardhan, 2013),

Lok

NN
i
\//m SN

- , . o . . , . . &
Figure 16: Maximum-tmargin hyperplane and marging for an STM trained with samples firom Aro classes

This method separates these two sets of nonlinear data by finding the best surface separating
them. With the aim of maximizing the margin between the two classes, as maximizing the
margin reduces indecisive decisions. The hyperplane which separates the two classes (positive
and negative classes) calculated as follow:

@ -P+b=%; ya(X-y)+b=0 2)
Where X is n-dimensional input vector and ¥ is output value (positive, negative).
(X, ¥, ) together form a training dataset and q; is a learning multiplayer
X = (i1, Xz, Xi3 e s Xin) (3)
¥ =YY Vi) 4)
Using eq.1 to construct hyperplane, its represented by vector w.
W= (Wy, Wo, Wy oo, Wp)  (5)

Prediction classes determined at testing phase by following equations:

Positiveif W X+ bh=0 (3)
Negativeif w-X+b <0 (6)

8 htips://en.wikipedia.org/wiki/Support-vector_machine
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We also employ XGB boost, which is an optimized conveyed gradient boosting library planned

to be profoundly productive, adaptable, and versatile. It actualizes machine leaming calculations
beneath the Angle Boosting system. X(GBoost gives a parallel tree boosting (also known as

GBDT, GBM) that illuminates numerous information science issues in a quick and precise way.

Additionally, BERT was utilized for the purpose of bidirectional preparation of language
Transformers, which are different from past endeavors which looked at a content arrangement
either from cleared out to right or combined left-to-right and right-to-left preparing. Figure 17
below shows the BERT model.

Emba»dding[
tovocah +
softmax {

Transformer encoder

Embedding I f 1 T I

Cw ) v ) Cwe ) (owesa |[ws

T T I T I

Wi Wz W3 Wy Wy

Figure I7:BERT Model
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Figure 18:5ource: BERT (Devlin, Chang, Lee, & Toutanova, 2018} with modifications

4, Experimental Setup

The main theme of our proposed solution is to assist psychologists in their manual time-
consuming tasks for screening depression and identifying subjects that have symptoms of clinical
depression with different severity levels. Currently, when the patient visits the clinic, he/she fills
a manually-designed depression detection questionnaire. And normally it has human error either
by doing it without attention or the patient would like to hide something since the illness that is
related to mental iliness has huge stigima especially in our society. According to this, there is a
huge need to build an automatic system that helps the specialists to detect if the patient has
depression or not, and if there is depression what is its severity level.

Our system is built based on a Machine learning algorithm that learns from the social media
posts of the users and predicts the result of the depression questionnaire. Normally, existing
systems provide a probability of a user's depression, kowever our system will provide the actual
severity category of a user's depression level based on material submitted by users utilizing
natural language processing algorithms.

To achieve this objective and develop the proposed system’s prototype, we used Google’s colab

with Python programming language to build up the model as an environment. We also used the
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sklearn library to help in the construction of the natural language processing pipeline. For the

i
serformance check of the models, we have used the confusion matrix that shows the precision

recall, accuracy and F1 scores.

true ciass
EFR LFR total
- S PR = LB
ol & True PosHtives False Positives | predicted TP+FP
_g w {TP} (EP) EFR RE _ TP”
9 - TP+FN
8 g Fﬁige;:__l_'ﬁaga_ﬂygs_ True Nagatives | predicted TP+TN+FP+FN
EEEEE o R (TN) LFR Py o 2P
RN | 1 ITP+FP4+FN
true frue

oy P ok

Figure 19:confusion matrix

Using the training data that have been provided by eRisk CLEF 2020, each occurrence of this
dataset was characterized by the highlights specified in section 4.1 and linked to one user. For
each user, the highlights were extracted from the sequentially concatenated works of all their
chunks. For each model, we give the same data splitting between training and test to check the
performance and we apply the classifiers that we have mentioned in the machine learning section

of this thesis and get the values of the performance to compate the result to give the best result to

system users.
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4.1 Machine Learning Parameters Optimization

During the coding process of the project, we used different algorithms of Machine learning to
predict the label of the social media posts. As we previously mentioned, we have used logistic
regression, Naive Bayes, SVM, RF, BERT, and XGBoost for the English language dataset. On
the other hand, for the Arabic language dataset, we used part of these algorithms like the logistic
regression, naive Bayes, RF, and the SVM. To improve the testing accuracy of the system we
used different optimizer techniques to see the effects of changing the parameters over the final
accuracy of the algorithm, next section will summarize the results of the optimization
parameters. Usually, the default parameters of the solver work well over most of the scenarios.
But still there is a need to work over the solver of the optimizer in some cases like the huge
dataset and the dataset that is built to perform prediction over huge datasets of text, The default
solver of the classifiers is the ibfgs which is called Limited-memory BFGS. This solver just
computes a (Gaussian approximation based on the gradient, which makes it more computationally
expensive. Furthermore, as compared to conventional bfgs, its memory usage is limited, causing
it to reject older gradients and accumulate only new gradients as allowed by the memory
constraint. newton-cg: Solver for explicitly computing Hessian, wliich can be computationally
expensive in high dimensions. Stochastic Average Gradient Descent is abbreviated as sag. With
enormous datasets, a more efficient solver is needed. Saga is a Sag variant that can be combined
with 11 Regularization. It's a fast solver that's frequently used when dealing with very large

datasets {.iaakkola & Jordan, 1997).
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4.2 Discussion and Analysis of Findings

We used six classifiers over the 7raining dataset. The training set has different variables that have
an effect on the performance of the machine learning models. First, we started with the logistic
regression algorithms which shows accuracy of 0.58 with the default values of the function but

once we change the parameters the accuracy is fluctuating based on the table below:

Table 2:Logistic regression Accuracy

Number of tests Ngram LF solver Accuracy
1. 1,2) Saga 558
2 1,3) Saga 0.542
3 (1,4) saga .531
4. L4 Ibfgs 0.532
5 1,2) Ibfgs 0.546
6 1,2) newton-cg 558
7 1,2) sag 558

For the Naive bayes, we have tried the function over the default parameters values and after

applying some parameters to check the performance change, Table 2 presents the results of the

performance.
Table 3:Naive Baves with n-gram change
Number of tests Ngram Naive ~Accuracy
1. default (35603
2. L2) 0.479
3. 1.3) 0.478
K1.4) 0.474
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For the XGB boost, we have tried the default values and also the performance reflect after

changing the ngrams values and the effect of changing the default parameters of tf-idf, the result

15 listed in the Table 4 below:

Wit < 50D Tt Auonracy
Number of tests Ngram boost solver Accuracy
1. Default Default 0.471
2 1.2) Saga 0.474
3 1,3) saga 0.471
4, 1,2) Ibfes 0.474
5 1,3) Ibfgs 0.471
6 1,2) newton-cg 474
7 1,.2) sag 474

While testing the model using a random forest classifier the default parameters of the model
function have produced close results compared with the result that we achieved after giving
specific n-grams parameters to function, Table 5 shows the accuracy performance over the

random forest classifier.

Table 5: Random Forest clussifier

Number of tests Ngram RF -Accuracy
i, default .49
2. 1,2) 0.489
3. 1.3) 0.489

As per the work done before, and the results shown, we have noticed that models are showing
low accuracy and we started studying how can we improve the model’s accuracy, so we designed
a preprocessing function that has the cleaning text, removing stop words, calculate the tf-idf

based on unigrams. The results of e = == Sown in the tables below,

The pre-processing steps that wars msss s w=
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Text cleaning: which is the stage where we remove the special characters, numbers, and

punctuations.
Pre-processing the corpus: which applies the same rule in the dataset and the features.

Encoding the labels: in our case we do have four main classes for the depression severity which

are the mild, minimal, severe and moderate.

Compute the tf-idf: which will be removing the English stop words and use the unigram before

calculating the tf-idf.

For the Naive base model, the best accuracy was 0.503 while after applying the text cleaning and

preprocessing stages we got the confusion matrix below.

Table 6:Confusion matrix of Naive model

After applying the pre-processing phase, we got an mprow.===x > 2r the Naive Bayes model. It
was (.503 And it becomes 0.544 with improverme= % e of each depression severity

label, Table 7 shows the confusion matrix o %  “wees = e details of each depression
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severity, And Table 8 presents the predicted values of each depression severity using the Naive

Bayes model.

Fue label

Tabie 7:Predicied outcames of deprassion severify - Naive bayes

miid depression

severe depression |-

minimal depression

moderate depression
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Next, for the Logistic regression, after applying the pre-processing and cleaning stages over the

row dataset we have noticed improvement over the accuracy of the model and improvement over

the F1 score of each of the depression severity categories. Table 8 gives the confusion matrix of

the model.
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Table 8: Logistic Regression Confusion Matrix

The accuracy of the Logistic Regression model was 0.558 while after applying the pre-
processing phases the accuracy improved to become 0.57 and the F1 score improved over the
depression severity. The predicted outcomes shown in Table 9 per reflect the various severity

levels predicted by the utilized model.
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Table 9: Predicted outcomes of LR
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We applied the support vector machine over the cleaned and preprocessed dataset, and the
accuracy has shown better results compared with the other classifiers that have been built before.

Table 10 shows the confusion matrix of the SVM,




Table 1:confision mamix of SVM

The accuracy of the SVM is 0.61. While the prediction outcomes over the depression severity

category shown in the Table below:

Table 11:5VM Predict ouiconies

mitd depression ST 134

severa depression 41 253 < 0B17
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Pradicred label

Random Forest classifier on the other hand is not showing improvement over the accuracy even
after applving the pre-processing and cleaning phases. The model was showing 0.49 and now

after applying it showing 0.50, the Table 11 below which depicts the confusion matrix.
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Vable 12:confusion mairix of Random Forest

And the predicted outcomes based on the model are illustrated in Table 13.

Tuble 13:Rundom Forest predicred oufcomes
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As we mentioned before. the boosting algorithm has been used and it was showing accuracy of

0.474 and after applyving the cleaning phase it has been shown 0.49 as per the confusion matrix

bhelow.
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Table 14:Confusion marix of Gradient boosting

The predicted outcomes of the gradient boosting shown in the Table 15 below.

Table 15:Gradient boosiing predicted outcomes

mitd depression pEi 17¢ 128
. severe depression 360 g7 3%
g B
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For the BERT Analysis, we have used the pre-trained model by BERT to train the data with 5

epochs and the accuracy of model starts from 57% and ends with 87% on the last training stage.
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This Model is taking time to train the model over the dataset erpecially that the dataset that we

have is huge and the training must go through 80% of the dataset. Also, the training is

consuming processing power according to the huge computation that happen over the data

content to fetch the useful information and explore the result.

BERT I:Tokenizer

entiment_model.compile{opt ics={acc]
ist = sentiment model.Fit({
train_dataset,

validation_gatz=val_gataset;
. ‘epochs=5 - ) :

BERT 2! BERT Accuracy

For the Arabic dataset, we have built several technigues using various Machine learning models
to predict the depression status out of the social media posts. We started the work over the

Arabic dataset by implementing the tokenization over the text using several techniques.

1) Tokenization: in python we use the split function which is a built in function in python.
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df2[ 'split']=df1[ Text'].apply(lambda x: str.split(x))
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Figure 20: Pvthon split function

2) Wordnet Tokenizer:

df2[ "wordnet _tokenizer”]=df2.apply{lambda row:

dfz
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Also in the second phase we performed the stemming over the text to see the Arabic words that have been
used by the users. Figure 22 fllustrates the code and the output when using the Lancaster stemmer:

def lanciwords}:

lanca = LarcasterStemmoni

return [lanca.stem{word} for word in words.split(}]
df2] Lanc_stewsner’ )=df2] ‘Text' ].apply(lambda x: lanc{x}}
df2

Text Label split wordnet_tokenizer Lanc_sfemmer

358

| BESINI L SE T R T B i
389 g K
400 i POS fa] fug [

Figure 22Lancster lemmatizer

We have also used the ISRI stemmer to check what will be the best function to be used in our work as
depicted in the below figure.

def stemming{Hords)s
st = ISRIStemmer(}
return [st.stem(word) for word in words.split(}]

dF2{ Teri_stemeer’ 1sgF2] Text' ). apply{lasbda %1 stemming(x})

4f2
Text Label split wordhet_tokenizer Lanc_stemmer Isel_stemmer
1 NEG
2 HEG
3 NEG
4 NEG
[ NEG
396 EERE S R LT
307 e POS
388 t, POS
393 R
400
A ok omoia T

]'—.‘"‘Q“'I‘t’ 23ISR stemmner
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Then we have removed the stopwords of the Arabic language to make sure that all the words that will
enter as input to the model have a confribution to the meaning of the text. Figure 24 shows the output of
the stopwords removal function of using the NLTK library:

Text Label L momed Mk enizer Lanc_stemmer isri_stemmer no_stopwords

NEG

2 NEG

3 HEDG

4 NEG

] NEG

396 PGS

397 i POR
aey

208 LEE POS

400 - POS

Figure 24: Arabic nitk stopwords removal
Then we lemmatized the text using WordNet lemmatizer and the result are shown in the Figure 25 below:

Gf2[ 'wordnet, demsatizer’ Jedf2[ fextl.apply{lambda x: lemma(x))
cdf2

Text Label split wordnzt_tekenizer Lanc_stemmer {sri_stemmer no_stopwords wordnet_lemmatizer

fis 2

SXoiturdNer Lemmatizer

We have tried the qlasdi = serscted in Figure 26 below:
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def lamma{words):
im = galsadi.lemmatizer.lesmatizer()
return {1m, lemmatize(word) for word in words.split

P
VA

dfz{'qalsadiwlemmatizer’]:df2[‘?&xt‘].apply(lambda x: lemmzix,
df2

Text Label split wordnet_tokenizer wardnef_lemmatizer gatsadi_lemmatizer
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Figure 26: Qalsdi Lemmatizer

After preparing the text, we employed the Machine learning algorithms starting the Logistic regression
model as demonstrated in the Figure 27 below:

Cglogistic Regression

pipe = make_plpeline{Tfidfvectorizer(},

LogisticRegrassion(})
& make porow grid
param_grid = {logisticespression_ (1 [C.81, ©.1, 1, 1¢, 108]3
# vregte ond Fit Ehe model
model = GridSesrchOV{pipe, paramn_grid, cv=5)
"model.FIT(K_traln,Y_train}

A meke prediction and print accurcay

prediction = model, predict(X_test)

print{f iccurssy score 15 {accuracy_score{Y_test, prediction}:.2f}”}
Sprint(classificetion_report(Y_test, prediction}}

Agcuracy score 1s 0,81

precision recall fl-score  support
g 0.73 0,82 8.81 3g
2.83 .81 5.82 a2
agcuracy Q.58L 20
MICTD AYE .84 9.81 a.81 4
weighted avg a.81 5,81 .21 ae
Figuyre 270 Logisiic
When utilizing the Random Forest, an acowsms = T s~ eenoachieved when using the cleaned

text after applying all the filters and removing the =
code, as well as the results produced by the zemze -

zute 28 shows a snippet of the developed
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Re

dom Ferest Clussifier
pipe = makeﬁpipeliﬁe{T-Firiﬂ?ecterizer(),

RandenForestClassifiar()}

param_grid =~ ['randomforestclassifiar,

Crf_medel = GridSearch(V(pipe, param_grid, cvs=8)
(rf_model, Fit(X_train,¥Y train)

cprediction = ~f model.pradict{X test)
priat{f Accuracy score is {accuracy_scors(Y_test, prediction); 2€}")

Accuracy score is Q.78

Figure 28: Random Forest over Arabic Dataset

_n_estimators 110, 10€, 1B0O],
‘randomforestolassivier  mex_festures [ 'saqrt’, 'legi’]}

The Naive Bayes model on the other hand shows 80% accuracy over the dataset, as depicted in the below

figure.
#rive Boyes (lassifier

cpipe = make pipeline{TTidfVectorizer(},

; MultinomialNB())

cpipe.Fit{X_train,¥Y train}

Cprediction = pipe.predict(X_test)

print{f aciuracy score s {accuracy scora(y_test, pradiction}:.zf}”)
print{classification_report{¥Y_test, prediction}}

Accuracy score ls .84

precicion recall ftl-scars supbort

G 9.74 .89 2.91 28

1 ¢.88 £.71 0.79 42

aceuracy a.86 8¢
macro avg 9,81 @. 80 B gd B
weightaed avg .81 @, 80 .50 86

Figure 29: Najve Baves

Next, using the support vector machine model, an accuracy rate of §1% was obtained. Figure 30 shows

the performance matrix using this model.

CESupport Vector Raching

pipe = make pipeline{Tfidfvactorizer(),
SyCfyy

param_grid = {'svc
TENC_ g
‘sve_ L

, Tlipear', ‘puly'l,

sve_model = GridSearchlv{pipe, param_grid, cv=2}
svo_wedel Fit{X_trais, Y train}

prediction = sve_model, predict{¥ test)
print{f accuracy scors i3 faccurscy score(Y test, predicticn}:.2f}™)
Cprint{classification_report(¥_test, prediction})

Accuracy score is 0.81

precision recall fl-score  support

53 ¢.81 979 .80 EHS

T .81 @, 83 Q.82 42

ACCUracy G.8 a0
macio avg 0,81 @.81 Q.8 80
weighted avg .81 .81 c.81 80

Figure 300 ST of drabic .

66




4.3 Visualizing the Significant Terms

Tn this section we would like to highlight the main significant terms that express the knowledge
behind each of the depression severity. In this section, we presented the findings as tables to
highlight the most frequently used terms by depressed individuals and to exhibit them as a word
cloud.

As far as we know, the severity of depression in our dataset has been unequally distributed
among the severities because the true data was gathered from social media postings written over

the course of 2020. The percentage of each severity 1s shown in the pie chart below.

#ig chat of Sanranant {ass

mald depression
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sayers deple

Figure 31. Depression Severitv percentage

Also, we have built a variable called the word count that counts the word occurrences in the
dataset to know what are the most frequent words that have been used by the users when they
write their posts over the internet. From this variable, we found that the tor 20 warde that have

been used are listed on the table below.
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Figure 32:Top 20 terms that have been used by the wsers.

We also used the plotly library in python to show the words in a way that will be much easier for

checking.

Tree of Most Common Words

" tomment

ramsed

Figire 33:Plotly top 20 used terms

From the table and the plotly result that we have mentioned above, we noticed that term (don’t)

is listed. While it should be regarded as a stop word, however we should not remove 1t In s

context. In other words, we don’t remove it since the negation word can affect the semrmme-

polarity of the sentences and because of this its effecting the depression severity as well




Next, we depict the words and terms that have been used most frequently in each depression
severity. We will start with the Mild depression. For the mild depression, we noticed that the

users have used the term (Like) as the most frequent word which is 2343 times in the posts. The

figure below shows the words and the counts of the mild depression posts.

Commmon Words in Mild depression

cwords

Corimomn,

@ 500 1050 1500 2505
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Figure 34:20 Mild Depression niost fiequent words

For the moderate depression posts, we have noticed that the term (Like) which has been

mentionad 2084 times is the most used word in the moderate posts.

Com H‘EOI"IAWDE'éS
fke

peaple

im

ane

dont

get

would

tine

G E B ER

also
shing
really
think
make
nan

B
&
]
£

ko
yRar
good
fdch

way

CmBEE
E

69




Commmon Words in Moderate depression
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Figie 35: Moderate Depiression most frequent words
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For the minimal depression posts, the system is showing that most of the posts have the term

(comment) and the number of counts for this term in the posts is 3052 times.
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Commmon Words in Minimal depression
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Freure 36:Minimal Depression most frequent words
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The moderate depression has been also tested and we found that the most frequent term that has

been used by the users on their social media posts 1s Hitler which is 1205 times.
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Commmon Woerds in severe deprassion
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Figure 37:8evere depression most freqient words

From the analysis and the figures that have been shown before, we can notice that many terms
are mutual between the posts that have been written by e users that have the same depression
severity. So based on the posts that the user writes and the after studying the posts that have been
posted by the user, we can have an idea about the depression severity that the user may have. It is
important to mention here that we have collaborated with our colleagues in an ongoing research

project that aims at the construction of a knowledge base that encodes the terms in the clinical
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depression domain and constructs semantic networks that integrate multiple semantic resources

:
m this context. We have provided our colleagues with significant terms that subjects identified
with clinical depression use and express in their posts in an attempt to be incorporated as part of

the proposed clinical depression knowledge base.
5. Conclusions and Recommendations

The proposed machine learning models have examined and proved their ability to predict and
recognize depression severity (using social media posts that users write to express their feeling
and daily activities). We found that the incorporation of multiple techniques among the proposed
NLP pipeline had a significant impact on the quality of the employed machine learning models.
We experimentally investigated various scenarios using both English and Arabic datasets, and
we found that despite the challenges inherent in cach language, the analysis of social media posts
can indeed be an alarming source that indicates whether a subject is suffering from depression
and further recommend treatment procedures for identified subjects. This is particularly
important since due to the stigma behind the mental illness in the society. As such, it was
important to automate the process of screening depression since the current schools of screening

use manual procedures that are based on depression questionnaires.

As we mentioned, the past work over the depression datasets were focusing on screening the
depression with binary classifiers. In this context, the aim is to decide if the person has
Aenression or not. However, in our system the model shows the depression severity of the
w~nzt. Our proposed solution integrated BERT and produced promising accuracy results with
=<, accuracy rate, which can be regarded as a reliable (still to be further improved) resource for

AZTTOSSION SCreening.
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It is also important to highlight the fact that utilization of the various datasets and their é\luality

has had a huee fmpact on the quality of the produced results by each of the employed nlllodels.
This was omviousiy noticed when dealing with the Arabic dataset that was skewed towards the
depressed subjects. However, despite this fact, we argue that an improvement on the quality of
the input training datasets can be performed to ensure producing a higher accuracy rate on the

one hand, and more precise screening for subjects from both Arabic and English samples.

As a future extension to our currently proposed solution, we plan to acquire more datasets and
involve real-world subjects from the Palestinian community to measure the efect of utilizing the
proposed tool on our local community. We also plan to integrate more domain-specific clinical
depression knowledge bases that can lead to improving the quality of feature engineering and

consequently the machine learning process.
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